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Abstract

Although uniform diffusion language mod-
els (UDLMs) represent a promising diffusion
paradigm, scaling them remains challenging.
We identify the core obstacle as an over-
uniform training objective and condition-target
confusion during sampling. To address these,
we propose Less Uniform Diffusion (LUDI),
a novel UDLM framework. Specifically, we
(1) introduce a less uniform loss that directs
each reverse transition toward the clean token,
and (ii) equip the model with per-token time
embeddings that supply token-level corruption
hints, enabling confidence-based few-step sam-
pling. Experiments across scales show that
LUDI yields cleaner supervision and improves
few-step generation. We further continue-train
a 7B autoregressive model into LUDI-7B, re-
sulting in a UDLM capable of complex reason-
ing. It achieves 3 token-per-step speedup over
AR decoding and a competitive performance
compared with masked diffusion baselines, re-
vealing that the full potential of UDLMs for
complex generation remains to be unlocked.

1 Introduction

Diffusion large language models (dLLMs) have
emerged as competitive alternatives to autoregres-
sive (AR) models, driven by their potential for
parallel decoding and bidirectional context model-
ing (Sahoo et al., 2024; Ou et al., 2025). Among
them, masked diffusion language models (MDLMs,
Figure 1(a)), which use a mask token as the noise
prior, dominate current research, with models at
8B and even 100B scales delivering strong results
on tasks like mathematics and programming (Nie
et al., 2025b; Bie et al., 2025). Uniform dif-
fusion language models (UDLMs, Figure 1(b)),
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(2) MDLM

(b) UDLM

Figure 1: Schematic comparison between masked diffu-
sion (a) and uniform diffusion (b).

which instead adopt a uniform prior over the vo-
cabulary, represent another branch that has shown
greater potential for few-step generation and self-
correction (Sahoo et al., 2025; Schiff et al., 2025).
Yet their development lags significantly behind. To
date, the advantages of UDLMs have only been
demonstrated at small scales, and their viability
on complex reasoning tasks remains unestablished.
Prior efforts mainly focused on conceptually vali-
dating the promise of UDLMs. UDLMs can be dis-
tilled through connections to continuous Gaussian
diffusion (Sahoo et al., 2025), trained stably with a
simplified loss (Zhu et al., 2025¢), and exhibit more
favorable scaling behavior under data-constrained
conditions (von Riitte et al., 2025b). Nevertheless,
existing efforts remain confined to small datasets
or scaling-law investigations, leaving a pressing
question: can UDLMs scale to a larger regime and
handle complex reasoning tasks?

We find that UDLMs do not scale up as natu-
rally as MDLMs. The central difficulty arises from
an over-uniform training objective and condition-
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Figure 2: Tllustration of Less Uniform Diffusion (LUDI). (a) LU Loss. The ELBO loss (/eff) matches the reverse
transition to p(x¢—a¢ | X¢,Xo), leading to over-uniform by encouraging all token’s probabilities (3_,, ). Our
LU loss (right) removes the smoothing term and retains only the suppression of the erroneous token (m +) and
promotion of the target token (y T). (b) Per-token time embedding. The model receives token-level corruption
hints via per-token time embeddings. Combined with the LU loss, this allows scaling LUDI to 7B parameters from
AR initialization, enabling confidence-based decoding for complex reasoning tasks.

target confusion during sampling. During training,
the KL-based objective provides an excessively
label-smoothed learning signal: the model’s pre-
dictions become more uniform and less confident
in the clean token. During sampling, for complex
tasks, simpler tokens should be generated first to
serve as conditions, after which the remaining to-
kens are denoised. In UDLMs, however, all tokens
are denoised at a uniform rate. While this works
for simple tasks, it leads to condition-target con-
fusion on complex tasks, eventually causing the
model to collapse to repeated tokens. These two
issues jointly limit the performance of UDLMs on
complex tasks: over-uniformity reduces training
efficiency and weakens few-step generation capa-
bility, while uniformly updating all tokens across
many steps leads to condition-target confusion.

To address these issues and make UDLMs practi-
cally scalable, we propose Less Uniform Diffusion
(LUDI)'. LUDI introduces two key modifications.
First, by simplifying and approximating the orig-
inal UDLM training loss, we decompose it into
three terms and remove the term that encourages
uniform predictions, yielding a less uniform (LU)
loss (Figure 2(a)). We prove theoretically that LU
loss steers each reverse transition toward the clean
token, supporting few-step sampling. Second, to
mitigate the confusion between conditions and tar-
gets, we provide each token with an individual
time embedding during training, which indicates
the probability that the token has been randomly re-
placed (Figure 2(b)). This allows the model to bet-

'Code available at https://github.com/kalbo/LUDI.

ter distinguish condition tokens from target tokens
and naturally enables confidence-based sampling
strategies akin to those in MDLMs, facilitating an
easy-to-hard generation paradigm.

We conduct extensive experiments to validate
LUDI. Pretraining at 170M and 1B scales demon-
strates that the LU loss offers cleaner supervi-
sion and improves both few-step generation and
downstream task performance. We further obtain
LUDI-7B by continuing training from an autore-
gressive checkpoint, a UDLM capable of com-
plex reasoning tasks. Compared with the AR
model, LUDI-7B achieves approximately 3 token-
per-step speedup while maintaining comparable
performance. Compared with MDLMs, LUDI-7B
also achieves a competitive performance, revealing
that the potential of UDLMs for complex genera-
tion remains largely untapped. Our contributions
are threefold:

1. We attribute the difficulty of scaling UDLMs
to over-uniform training objectives and
condition-target confusion during sampling.

2. We propose the LUDI loss and per-token time
embeddings, enabling UDLMs to perform
confidence-based few-step generation.

3. Our experiments with LUDI-7B establish that
UDLMs scale effectively for complex reason-
ing, delivering a competitive balance between
generation quality and speed.
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2 Background

In this section, we review UDLM. A clean token
is corrupted by the forward process into the uni-
form distribution. By parameterizing and learning
the reverse process, samples can be generated by
gradually denoising from the uniform prior.

2.1 Forward Process

Continuous-time discrete diffusion models cor-
rupt the data distribution pg(x) into a noise prior
through a forward Markov process. In masked dif-
fusion models, the terminal prior is a point mass on
the mask token. In uniform-state diffusion models,
as ¢ evolves from 0O to 1, a clean token x( is gradu-
ally perturbed toward the uniform distribution over
the vocabulary V, where |V| = V. Over an in-
finitesimal interval from ¢ to ¢ + At, the transition
probability of x; (ignoring o(At) terms) is

P(Xeqat | Xe) = 0(Xe, Xepar) +Qr(X¢, Xepar) AL

Here, x( and x; are one-hot vectors over V, © de-
notes the Hadamard product, 6(x,y) = Iy—x,,
and Q; € RV*V denotes the transition rate ma-
trix. For uniform-state diffusion and ¢t € [0, 1),
the transition rate matrix is given by Q;(e;, e;) =
—g—% (% — L-:j), where the noise schedule ¢t — o
is continuously differentiable and non-increasing,
with ag = 1 and @y = 0. A common choice
is oy = 1 —t. This forward process yields the

marginal distribution

1

p(x¢ | x0) = Cat <-; ayxo + (1 — at)v> .

Let oy := ay/as and define X := Vayx+ (1 —
ay)1. The exact reverse posterior p(xs | x¢,Xg) =
Cat (+; 7 s) can be written in closed form:

1
Tts= <_7

[VOét Xt © X0+ (s — )Xy
X, X0)

+as — ozt)xo—i—(l—at‘s)(l—as)% )

We provide a more detailed derivation in Ap-
pendix A.1.2.

2.2 Reverse Process and Training Objective

To sample from py(x), one learns a reverse denois-
ing process from the noise prior. This requires pa-
rameterizing the reverse transition pg(x¢—a¢ | X¢)
and matching it to the exact posterior p(x;—a; |

x¢,X0). The standard diffusion objective mini-
mizes the local KL divergence

KL (p(Xt—At \ Xt7X0) Hpe(xt—At ’ Xt)% ()

which forms a local term in the negative evidence
lower bound (NELBO).

