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Abstract

Policy-gradient reinforcement learning (PGRL)
forms the backbone of current methods used
to enhance alignment and reasoning in Large
Language Models (LLMs). However, these
methods are incompatible with diffusion based
language models (dLLMs). Most attempts to
apply PGRL to dLLMs, are either not scalable
or use unprincipled approximations. This work,
introduces PADRE a framework that uses a
novel pseudo-likelihood based objective for
alignment of dLLMs. Our objective has the
same optima as PGRL based optimization, but
does not need to evaluate exact likelihood from
dLLMs. Experiments on various coding and
mathematical reasoning benchmarks show that
our method matches or surpasses the perfor-
mance of recent dLLM training baselines such
as diffu-GRPO/d1. Our approach provides a
stable and practical alternative for RL-based
fine-tuning of reasoning-focused dLLMs.

1 Introduction

Large Language Models (LLMs) have become the
backbone of modern natural language processing
and is powering applications ranging from code
generation (Gehring et al., 2024) to robotic control
(Wang et al., 2024b) to autonomous agents (Deng
et al., 2023) and many other language based tasks
(Ouyang et al., 2022). Extensive pre-training on
massive text corpora induces impressive language
generation capacity (Ouyang et al., 2022). These
capabilities are then channeled towards high-value
downstream tasks (such as solving mathematical
problems) by post-training (or fine-tuning) LLMs
to improve their complex reasoning capabilities.
Most of the methods in these applications are based
on reinforcement learning (RL) to enhance the’
reasoning and generation abilities of LLMs (Lu-
ong et al., 2024). The core principle of these RL
based is to give positive rewards when the model
generates correct outputs while penalizing wrong
answers, and optimizing for the average reward.

RL methods based on the policy gradient (Sut-
ton et al., 1999) methods (PGRL), have been the
dominant approaches for post-training LLMs in
reasoning-heavy tasks such as solving mathemati-
cal problems (Xu et al., 2025). PGRL estimators
require the ability to compute likelihoods of the
generations. Most current LL.Ms are based on au-
toregressive (AR) transformer models which have
a naturally efficient way to compute the requisite
likelihoods for the gradient update.

While most current LLMS are based on autore-
gressive models, recently diffusion based language
models (dLLMs) have emerged as an equally pow-
erful way to train language models (Nie et al., 2025;
Shi et al., 2024). dLLMs (also sometimes called
Masked Diffusion Language Models) model se-
quence generation as an iterative denoising process,
which allows them to break the inherent sequential-
ity of autoregressive models. This allows dLLMs to
significantly outperform autoregressive (AR) mod-
els, especially when generating long sequences.
Unfortunately, the policy-gradient methods which
underpin the success of standard LLMs, cannot di-
rectly be applied to dLLMs. This is because the
token-level likelihoods used in PGRL are compu-
tationally expensive to compute for dLLMs . This
is because computing likelihoods of a sentence is
difficult for dLLMs.

Interestingly, the standard KL-regularized RL
perspective of LLMs training naturally connects
to probabilistic inference (Jaynes, 1979; Khalifa
et al., 2020; Ziebart et al., 2008)). Building on
this insight, we propose a novel objective for align-
ment of dLLMs that does not rely on monte-carlo
estimation of probabilities. Our approach is in-
spired by pseudo-likelihood (Besag, 1975, 2001)
and achieves the same optimality conditions as
RLHF and KL-regularized RL; but crucially avoids
the inefficiencies of PGRL with dLLMs. This en-
ables stable, and practical alignment for reasoning-
intensive tasks in dLLMs.
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Figure 1: Visual depiction of probability estimation from dLLMs (based upon Figure 2 in Zhao et al. (2025).
After generating completion ¥ from prompt x using full diffusion denoising (left), we compute conditional
log probabilities from the model. This is achieved by running the model on the augmented sequence = ® y*** ®
mask sequence. The additional masked sequence is provided with shared positions embedddings as compared to y.
Additionally perturbation can be applied to increase robustness of the model.

2 Preliminaries

Proximal Policy Optimization (PPO) PPO
(Schulman et al., 2017b) is a classic on-policy algo-
rithm for policy gradient based optimization. While
the vanilla Reinforce (Williams, 1992) and other
similar gradient methods yield an unbiased gra-
dient, taking large steps often leads to instability
in training. Improving upon the TRPO (Schulman
et al., 2017a) method, PPO uses a clipped surrogate
objective to prevent large charge updates. Each it-
eration of PPO can be written as optimizing:

mo(y) .
) A(y),
m(y)

T

Aisan advantage function, ¢ is a hyperparameter,
g, is the previous policy (parameterized via 0),
clip is a function which clamps its input in the
range [1 — ¢, 1 + €], and Dy, is a set of trajectories
y obtained by executing 7, on the MDP.