SEDD (Lou et al, 2023) parameterizes
po(Xt—a¢ | x¢) through rate ratios. Duo (Sa-
hoo et al., 2025) instead parameterizes the re-
verse transition as pg(x¢—at | X¢) = p(xi—at |
X, Xg(X¢, 1)), that is, the model directly predicts
Xo. Both approaches optimize the KL. objective in
Eq. (2). Let m = argmax;(x;); denote the cur-
rent noisy token and y = arg max;(xp); denote
the clean token. Under the Duo parameterization,
the token-level loss [’%uo at position ¢ is

txt — —
T Vaoi |Tom  Tom

—a) |V 14 +i Zo,j log :fg’m_f(),j .
j=1

3)
Summing over all positions ¢ gives the sentence-
level training objective. Appendix A.1.3 shows
that substituting the Duo z-parameterization into
the uniform-state SEDD objective yields Eq. (3)
exactly at the generator level.

SDDLM (Zhu et al., 2025c¢) follows the same pa-
rameterization as Duo, but introduces empirically
simplified objectives for more stable and efficient
training. The SDDLM and SDDLM-v1 losses are:

L =—Et x Ixeixo 108 70,y “
1 Y
4
Lsp1 = —Et x, Ixoxo | 10g 70,y — V; log wg ;

Unlike L£pye, Which corresponds to a NELBO ob-
jective, these simplified losses are no longer NEL-
BOs in theory, but have been observed to yield
stronger empirical performance.

3 Methodology

In this section, we address the over-uniform and
condition-target confusion that prevent UDLMs
from scaling to complex tasks. The lack of a clean
supervisory signal forces the model to rely on many
denoising steps during sampling, yet complex tasks
demand that simpler tokens be decoded quickly
and serve as conditioning context. To resolve this
tension, we first analyze the source of over-uniform
and mitigate it with the LU loss (Sec. 3.1), then
introduce per-token time embeddings that provide
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token-level corruption hints (Sec. 3.2). Together,
the LU loss endows LUDI with stronger few-step
generation capability, enabling it to rapidly decode
high-confidence tokens and update their per-token
time embeddings as conditions, thereby handling
complex generation tasks effectively.

3.1 Less Uniform Loss

Over-uniform phenomenon. In MDLMs, train-
ing based on ELBO has achieved widespread suc-
cess, being used for large-scale pretraining or
AR-to-diffusion training. The ELBO objective in
UDLMs, while theoretically well grounded, is sub-
stantially less effective in practice. We attribute
this to the mode-covering property of the KL loss,
which drives the model toward over-uniform and
drowns out meaningful supervision.

To elucidate this issue, we simplify the complex
original loss in Eq.(3) into a CE-like form, as stated
in the following proposition.

Proposition 1 (Proved in Appendix A.2.1). Un-
der mild assumptions detailed there, at a cor-
rupted position m # y, the ELBO integrand, up
to an additive term independent of 6 and an o(1)
remainder as V' — oo, is

log Zg ,, — log Ty 1

/ ,m Y _

a E log Zq
t[ 11—y Vati - 8 Q’Z]

_ CEigO‘t (%Xg,9) N log Zg.m 5)
t at(l — Oét) 1-— Qg '

For already-clean positions m = y, if xg, =
w(1/V'), the model-dependent contribution is
o(1) and therefore negligible as V' — oc.

When x! # xg, the loss decomposes into three
terms: (1) suppression of the current erroneous
token log Zg ., ; (2) learning of the correct token

—log ¥y, ; (3) a smoothing term over the uniform

Notably, (2) and (3)
can form a label-smoothed cross-entropy objective
CEpg with effective target ayxo + (1 — ay)1/V.
The smoothing strength 1 — a4 is unusually large.
Under the common schedule oy = 1 — ¢t with ¢ ~
U(0,1), on average only half of the probability
mass is placed on clean token xg.

This stems from the mode-covering nature of
the KL divergence. Whenever p(x;—a¢ | X¢,Xo)
assigns probability to random tokens, the learned
reverse transition kernel must cover those proba-

distribution — )" logZg; .

bilities, otherwise it incurs a large penalty. Conse-
quently, when ¢ is large, the model receives little
effective supervision toward the clean token and is
instead driven toward overly uniform predictions.

Remark 1. This problem is circumvented in
mask diffusion. Although mask diffusion also em-
ploys a KL-based ELBO, the loss decouples into
t-dependent and ¢-independent terms. In MDLMs,
the probability of a token staying masked is com-
puted analytically rather than learned.

Remark 2. While SD and SDv1 in Eq. (4) heuris-
tically remove the smoothing term — ). log Zg ;
and even introduce anti-smoothing, they also dis-
card the suppression loss logZg,, on the erro-
neous token, thereby weakening the model’s cor-
rection capability and lacking theoretical support.

LUloss. To mitigate over-uniform, a simple fix is
to directly remove term — ) . log Zy ; . We obtain
a less uniform loss, termed the LU loss:

/

[,fU :Euxtl_ia;t (log Zg,m—logZTgy). (6)
Despite its simplicity, the LU loss has a direct
reverse-process interpretation. At corrupted po-
sitions, it minimizes the finite model-dependent
part of a Dirac-target KL.

Theorem 1 (Proved in Appendix A.2.2). Ata
corrupted position m # y, as At — 0,

Qs Ap— O

KL(0(x0) || po(x¢t—at | x¢)) =—log ;At ¢
Ot At

+log Zg ,m — log Tg,y + o(1). @)

The first term is independent of 6. Therefore,
minimizing the finite model-dependent part of
this KL is equivalent to minimizing ££U.

The LU loss simultaneously reduces the proba-
bility of the current incorrect token and increases
the probability of the clean token xo. Moreover, the
use of Xg = Vayxg + (1 — ay)1 prevents the loga-
rithmic terms from becoming singular. As a result,
the learned transition is consistently encouraged to
move toward x¢ for any time step. Intuitively, an
ELBO-trained model behaves more like a diffusion
model, whereas the LU loss aligns more closely
with a consistency model, as illustrated in Figure 2
(a). Our LUDI loss offers two key advantages:

(a) LU loss avoids the excessive smoothing in-
duced by the KL objective and instead aligns the
parameterized transition rate with the clean token.
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This provides a stronger learning signal and im-
proves few-step generation through consistency.

(b) Compared with the ELBO-based loss, our
formulation involves only the two indices y and
m, making it computationally efficient. With op-
timized operators, LUDI can achieve a 4.39x
speedup and a 3.45x memory reduction. The
ELBO loss additionally applies a nonlinear trans-
formation and reduction over all vocabulary en-
tries, which is expensive for large vocabularies. (A
detailed efficiency analysis is deferred to the Ap-
pendix C.5.)

3.2 Scaling up UDLM

Condition-target confusion. When scaling
UDLMs to the billion-parameter regime for
challenging downstream tasks such as mathematics
and code generation, a central obstacle is the
ambiguity between conditioning context and
denoising targets. Difficult reasoning tasks require
the model to first establish a reliable condition,
such as a mathematical equation, and then infer the
target, such as the solution. In masked diffusion,
this separation is explicit: clean tokens serve
as conditions, while mask tokens identify the
denoising targets. In UDLMs, however, the model
is given only the global time ¢, which indicates the
overall corruption level but not the status of each
individual token. The model therefore struggles
to distinguish condition tokens from target tokens
and tends to denoise all positions simultaneously
in a condition-independent manner. This behavior
is particularly fatal for complex reasoning.

Per-token time embedding. To address this am-
biguity, we introduce per-token time embeddings.
The denoiser is written as xg(x¢, ), where 7 =
(r1,...,7%) assigns a distinct time value to each
position, as shown in Figure 2(b). Each 77 indicates
the probability that token ¢ has been randomly re-
placed, thereby providing the model with a token-
level hint as to whether the token should be treated
as condition or target.

To preserve the marginal distribution of x;, we
use a hierarchical sampling procedure in the for-
ward process. We first sample a global time
t ~ U(0,1). Then, for each position i, we sam-
ple a per-token time 7° ~ ¢, and set the token to its
clean value with probability 1 — 7%, or to a random
vocabulary token with probability 7. As long as ¢;
has support on [0, 1] and satisfies E,, [7?] = ¢, the
marginal distribution p(x; | t) remains unchanged.

In practice, we choose ¢; to be a Beta distribution
Beta(ct, ¢(1 — t)) with ¢ = 2, and inject the time
signal via AdaLLN (Peebles and Xie, 2023). Note
that the per-token 7* acts only as a hint; the LUDI
loss itself still uses the global ¢.

Conditional sampling. Benefiting from per-
token time embeddings, LUDI naturally supports
position-wise non-uniform conditional sampling.
At initialization, non-prompt tokens are sampled
uniformly from the vocabulary and assigned 7¢ ~
Beta(2, 1), while prompt tokens are kept fixed with
7 = 0. During denoising, non-prompt tokens are
progressively updated until their token-level times
7! approach zero.

Given the current token-level time 7/, the next
value 7/, need not follow a uniform schedule
and can instead be chosen adaptively for each posi-
tion. For example, a high-confidence token can be
decoded in a single step by setting TL Ay = 0, after
which it is treated as conditional tokens for subse-
quent generation. Consequently, LUDI can directly
inherit samplers developed for MDLMs: each po-
sition either remains unchanged with 7/_,, = 7/
or is committed by setting Tti_ Ar = 0. Empirically,
this easy-to-hard denoising schedule is critical for
complex reasoning tasks. We provide pseudocode
for training and sampling in the Appendix B.

AR to block-UDLM. Training a large-scale
UDLM from scratch is costly. We therefore ini-
tialize from an autoregressive (AR) model to maxi-
mally preserve acquired knowledge. To continue-
training the AR model as a block-UDLM, we adopt
two adaptation strategies.

Label shifting and complementary noise (follow-
ing Fast dLLMv2 (Wu et al., 2025a)). Since an
AR model predicts token ;1 from position z;,
we shift the labels left by one position. We also
concatenate samples noised at t and 1 — ¢ during
training to reduce gradient variance.

Context-causal attention and AR loss (following
NB-Diff (Tian et al., 2025)). We employ context-
causal attention, where only the block currently be-
ing denoised receives bidirectional attention, while
all preceding context retains causal attention. This
design provides cleaner contextual signals for block
generation and naturally enables inter-block KV-
caching. We further regularize training with an
auxiliary next-token prediction loss £ar, which
prevents the model from drifting excessively from
its AR initialization. The overall objective is there-
fore L1,upr = Lru + A Lar, with A typically set
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Figure 3: Generative perplexity from 32 to 1024 sam-
pling steps. Lower PPL is better; endpoint values report
entropy at 1024 steps.

to 0.5 to supply supervision to the diffusion and
AR components with comparable strength.

By combining these components, we present
LUDI-7B, a 7B-scale UDLM capable of tackling
complex reasoning tasks such as math and code
generation, marking the transition of the UDLM
paradigm from a conceptual idea to practical us-
ability. Further design details are provided in the
Appendix B.2.

4 Experiments

We conduct experiments at two scales: small-scale
pretraining (170M and 1B; Sec. 4.1) and large-
scale AR-to-UDLM continue-training (LUDI-7B;
Sec. 4.2). In the small-scale setting, where per-
token time embeddings are not essential, we focus
on the generation quality and training efficiency of
the LU loss. In the large-scale setting, we evaluate
LUDI-7B on complex reasoning tasks.

4.1 Small-Scale LUDI

Experimental setup. For the 170M experiments,
we train four UDLMs under the same configura-
tion, using LU loss, Duo loss, SDDLM loss, and
SDDLM-v1 loss, respectively. All models are
trained on OpenWebText (Gokaslan et al., 2019)
with a sequence length of 1024, using the GPT-2 to-
kenizer (Radford et al., 2019). We use a batch size
of 512 and a learning rate of 3 x 104, For masked-
diffusion baselines, we use pretrained RADD and
MDLM models, trained on the same dataset for
400K and 1M steps, respectively. Generative per-
plexity is computed by GPT-2 Large on 512 sam-
ples. For the 1B experiments, we evaluate four
UDLM models on downstream likelihood-based

Table 1: Generation results (Gen.PPL and Entropy) at
200K and 500K checkpoints. All models sampled with
1024 steps.

Model 200K Steps 500K Steps
Gen. PPL  Entropy Gen. PPL Entropy
Duo 99.11 8.00 88.99 7.98
SDDLM 126.97 8.10 121.47 8.10
SDDLM-vl  64.22 7.82 61.18 7.82
LUDI 37.09 7.53 37.76 7.50

tasks. The models are trained on FineWeb (Penedo
et al., 2024) for 500K steps using the Llama to-
kenizer (Touvron et al., 2023). The default se-
quence length is 2048, with 1% variable-length
data. We use a batch size of 256 and a learning rate
of 2 x 10~*. Additional experimental details are
provided in Appendix C.1.

Generative performance. Figure 3 compares
generation quality under different numbers of sam-
pling steps. With 1024 sampling steps, LUDI
achieves a generative perplexity of 37.76 and an
entropy of 7.50, outperforming both UDLM and
MDLM baselines. Across most sampling budgets
(> 64 steps), LU loss consistently yields stronger
generation quality. Although LUDI yields lower
entropy, our analysis of Gen.PPL and diversity (see
the Appendix C.7) indicates that this reduction does
not stem from mode collapse. UDLMs are often ex-
pected to enable few-step generation, but their qual-
ity can suffer from early saturation (Deschenaux
et al., 2026): increasing the number of sampling
steps does not necessarily improve generation. Our
experiments confirm this behavior. UDLMs outper-
form MDLMs in low-step regimes, yet SDDLM-v1
and Duo rapidly reach a plateau. In contrast, LUDI
continues to improve as the sampling budget in-
creases. We attribute this behavior to the stronger
correction ability induced by LU loss. Compared
with Duo loss, which contains a smoothing term,
and SDDLM-style losses, which lack a correction
term, LU loss more directly encourages the model
to revise potentially erroneous tokens throughout
sampling.

Downstream task performance. Table 2 reports
downstream results for 1B models on likelihood-
based tasks, which probe the language modeling
capability. LUDI attains the highest average score
and leads on most tasks, indicating both superior
performance and stability. This advantage is con-
sistent with the behavior of LU loss. By reducing
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Table 2: Zero-shot downstream evaluation of 1B models
at 200k and 500k pretraining checkpoints. Full evalua-
tion details are provided in Appendix C.1.

Task LUDI SDDLM SDDLM-vl Duo
200K Steps

PIQA 60.12 57.40 55.33 58.11
SIQA 36.13 35.11 34.70 35.67
ARC-E 42.46 34.74 31.93 34.04
HellaSwag 34.42 30.85 30.05 31.82
OBQA 26.60 25.80 24.80 26.40
RACE 29.32 28.69 28.46 28.98
Avg. 38.18 35.43 34.21 35.84
500K Steps

PIQA 62.19 61.15 60.28 61.37
SIQA 36.54 37.26 35.47 36.03
ARC-E 50.35 50.18 48.60 48.07
HellaSwag 35.31 34.22 33.31 35.28
OBQA 28.60 29.80 27.20 28.00
RACE 29.82 28.83 29.09 29.35
Avg. 40.47 40.24 38.99 39.68

confidence on erroneous samples and increasing
confidence on correct ones, LUDI enlarges the rel-
ative margin of the correct answer.

Training efficiency. Table 1 and Table 2 also
compare models at 200K training steps. LUDI
rapidly establishes clear advantages: the 170M
model already exhibits stable generation, and the
1B LUDI outperforms all baselines across down-
stream tasks. We ascribe this to the cleaner learning
objective provided by the LU loss. By avoiding the
wasted supervision of label smoothing and directly
matching xg, the LU loss offers a consistent signal:
the model always learns to move away from erro-
neous tokens and toward the correct token. This
improves training efficiency and data utilization,
which is critical for large-scale training.

4.2 LUDI-7B

Experimental setup. We initialize our block
UDLM from Qwen2.5-7B-Instruct (Team, 2024)
and continue-train it on Dolci-Instruct-SFT (Olmo
et al., 2025), a high-quality instruction dataset
containing 2M samples. LUDI-7B is trained for
2500 steps with a batch size of 256 and a learning
rate of 1 x 1075, following the protocol of Fast
dLLMv2 (Wu et al., 2025a). The block size is fixed
to 32. In each transformer layer, we insert a learn-
able, zero-initialized AdalLN module before the
multi-head self-attention and the MLP. The AdaLN
output at position i is further multiplied by 7¢. Con-
sequently, the module is inactive wherever 7% = 0,
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Figure 4: GSMS8K performance and decoding speedup
of LUDI-7B under different decoding thresholds.

including prompt positions and tokens already com-
mitted during sampling. These AdalLN modules
together with the time embeddings introduce only
78.7M additional parameters (~1% of the total).
During sampling, we adopt confidence-based par-
allel decoding.