Note that the objective involves the likelihood
of a generation from the model 7. Theoretically
the likelihood is of the entire trajectory or output
y(®; however when the model allows a per term
decomposition such as in auto-regressive models or
in state conditioned policies in MDPs, the objective
can be written in terms of such a per token likeli-
hood. We refer the readers to Sutton et al. (1999);
Sutton and Barto (1998) for details.

J(m) = Eyep, [min (

Group Relative Policy Optimization (GRPO)
GRPO (Shao et al., 2024) is a PPO based method
for finetuning LLMs. GRPO usually samples multi-
ple responses 3?) for each prompt z, uses a verifier

(for math-like problems) or other reward functions
to rate these samples, and computes advantages
by normalizing rewards within each prompt group.
The advantage for the i-th response y* is computed
as:

i r(x,y") — mean(r(z,y'),..,r(x, 0%))
stdev(r(z,y), .., r(z,y%)),

)

where r(x,y") is the outcome for response y* to
prompt z as we defined above.

This response-level advantage A is in the PPO
objective £PP©, along with KL-regularization to
compute the update

G |yi] D
JGRPO (1) _ Z 1 m(ai | sp) =
aip( 201D ) 7
oy (aft ‘ Sft)

- BDKL(WHTFref)a

where a} is the t™ token in the sequence %, and
st = (y%,, z) is the concatenation of all processed
tokens. Effectively instead of a per step/action
reward as in PPO; by using the entire trajectory
reward in the objective as given, GRPO implicitly
assigns each token in the response the correspond-
ing reward. The standardization of the reward re-
places the value function estimate in standard PPO.
However its overall effect is similar, to stabilize
training by reducing variance. Thus GRPO is often
simpler to implement than PPO for post-training
LLMs (Wang et al., 2024a).
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2.1 Masked Diffusion

Our proposed method crucially relies on the ar-
chitectural and theoretical properties of Masked
Diffusion Language Models (dLLMs). Thus, be-
fore proceeding further we give an introduction to
dLLMs that is relevant for this work. Our presenta-
tion here broadly follows the description in Zhao
et al. (2025).

The forward process in dLLM is a discrete nois-
ing process that gradually corrupts an input se-
quence zg (wWhere g is a sequence of one-hot token
vectors) by replacing tokens with a special [MASK]
token. Let z; denote the sequence at timestep
t € [0, 1], where t = 0 corresponds to the clean in-
put and ¢ = 1 corresponds to the fully masked state.
The corruption is governed by a noise schedule o,
which is strictly decreasing in ¢.

The model 7y is trained to predict zy given zy,
similar to BERT but conditioned on the noise level

or in this case the masking level ¢.

Training Objective Normally an LLM is trained
to optimize the likelihood of the text my(x(), how-
ever for dLLMs this is intractable. Instead , one op-
timizes the Evidence Lower Bound (ELBO) which
serves as a lower bound for the true probability. Of-
ten instead of a continuous time input, the temporal

space [0, 1] is split into T discrete chunks. In that
case the ELBO loss becomes:

Orat
1-— (6773

L
Zﬂ[xi = [MASK]] - log o (@ |2+) | ,

i=1

E

where the indicator function I[z} = [MASK]] en-
sures only masked tokens contribute to the loss.

3 Related Work

Policy Gradient Methods Policy gradient meth-
ods (Williams and Peng, 1990) have been foun-
dational in modern RL. Recent advancements for
language model training (Ouyang et al., 2022; Shao
et al., 2024) have been based on PPO (Schulman
et al., 2017b) and its variants (Wu et al., 2023).
However these methods rely on being able to com-
pute the log-probabilities of the generated samples.
However, in the context of alignment of fine-tuning
diffusion language models, the densities required
for computing these are not available efficiently.
Furthermore methods which use approximations of
the density (Zhao et al., 2025) , are using biased
gradients and hence not optimizing the expected
reward.

Reinforcement Learning for LLM Reasoning
Since the work of Ouyang et al. (2022), applica-
tion of RL to large language models (LLMs) has

seen significant progress, especially in MDP-based
formulations of reasoning, as seen in OpenAlI’s O1
and DeepSeek’s R1. While policy-based methods
such as GRPO (Guo et al., 2025), and their variants
(e.g., DAPO (Yu et al., 2025), Dr. GRPO (Liu et al.,
2025)) dominate this space, other approaches like
ReMax (Li et al., 2023) and RAFT (Dong et al.,
2023) have also been explored. Building on the
idea of Bellman Residuals (Schweitzer and Seid-
mann, 1985; Baird, 1995), recently value based
methods (Jia et al., 2025) have also been proposed
for post-training of language models.