Performance and speed. We compare LUDI
with representative 7 to 8B autoregressive and dif-
fusion models; the results are summarized in Ta-
ble 3. LUDI-7B achieves an average score of 65.3,
outperforming both the baselines and its AR initial-
ization. It performs strongly on likelihood-based
benchmarks (MMLU and GPQA) while also de-
livering competitive results on generation tasks.
Although our method underperforms on mathemat-
ical reasoning, this mainly stems from the distribu-
tional bias of mathematical content in the training
dataset. In Appendix C.3, we present additional
evaluation results on mathematical reasoning and
demonstrate that the mathematical reasoning per-
formance of LUDI can be significantly improved
through dataset curation.

With parallel decoding, LUDI-7B offers an at-
tractive performance and efficiency trade-off. By
adjusting the confidence threshold, LUDI-7B main-
tains stable accuracy on GSM8K (Figure 4) for
thresholds above 0.7, while yielding a 2.6 to 3.0
token-per-step speedup over AR decoding (1 to-
ken per step). These results confirm that UDLMs
can handle complex generation tasks and possess
substantial acceleration potential.

It is worth noting that the token-per-step metric
represents a theoretical speedup; practical speedups
are constrained by batch sampling and infrastruc-
ture overhead. In Appendix C.4, we report end-to-
end efficiency comparisons across different batch
sizes. At small batch sizes, we achieve actual
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Table 3: LUDI-7B results and ablations. Metrics cover code generation (HumanEval, MBPP, HumanEval+, MBPP+),
mathematical reasoning (GSM8K), instruction following (IFEval), knowledge-intensive question answering (MMLU,
GPQA), and an overall average score (Avg.). Code benchmarks are evaluated using the EvalPlus. The highest score
in each column is marked in bold, and the second highest is underlined. AR — M/U denotes MDLM/UDLMs
continue-trained from AR. In ablation, LUDI is based on Fast dLLM v2 (FD) and incorporates the LU loss, per-token
time embedding, and NBDiff (ND) techniques. Full evaluation details are provided in Appendix C.2.

Model Size Type  umanEval MBPP GSMSK IFEval MMLU GPQA Avg.
Base Plus Base Plus
Baselines
LLaDA 8B MDLM 354 31.7 31.5 28.6 78.6 59.9 65.5 31.8 454
LLaDA-1.5 8B MDLM 524 - 42.8 - 83.3 58.2 66.0 36.9 -
LLaDA-MoE 7B MDLM 61.6 - 70.0 - 82.4 59.3 67.2 — —
Dream 7B AR—M 579 53.7 68.3 56.1 81.0 62.5 67.0 33.0 599
Qwen2.5-7B 7B AR 51.2 47.6 57.7 49.5 71.4 70.8 68.7 33.5 563
Fast-dLLMv2 7B AR—M 634 58.5 63.0 52.3 83.7 61.4 66.6 319  60.1
LUDI-7B 7B AR—U 68.1 63.4 71.5 60.7 75.2 78.0 71.1 343 65.3
Ablation
SD + FDNB 7B AR—U  65.1 60.2 70.0 60.0 74.3 77.9 71.3 332 64.0
SDvl+FDNB 7B AR—U  68.1 62.7 68.9 57.5 73.1 78.3 71.5 329 64.1
LU + FD 7B AR—U 59.1 54.9 67.7 56.3 64.7 75.1 70.8 324  60.1
FD 7B AR—M 622 58.5 72.0 61.1 71.3 77.7 71.2 333 634
FDNB 7B AR—M  68.3 62.8 72.2 59.8 76.0 77.2 70.4 31.0 64.7
LUDI-7B 7B AR—U  68.1 63.4 71.5 60.7 75.2 78.0 71.1 343 653

speedups of 1.30-1.92x. We acknowledge that
achieving speedup at larger batch sizes requires
further dLLM-specific infrastructure optimizations,
which is orthogonal to our scope and is left as valu-
able future work.

Ablation study. To systematically examine the
contribution of each design choice, we conduct con-
trolled experiments on Dolci-Instruct under iden-
tical conditions (Table 3). Our LUDI-7B builds
upon Fast dLLM (FD) and integrates the LU loss,
per-token time embeddings, and the tricks from
NB-Diff (NB). (1) Without per-token time embed-
dings, the model suffers from severe condition-
target confusion caused by position-uniform sam-
pling, quickly collapsing to a trivial solution that
repeats a single token. We therefore exclude this
variant from comparison. (2) Replacing the LU
loss with the SDv1 loss, which also mitigates over-
uniform, still yields reasonable generations but
with a clear performance drop. This suggests that
complex generation requires explicit error correc-
tion: the model must be steered away from the cur-
rent erroneous token. (3) The AR loss and causal
context attention from NB-Diff prove important,
indicating that block decoding in UDLMs bene-
fits from higher-quality context. (4) Compared
to MDLM baselines, LUDI-7B surpasses FDNB
trained under the same budget, demonstrating that
UDLMs can profit from a more challenging train-

ing objective and may offer greater scaling po-
tential under data-constrained regimes (von Riitte
et al., 2025b).

5 Related Works

Masked diffusion language models. MDLMs
have become a competitive generative paradigm
against AR models. Through large-scale pretrain-
ing (Nie et al., 2025b; Bie et al., 2025), AR-
to-diffusion adaptation (Wu et al., 2025b; Tian
et al., 2025; Liu et al., 2025), and reinforcement-
learning post-training (Zhao et al., 2025; Zhong
etal., 2026; Ni et al., 2026), MDLMs have achieved
performance comparable to frontier LLMs on
complex reasoning tasks while offering substan-
tial inference-speed advantages. To better handle
challenging problems, MDLM sampling has also
moved beyond position-uniform unmasking toward
strategic policies based on confidence (Wu et al.,
2025b) and entropy (Ben-Hamu et al., 2025). How-
ever, the binary mask/non-mask state space makes
it difficult for MDLMs to correct already gener-
ated tokens. Moreover, the uninformative mask
state naturally constrains parallel decoding (Chen
et al., 2026). Consequently, changing the masked
generation paradigm has become an important di-
rection for raising the ceiling of diffusion language
models (Ding et al., 2026; von Riitte et al., 2025a).
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Uniform diffusion language models. UDLMs
provide a complementary formulation where cor-
rupted tokens are driven toward a uniform vocab-
ulary distribution rather than an absorbing mask.
This gives UDLMs potential advantages in few-
step generation (Sahoo et al., 2025; Deschenaux
et al., 2026), controllability (Schiff et al., 2025),
self-correction (Schiff et al., 2026), and scaling be-
havior under data- or compute-limited regimes (von
Riitte et al., 2025b). Nevertheless, existing analy-
ses remain largely confined to small-scale settings
or scaling-law studies, and UDLMs have not yet
been scaled for complex reasoning tasks. Some
works use uniform diffusion only as an auxiliary
mechanism to improve the self-correction ability
of MDLMs (Schiff et al., 2026; von Riitte et al.,
2025a), or as a bridge toward continuous diffusion
language modeling (Sahoo et al., 2025; Lee et al.,
2026). Efforts dedicated to improving UDLMs
mainly focus on mitigating the sampling plateau
with predictor-corrector samplers (Deschenaux
et al., 2026) or simplifying the training objec-
tive (Zhu et al., 2025c). However, these works
either do not address, or only empirically touch
upon, the over-uniform effect induced by UDLM
training objectives; meanwhile, their samplers are
not specifically designed for complex reasoning
and largely remain position-uniform. These limita-
tions create an inherent obstacle to scaling UDLMs,
motivating our study.

6 Conclusion

This work presents LUDI as a step toward mak-
ing UDLMs practical at scale. We show that the
main barrier to scaling UDLMs lies not in the uni-
form noise prior itself, but in the excessive unifor-
mity introduced by existing training objectives and
sampling procedures. By introducing a less uni-
form loss and token-level time awareness, LUDI
achieves cleaner supervision and a more efficient
denoising process. Through LUDI-7B, we further
demonstrate that UDLMs can be extended to com-
plex reasoning tasks, narrowing the gap with AR
and MDLM paradigms. These results suggest that
UDLMs remain a promising yet underexplored di-
rection.

Limitations

This work presents LUDI as an initial effort to scale
uniform diffusion language models to 7B parame-
ters and to apply them to complex reasoning tasks.

Nevertheless, several limitations remain. (1) We
have not yet fully activated the self-correction po-
tential of UDLMs. The errors that arise during
self-correction stem from the model’s own imper-
fect generations, which are qualitatively different
from the random noise introduced during training.
Consequently, instilling this ability may require
dedicated post-training stages that explicitly teach
the model to detect and amend its own mistakes.
(2) Due to computational resource constraints, we
have not been able to pre-train a large-scale UDLM
from scratch. Our approach of continue-training
from an AR checkpoint efficiently preserves the
original model’s knowledge, yet it may also re-
tain certain inductive biases of the autoregressive
generation paradigm. We hope our work spurs fu-
ture research into UDLMs pre-trained at scale from
scratch, which may more fully exploit the unique
advantages of the uniform diffusion framework.
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A Proofs and Derivations

We prove the results of the main text for one token; sequence-level objectives follow by summing over
positions. Let V = {1, ..., V}, let e; be the one-hot vector for token 4, and write &y = ey and T; = ey,
Thus m # y denotes a corrupted position.

Assume that t — «; is continuous and non-increasing on [0, 1], continuously differentiable on [0, 1),
and satisfies ap = 1,y > O fort < 1,and oy = 0. For AV~ := {& € RY : ", z; = 1}, define

z:=Vax+ (1—a)l, Ti=Voyz; +1 — oy. ®)

Then ), z; =V, so &/V is a probability vector. We use Z¢ ; and Zg ; for the vectors obtained from x
and xg(xy, t), respectively.
A.1 Uniform-State Diffusion Preliminaries

We first verify the forward law and reverse posterior, then connect the SEDD and Duo objectives.

A.1.1 Forward Process

We verify that the stated rate matrix generates the uniform-state marginal.
For t € [0, 1), the uniform-state transition rate matrix is

"1
Q:(i,j) = —% <V - Hij) ‘ 9)

Since o} < 0, the off-diagonal entries are nonnegative, and each row sums to zero. Starting from &y = ey,
consider

. 1
pe(J | v) == aullj—y + (1 — ay)

—. 10
v (10)
Direct substitution gives
d . , 1
@pt(J ly) =g | L=y — V)= [pe(- | y)QtL- (11)
Together with py(j | y¥) = I;—,, uniqueness of the forward equation yields
1
p(x; | xo) = Cat ('; agxo + (1 — at)V) . (12)
A.1.2 Exact Reverse Posterior
We obtain the reverse posterior by applying Bayes’ rule to the forward transitions.
Let)0 <s<t<1land Qs 1= ay/as. The transition from s to ¢ is
1-— at‘s
p(CCt =€Em ‘ Ts = ek) = at|s]1m=k + % (13)
For an observation x; = e, of positive probability, Bayes’ rule gives
p(a:s = € ‘ Tt = €m, Lo = ey)
L—ays _
(O‘tlsﬂmﬂf + = ) (aslpmy + 157)
- : (14)

atﬂm:y + 1;/0(,5

Let ;s € AV~! denote the categorical parameter vector of this posterior, with
[7Tt—>s]k = p(:ns = €k ’ LTt = €m, Lo = ey)-

Multiplying numerator and denominator by V" and using oy ,as = avt, the numerator of coordinate k is

1 — oy 1— oy
14 (at|s]1mk + % i ) (asﬂky + VOC >

= Vauln=plk=y + (g5 — )=k + (as — ) lj=y +

(1 - at|s)(1 - as)
% .

(15)
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Collecting these coordinates yields

1
VOét]Im:y +1— oy

1
Ty s = Vg, © xo + (oy)s — )@ + (s — ap)@o + (1 — o) (1 — as)

V )
(16)

A.1.3 SEDD-Duo Reparameterization

We show that the SEDD score-entropy objective reduces exactly to the Duo objective under the xzg-
parameterization.

For 0 < s <t < 1, consider the local reverse KL. between the exact posterior and the learned reverse
transition,

KL(p(xs ’ xtaxO) H pO(ws ‘ wt)) (17)
The posterior entropy is independent of , so only the cross-entropy is model-dependent. Fix xo = e,,.

The conditional SEDD target is

s (j,m,t) = pe(ej | o) _ _Jﬁo,j ‘ (18)
pe(em | To)  Zom
The ratio is evaluated only when the denominator is positive, with 0log 0 = 0. The token-level denoising

score-entropy objective is

E]%SE - Et,mt Z Qt(.jam)[SH(.ja m7t) - 8*<j7m7t) log 89(.j7m?t) =+ 8*(.j7m7t) (log S*(.jamvt) - 1)] :

j#m
(19)
For j # m, Q(j,m) = —a}/(Vay). The omitted j = m summand is zero and may be restored. Under
the Duo parameterization,
Tg s
so(j,m,t) = —* (20)
$9 m
Using Zj Ty = Zj Zo; =V,
o [z V. v To.mT
- 0,j 0,j 0,mT0,;
ﬁfs E — Et t — 5J _ — J + 7.7 1 ) —
S TV ay Z_: To.m Z_: Zom Z ZTo,m x@,jxﬂ,m
| J=1 Jj=1 Jj=1
/
-« Vv V Zo To,mTo
—Eig—t | — — = +Z T og —0m0 | (21)
Var | Zom  Tom “— Tom 909 §T0,m

This is Eq. (3).

A.1.4 Contrast with Mask Diffusion
We contrast the uniform-state objective with the simpler posterior structure of absorbing-state mask
diffusion.

For comparison, standard absorbing-state mask diffusion on V U {[MASK]} has the forward law (Sahoo
etal., 2024)

p'(yly) =a,  p(MASK] |y) =1 —ay, (22)
Conditioning on x; = [MASK], the two possible states at time s have joint probabilities s — oy and 1 — as.
Since p(z; = [MASK] | zp = y) = 1 — a4, Bayes’ rule gives

Qg — O 1— a4
3 t,s —

At s = (23)

)

1-— Qg 1-— (673 '
Under the zo-parameterization, the learned posterior assigns a;,s2¢ ; to token j and by s to [MASK]. Hence

KL(p(xs | ©; = [MASK],zo = y) || po(s | ©; = [MASK])) = —ayslogxg,y. (24)
Thus the model learns only the clean-token cross-entropy; both posterior weights are analytic.
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A.2 ELBO Loss and LU Loss

This subsection proves the two claims that motivate the LU loss. Proposition 1 separates the uniform-state
ELBO into interpretable terms, and Theorem 1 shows that the LU contrast is the finite model-dependent
part of a small-step Dirac-target KL.

A.2.1 Proof of Proposition 1

We first state the assumptions precisely. The proof then treats corrupted and already-clean positions
separately, because their clean noisy-vector coordinates have different forms.

Proposition 1 (Restated). Fix 0 < ¢ < 1/2 and restrict attention to times satisfying o € [e,1 — €],
on which |«j| is bounded. Suppose that, uniformly over these times and corrupted positions m # y,
zom = 1/V +0(1/V)as V — oo. After omitting additive terms independent of 6, the token-level ELBO
integrand is

—o log Tg ,, — log Ty
t 1-— Ot

1%
1 _
_ Ve glogm,i +o(1),

where the error is uniform over the stated region and therefore remains o(1) after averaging. If, in addition,
xg, = w(1/V') uniformly at already-clean positions m = y, their model-dependent contribution is also
uniformly o(1) and remains o(1) after averaging.

Proof. We first isolate the model-dependent part at corrupted positions, then bound the contribution
from already-clean positions. All calculations are pointwise in (xo, t, 2;); additive terms independent of
6 are omitted.

Corrupted positions. We derive the approximation by substituting the three values of the clean noisy-
vector coordinates into the exact ELBO.
For m # y,
Tom =1 —ay, Toy =Vor+1—ay, Toj=1l-—ar (J#Y) (25)

Denote the pointwise integrand in Eq. (21) by ELBO. Substitution of Eq. (25) and collection of the
logarithms give its model-dependent part

_ _ 1%

1 log g m log g 1 _

ELBOg = —a} | — + L. Yo log Zg ;| - (26)
t [Oztl’g’m ar(1 — ay) 1l—ay Voy ; & %6,

With R(z) := 27! — 1 + log 2,

1 1 logFy, R@
_ 1 _log%m | RlZom) 27)

Tom Oy o o

Removing the first, #-independent term yields

_ _ v _
log Zg ;, — log Ty, 1 _ R(Zgm)
> i 1 i —_— . 28
Ve ;:1 0g Tg,; + (28)

/ )
1— Ot

t

The assumption zg ,,, = 1/V + o(1/V) implies
Zom — 1 =0(Vagm —1) =o(1). (29)

Since R(1 + u) = u?/2 + O(u?), the last term in Eq. (28) is uniformly o(1) on the stated interior-time
region. The same remains true after averaging.
Define

|4

s _ l—«o B

CEiS HZg,y) = — !at log Zg ,, + v ¢ g logazgji] . (30)
i=1

A direct rearrangement yields

_ _ 1% A _
log Zg ,,, — log Ty 1 B CE[ " (®g,y) logZgm
) J 1 . = ’ 31
VOét ;:1 0g xg,i ( )

1—0415 Oét(l—Oét) 1—Oét '
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Already-clean positions. We show that m = y contributes only o(1) under the additional assumption.
Setting m = y in Eq. (21) and omitting #-independent terms gives

1 I —oy Zo
o * log —* 32
! Qg Var(Vay +1 — ay) Z g Zo (32)
J#y
On the interior-time region, e < Zp; < V and Vay + 1 — ay > Ve. Hence
= L 1 — o Zg,y <log V)
= O ’ lO —22 | = O . 33
atieﬂ/ <Vx9,y> VOét(VOét +1 - Oét) Z g 3_70,]' 1% ( )

I7Y
If 29, = w(1/V), both terms are o(1). Boundedness of |«;| completes the proof.

A.2.2 Proof of Theorem 1

We first state the exact centered identity. The proof then extracts the clean coordinate of the learned
reverse posterior, takes the small-step limit, and ends with an explicit finite-step error bound.

Theorem 1 (Restated). Fix xo = ey, a corrupted state x; = e, with m # y, and a time satisfying
0 < ap <1. For At > 0,let s = t — At and assume 0 < o; < ag < 1. Under the Duo -
parameterization, substituting the fixed model output x4 (¢, t) into the exact reverse posterior gives the
centered identity
O — Ot

Vag
=log Tg,;m — log(Vasze,y +1 — o).

KL(6(o)|lpo(zs | 1)) + log

If such admissible reverse steps exist for arbitrarily small At, then, as At — 0 along these steps,

Qs — O

KL(6(xo)||po(xs | 1)) + log — log Zg m — log Zg 4.

S

Proof. We compute the reverse probability of the single target token and then take its small-step limit.
For any categorical distribution g,

KL((Sey llq) = —log Q(ey)- (34)
Substitute xy(x;, t) for o in Eq. (16). At coordinate y, the two terms containing x; vanish because
m # y. Therefore
(as —a)xgy + (1 —ap/as)(1 — o))V
f@,m
oas — oy Vaswgy +1 — ag

p0<xs = €y ’ Te = em) =

= 35
Vo Zo,m (35
Taking — log and using Eq. (34) gives
g —
KL(0(o)|lpo(zs | #:)) + log Sva L = log Zgm — log(Vaswgy + 1 — as) . (36)
S

The added logarithm is independent of  and removes the divergent part of the small-step KL.. The model
output remains fixed at the input (¢, t) while s — ¢. Continuity gives Vosxg, + 1 — g — Ty, proving
the stated limit. Since (a5 — a¢)/(Vas) — 0, the raw KL diverges; only its finite model-dependent part
remains. Weighting this part by —«} /(1 — a4) gives Eq. (6) on corrupted positions.

For completeness, we quantify how close a finite reverse step is to this limit. Define the nonsingular
contrast

lLua =1og Ty m —log(Vaszg, +1— ay). (37)
For o € [,1 — )],
d |V3;9 - 1‘ 1
— log(V l—a)| = = < - 38
da og(Vazgy + @) Vargy+1—a — n 8
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The inequality follows by considering Vg, > 1 and Vg, < 1. If |a},| < M, and o, € [1),1 — 7] for
u € [s,t], the mean-value theorem gives
- M,
|£LU,A — (log j@,m — log .fg,y)| < |Oés77at| < #At (39)

Restricting to times for which these conditions hold on [t — At, t], define

/

11—«

Liva =Eig, []Im#y /LU’A] . (40)

Since p(m # y | y,t) = (1 — ay)(1 — 1/V), Eq. (39) implies

M, M,
Liva-— EfU‘ < E, [1 natTnAt p(m #y | y,t)]

M7 1 M7
=—TAt[1-=) <At (41)
7 14 U

For iy = 1 — ¢, this is At/n; thus At < en gives error at most €.

A.3 Per-Token Time Embeddings

We show that per-token times preserve the forward marginal and derive their sampling-time initialization.

Marginal preservation. We average over the per-token time and recover the original uniform-state
marginal.

For oy = 1 — t, draw 7% ~ ¢; independently and R’ | 7¢ ~ Bernoulli(7?). If R? = 0, keep the clean
token; otherwise draw uniformly from V. Therefore

. . 4 1
p(%; =v | 566 = y)t) = ETiNQz (1 - TZ)]Ivzy + TZV
, E,, [r
= (1 = Eg[7"]) L=y + q;ﬁ] (42)
If E, [7%] = t, then
; ; t l-«
p(xi =v ’ 956 = y,t) = (1 - t)ﬂv:y + V = atHv:y + Tty (43)

which is Eq. (10). Independence across positions preserves the factorized sequence law. For a non-linear
schedule, the same proof requires E,, [7°] = 1 — .
For 0 < t < 1, the implementation uses

q:(17) = Beta(ct, c(1 — t)), c

ct
By lr]= — 0
al™] ct+c(1—1t)

At the endpoints, take gg = Jg and q; = d;; finite-precision clipping introduces only the corresponding
endpoint perturbation. Note that #! = z, does not imply R’ = 0, because uniform replacement redraws
the clean token with probability 1/V .

Il
N

(44)

—t. (45)

Sampling-time initialization. Prompt positions are fixed conditions and receive 7 = 0, while every
non-prompt position is randomized. Under 7 ~ Beta(1, 1) and Token is random | 7 ~ Bernoulli(7),
Bayes’ rule gives

7 | Token is random ~ Beta(2,1). (46)
Thus Algorithm 2 uses Beta(2, 1) as initialization.

Use during denoising. We use the same interpretation throughout denoising.
Committed positions receive 7° = (0 and act as clean conditioning context; positive-time positions
remain denoising targets. This yields the confidence-based easy-to-hard sampler used by LUDI.
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Algorithm 1: Training of LUDI

Algorithm 2: Sampling of LUDI

Input :Clean data xg, noise schedule o, model xg
Output : Trained model parameters 6

1 for each training step do

2 Sample global time ¢ ~ 1/(0, 1);

3 for each token position i do
// sample token-wise corruption
time
4 7% ~ Beta(2t, 2(1 — t));
5 Corrupt x$y: with probability 7¢, replace by

a uniform token — x!;

6 end

// model predicts clean tokens from
noisy inputs and per-token times

7 X0 = Model(x¢, T);

// compute LU loss on corrupted
positions (Eq. 6)

8 L= 11‘:2 Zi:x#xa (log Zp. ., — log T )
9 Update 6 using Vo L;
10 end

B Algorithm Details

B.1 Training and Sampling

The training procedure of LUDI is summarized in
Algorithm 1. It introduces per-token time embed-
dings T to provide token-level corruption hints, and
optimizes the less uniform (LU) loss (Eq. 6) that di-
rectly encourages each reverse transition toward the
clean token. The conditional sampling, detailed in
Algorithm 2, leverages a confidence-based sched-
uler h to progressively commit high-confidence
tokens as conditions, enabling few-step generation
for complex reasoning tasks.

B.2 Details of AR to Block Diffusion

Label shift. AR pretraining predicts ¢ from a
clean prefix 2<%, while block diffusion forces the
model to predict z¢ at position £. We resolve this
mismatch by shifting the labels left by one posi-
tion, while still allowing token ¢ — 1 to attend to
token ¢. This changes only the prediction posi-
tion, preserving both the diffusion paradigm and
the autoregressive prediction preference.

Complementary views. Following Fast dLLM
v2 (Wu et al., 2025a), we train with two comple-
mentary mask patterns per sequence: positions kept
clean in the first view are masked in the second,
and vice versa. In the UDLM setting, unmasked
positions receive xg and masked positions receive
a random token. Both views share a single for-
ward pass, forcing every position to serve as both
a clean target and a noisy input. This doubling of
supervision is valuable in our low-data regime.

Input :Prompt tokens, trained model x4, scheduler
function h, confidence threshold v
Output : Generated clean sequence x
1 Initialize x: prompt tokens kept unchanged, all other
tokens sampled uniformly from V;
2 Initialize 7: for non-prompt tokens 7° ~ Beta(2, 1),

for prompt tokens 7° = 0;

3 while max(7) > 0do

4 %o = Model(x, 7);

// compute next per-token times via
scheduler h

5 Toext = h(T,%0);

// For confidence-based scheduler:
high-confidence tokens are committed

/! ¢ :=max(x§) if 7° >0 else 0

/] Thye =0 if ¢ >~ or ¢ =argmax;c’;
otherwise 7, = 7°

6 update x from X, to X, using the reverse

transition (Eq. 1);

7 T < Thext;

8 end

9 return x;

Context-causal attention mask. NBDiff (Tian
et al., 2025) proposed the context-causal attention
mask. The prefix observes a strictly causal mask,
while the active denoising block enjoys full intra-
block bidirectionality and causal access to the pre-
fix. This yields the attention mask pattern shown in
Figure 5, where both noisy and clean sequences are
used during training. The clean sequence provides
keys and values from causal attention for the subse-
quent noisy block. This preserves the left-to-right
inductive bias in already committed context, pre-
venting instability from premature future exposure.
At inference the same pattern holds (Figure 5(b)):
the prompt and past blocks form a frozen causal
prefix, and only the current block is denoised bidi-
rectionally, enabling KV-cache reuse and parallel
token decoding.

ARloss. An auxiliary autoregressive loss is com-
puted on the clean sequence. This incurs no extra
forward cost and serves dual purposes: it prevents
catastrophic forgetting of the pretrained model, and
it supplies a stable gradient signal that counters
the noisier diffusion loss early in training. The
objective is £ = Lgier + NLCar With a weight A.

C Experiments

C.1 Experimental Setup for Small-Scale
LUDI

170M models. We train four 170M UDLMs on
OpenWebText (Gokaslan et al., 2019): LUDI with
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Figure 5: Context-Causal attention masks for block-
diffusion adaptation. (a) Training mask: the prefix uses
a lower-triangular causal mask; the active block attends
bidirectionally within itself and causally to the prefix.
(b) Inference mask: generated blocks form a causal
prefix; only the current block is denoised bidirectionally.

the LU loss, and baselines trained with Duo (Sa-
hoo et al., 2025), SDDLM (Zhu et al., 2025¢), and
SDDLM-v1 (Zhu et al., 2025¢) losses. The de-
noiser is a 12-block Transformer with hidden size
768, 12 attention heads, a 128-dimensional condi-
tioning embedding, sequence length 1024, dropout
0.1, the GPT-2 vocabulary of 50,257 tokens (Rad-
ford et al., 2019), and bfloat16 precision. Each
run is trained for 500K iterations with batch size
512. We use AdamW with learning rate 3 x 1074,
betas (0.9,0.999). Generative perplexity is com-
puted with GPT-2 Large (Radford et al., 2019), and
sample diversity is measured by mean token-level
entropy in bits. As in RADD (Ou et al., 2025),
Gumbel-based categorical sampling is performed
in float64 precision. For released masked-diffusion
baselines, we evaluate RADD (Ou et al., 2025) and
MDLM (Sahoo et al., 2024) checkpoints trained on

the same dataset for 400K and 1M steps, respec-
tively, using the same generation metrics.

1B models. We train four 1B-parameter UDLMs
from scratch on FineWeb (Penedo et al., 2024)
with the LLaMA tokenizer (Touvron et al., 2023).
The denoiser is a 20-block Transformer with hid-
den size 2048, 16 attention heads, MLP ratio 3.5,
a 128-dimensional conditioning embedding, se-
quence length 2048, dropout 0.0, a 32,000-token
vocabulary and bfloat16 precision. Following the
SMDM implementation (Nie et al., 2025a), we mix
1% variable-length FineWeb examples into train-
ing. Each run is trained for 500K iterations with
batch size 256 . We use AdamW with learning
rate 2 x 1074, betas (0.9, 0.95), weight decay 0.1.
We evaluate likelihood-based multiple-choice ac-
curacy on PIQA (Bisk et al., 2020), SIQA (Sap
et al., 2019), ARC-Easy (Clark et al., 2018), Hel-
laSwag (Zellers et al., 2019), OpenBookQA (Mi-
haylov et al., 2018), and RACE (Lai et al., 2017).
Following SDDLM (Zhu et al., 2025c), each candi-
date answer is scored with the ELBO-based likeli-
hood estimate induced by Eq. (3). We report accu-
racy (acc) for PIQA, SIQA, ARC-Easy, and RACE,
and length-normalized accuracy (acc_norm) for
HellaSwag and OpenBookQA.

C.2 Experimental Setup for LUDI-7B

Baselines. We compare LUDI-7B against au-
toregressive (AR) baselines and state-of-the-art
diffusion language models at comparable scales.
AR baselines include Qwen2.5-7B-Instruct (Team,
2024) (the initialization checkpoint). Masked diffu-
sion baselines include Dream 7B (Ye et al., 2025)
(adapted from Qwen2.5-7B), LLaDA 8B (Nie
et al., 2025b), LLaDA-1.5 8B (Zhu et al., 2025a),
LLaDA-MoE 7B (Zhu et al., 2025b) and Fast-
dLLM v2 (Wu et al., 2025a).

Evaluation benchmarks. We evaluate on a di-
verse set of tasks spanning code generation, math-
ematical reasoning, instruction following, and
knowledge-intensive question answering. For code
generation, we use HumanEval (Chen et al., 2021)
and HumanEval+ (Liu et al., 2023), as well as
MBPP (Austin et al., 2021) and MBPP+ (Liu
et al., 2023). Mathematical reasoning is assessed
on GSM8K (Cobbe et al., 2021). Instruction
following is measured with IFEval (Zhou et al.,
2023). For knowledge-intensive tasks, we adopt
MMLU (Hendrycks et al., 2020) and GPQA (Rein
et al., 2023). All code benchmarks are evaluated
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GSMSK MATHS500
Method Dolci Dolci-Nemo Dolci Dolci-Nemo
LUDI 75.2 82.1 49.0 52.6
SDDLM 74.7 80.8 48.8 51.9

SDDLM-v1 73.5 80.8 48.1 51.9
Fast-dLLM v2 71.3 83.7 511 51.7

Table 4: Mathematical-reasoning accuracy with Dolci
and Dolci-Nemo mixture.

using the EvalPlus framework (Liu et al., 2023).
For all tasks we report standard accuracy metrics
following the evaluation protocol of Fast-dLLM
v2 (Wu et al., 2025a).

C.3 Mathematical Reasoning

We supplement the mathematical-reasoning evalu-
ation with results on MATHS500 (Lightman et al.,
2024), as reported in Table 4. Under the Dolci
training setting, both UDLM and MDLM variants
obtain a substantially lower score on MATHS500.
This pattern is shared across diffusion formulations
and is therefore not specific to LUDL.

We attribute this shared behavior primarily to a
distribution mismatch between the mathematical
content in Dolci-Instruct-SFT and the evaluation
benchmarks. The relevant sequence-length statis-
tics are summarized below:

* Training data. Mathematical examples
in Dolci-Instruct-SFT are typically long,
scenario-based questions with detailed expla-
nations, with a median question length of 920
tokens. Mathematical examples in Nemotron-
Post-Train v2, many of which originate from
DeepSeek-R1, are more concise, with a me-
dian question length of 217 tokens.

¢ Evaluation data. Questions in GSM8K and
MATHS500 have median lengths of 257 and
143 tokens, respectively.

Nemotron-Post-Train v2 (Nathawani et al., 2025)
therefore provides mathematical examples whose
length and task style more closely match the eval-
uation distribution. To reduce the mismatch while
keeping the training-set size comparable, we con-
struct DOLCI-NEMO MIX: we remove the Other,
Tool Use, Safety, and Multilingual categories from
Dolci-Instruct-SFT and replace them with mathe-
matics, code, and STEM examples from Nemotron-
Post-Train v2.

As shown in Table 4, introducing Nemotron-
Post-Train v2 consistently improves mathematical
reasoning across the compared objectives. LUDI
improves from 75.2 to 82.1 on GSM8K and from
49.0 to 52.6 on MATHS500, achieving the strongest
MATHS500 result among the compared methods.
Other methods also improve on both benchmarks.
The gains across both UDLM and MDLM vari-
ants support the distribution-mismatch analysis
and show that LUDI benefits effectively from task-
aligned mathematical data.

A characteristic failure mode in diffusion gen-
eration is repetitive looping, in which the model
repeatedly emits the same span. The following
GSMSK output illustrates this behavior:

Question: A food caterer was told to prepare
gourmet hot dogs for 36 guests. While most
people would only eat one hotdog, he prepared
enough for half of the guests to be able to have
two hotdogs. However, 40 guests showed up,
and everyone wanted a second hotdog. How
many guests did not get a second hotdog?

Generated answer: The caterer prepared
enough hot dogs for half of the guests to have
two hot dogs. This means that 36/2 = 18
guests would have two hot dogs. The caterer
prepared enough hot dogs for half of the guests
to have two hot dogs. This means that 36/2 =
18 guests would have two hot dogs. ...

The two sentences repeat approximately 55
times, producing approximately 1,634 words.

Among the incorrect MATH500 responses pro-
duced by models trained on Dolci, repetitive loops
account for 21.5% of LUDI’s errors, compared
with 27.8% for the MDLM baseline Fast-dLLM
v2. LUDI thus moderately reduces this diffusion-
specific failure mode. Its uniform-state formulation
allows generated tokens to be revised rather than
irrevocably committed, which can help interrupt
locally self-reinforcing spans.

C.4 End-to-End Inference Efficiency

To provide a comprehensive efficiency profile,
we conduct end-to-end efficiency evaluations on
GSMSK for LUDI (confidence threshold 0.7) and
the autoregressive baseline Qwen2.5-7B-Instruct
at batch sizes 1, 4, 16, and 32. The results are
summarized in Table 5.
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LUDI

Autoregressive baseline

Batch Latency  Tokens Tokens Peak memory Latency Tokens Peak memory Throughput
size (seconds) per second per step (GB) (seconds) per second (GB) speedup

1 494.46 132.97 3.19 31.05 572.95 69.31 15.35 1.92x

371.99 229.20 5.76 31.46 227.70 176.32 15.56 1.30x

16 179.68 477.50 11.92 31.93 86.08 464.84 16.33 1.03x

32 106.97 572.60 14.20 32.95 63.43 629.86 17.39 0.91x

Table 5: End-to-end efficiency comparison between LUDI (confidence threshold 0.7) and the autoregressive baseline
Qwen2.5-7B-Instruct on GSM8K across batch sizes 1-32. Throughput speedup is computed as LUDI tokens per

second divided by autoregressive tokens per second.
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(a) GPU Memory Usage.
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(b) Forward and Backward Time.

Figure 6: Computational efficiency simulation in a long-
sequence, large-vocabulary setting with batch size 10,
sequence length 1024, and vocabulary size 50,000.

From Table 5, we make three observations. (1)
Decoding efficiency. LUDI achieves throughput
speedups at batch sizes 1, 4, and 16 (1.92x, 1.30x,
and 1.03 %, respectively), while the autoregressive
baseline slightly leads at batch size 32 because of
its more compact key-value cache. (2) Memory.
Owing to parallel multi-token decoding, LUDI’s
peak memory is approximately 1.9-2.0x that of
the autoregressive baseline. (3) End-to-end la-
tency. LUDI exhibits higher latency because it
tends to produce longer reasoning chains. This
behavior reflects the training-data distribution: the
median response length in Dolci’s mathematics sub-
set is 2,114 tokens, compared with 217 tokens for
GSMBSK.

In practice, the theoretical 3x speedup is not
fully realized end to end. Inference efficiency can
be further improved through dLLM-specific infras-

512 sampling steps

240 | = LUDI Duo
——SDDLM-vl —— SDDLM

Generative PPL

1024 sampling steps

Generative PPL

0 100 200 300 400 500
Training Steps (K)

Figure 7: Generative perplexity over training check-
points. Lower PPL is better. Lines connect all 10K-
spaced checkpoints from 10K to 500K steps.

tructure. These system-level techniques are orthog-
onal to our modeling contributions, and we leave
their integration to future work.

C.5 Efficiency of the LU Loss

We explain why the LU loss in Eq. (6) admits
a more efficient implementation than the ELBO
loss in Eq. (3). The gain comes from a simpler
vocabulary-wide computation and from eliminat-
ing large intermediate tensors.

Fused implementation of the LU loss. Let xg
be the model prediction after softmax and recall
that Zg; = a4V xg; + (1 — o). The LU loss is

/

—Q

Ef — t
LU= 14,

(log Zom —logTgy).  (47)
A direct implementation first materializes xy and
%o in RB*XLXV and then selects the entries at m
and y. Our Triton operator instead processes each
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Figure 8: Density of per-sample generative PPL and sample entropy for the four losses at the S00K checkpoint,
evaluated with 1024-step sampling and 1024 generated samples per loss. Each panel uses its own axis range and
density scale for readability. Darker cells indicate more samples within the corresponding panel, and the white dot
marks the method mean. Panel titles report mean Gen.PPL and entropy.

token row as a stream. It computes the softmax nor-
malization with an online log-sum-exp reduction,
keeps the row statistics and the two selected log-
its in registers, and immediately evaluates log Zg ,,
and log Ty ,,. The full probability tensors therefore
never need to be written to or read from global
memory. The same compact row statistics are
reused by the training operator, so normalization,
index selection, and loss evaluation do not become
separate framework operations.

Comparison with the ELBO loss. The ELBO
loss additionally contains the vocabulary-wide term
Z}/:l log Zg ;. After obtaining the softmax normal-
ization, it must still form T ;, apply the logarithm,
and reduce the result over every vocabulary entry.
In a standard PyTorch implementation, these stages
create several B x L x V intermediates and launch
multiple kernels. By comparison, LU performs the
vocabulary scan needed for normalization and then
applies the remaining nonlinear operations only
at m and y. Its fused implementation therefore
uses fewer element-wise operations and reductions,
launches fewer kernels, and transfers substantially
less data between registers and global memory.
These constant-factor savings are especially im-
portant for long sequences and large vocabularies.
As shown in Figure 6, the optimized LU operator

achieves a 4.39x speedup and a 3.45x memory
reduction relative to the PyTorch ELBO baseline.

C.6 Convergence

Figure 7 compares the training trajectories of the
four UDLM objectives under the same evaluation
protocol. LUDI improves rapidly in the early stage
and remains in a low-perplexity regime as training
proceeds. At 500K steps, LUDI obtains the low-
est generative perplexity under both 512-step and
1024-step sampling, whereas Duo and SDDLM
plateau at substantially higher PPL. These trajecto-
ries support the main-text observation that the LU
loss provides a cleaner and more sample-efficient
training signal.

C.7

Figure 8 compares the per-sample distributions of
the four losses at the 500K checkpoint, using 1024
denoising steps and 1024 samples for each loss.
LUDI places a large fraction of its samples in the
low-Gen.PPL region, with a mean Gen.PPL of 37.9
and a mean entropy of 7.50. Its samples are not
concentrated in an extremely low-entropy region,
suggesting that the lower Gen.PPL is not accompa-
nied by an obvious entropy collapse.
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