Language Diffusion Models While diffusion
models have revolutionized continuous data gen-
eration in the visual domain (Song et al., 2020;
Ho et al., 2020), their adaptation to textual data
presents unique challenges. The fundamental ten-
sion arises from the categorical nature of language
tokens, which necessitates specialized approaches
beyond the standard diffusion framework. The
masked diffusion paradigm has emerged as a partic-
ularly successful instantiation of discrete diffusion
for language (Sahoo et al., 2024; Shi et al., 2024).
This approach, a special case of discrete diffusion
(Austin et al., 2021a), has recently achieved sig-
nificant scaling milestones. Recently, LLaDA-8B
(Nie et al., 2025), has been shown to match or sur-
passes LLaMA-3 8B on MMLU, ARC-C and other
few-shot reasoning tasks.

Alignment and Fine-tuning of Language Dif-
fusion Models There have been a few methods pro-
posed for alignment of dLLMs. The naive method
to adopt PGRL does not work well due to in-
tractable log-likelihoods. Nie et al. (2025) estimate
the log-likelihood log py(y|x) via a Monte-Carlo
estimate of the ELBO. Instead of Monte-Carlo es-
timates, Zhao et al. (2025) propose a mean-field
variant for the likelihood of an output. This allows
them to approximate the likelihood by performs
a single denoising step to approximate likelihood
for each token position. As mentioned before, this
leads to biased optimization, and in practice they
also need to randomly masking different portions
of the output. However, even with such heuristics,
the fundamental problem of using biased gradients
persists, and hence even under idealized conditions
are not guaranteed to optimize the reward. Zhu
et al. (2025) have also noted the issue with the
Monte-Carlo ELBO approximation of likelihood,
and the issue of variance in the estimate. They pro-
pose to use an antithetic sampling based method
to reduce this variance. Tang et al. (2025) also
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follow the GRPO style training, but to reduce im-
portance sampling ratios, reformulates the training
as a weighted likelihood objective with a geometric
interpolation between current and reference model
as prior.

4 Method

Modern diffusion-based language models, such as
LLaDA (Nie et al., 2025), generate sequences by it-
eratively denoising masked tokens toward complete
text. Let 2 denote the promptand y = (y',. .., y")
the completed generation. Unlike autoregressive
(AR) models, which decompose log-likelihoods as
log mo(y|z) = SF log me(y'|ly<!, x), diffusion
models produce outputs in a non-sequential and
non-factorized manner. As such the straightfor-
ward method of using PGRL for dLLMs, does not
scale. Additionally, the estimation procedure used
for computing the probability can be biased, which
then leads to unstable behavior. To alleviate this we
propose a new probabilistic objective for alignment
of dLLMs.

4.1 RL alignment as Probabilistic Inference

We begin with a well known result regarding the
KL-constrained RL, which will then motivate a
different probabilistic objective that can be used
with dLLMs.

Consider the unnormalized target distribution
¢(7) given as:

G(7) = mret (7) exp(r(7)/B), 2

which leads to the Boltzmann distribution (Jaynes,
1979):

1

q(7) = Zmet(T) exp(r(7)/B),. ()

where Z = )Tt (T) exp(%) is the normal-

ization constant.

A classic result from Ziebart et al. (2008); Jaynes
(1979) shows that maximizing J is equivalent to
minimizing Dgr,(mg||q). This result also provides
multiple pathways for preference-tuning LLMs.
The goal is to align a policy distribution 7y) with
an unnormalized target ¢ o myef(7)e"(7)/?, where
Tt 18 reference policy and r the reward func-
tion. However, instead of committing to optimizing
Kullback-Leibler (KL) divergence (which is im-
plicitly what these RL methods are doing), one can
consider the broader perspective of matching the

model distribution 7 with the target ¢q. This match-
ing can be implemented by optimizing different
divergences. Under ideal conditions (e.g., unlim-
ited model expressivity and global optimization),
the final learned policy is invariant to the choice of
divergence. However, in practice, different objec-
tives can exhibit varying empirical behaviors.

For our applications, an ideal objective should
satisfy three key criteria: a) avoid requiring the
partition function Z of ¢ (efficiency) and b) can
be computed without access to full densities from
mg (ALLM) and c) theoretical guarantees of con-
vergence to the target distribution ¢. In the next
section, we discuss an objective based on pseudo-
likelihood matching, a candidate objective with
such properties.

4.2 Pseudo-likelihood Alignment

The direct minimization of the KL divergence be-
tween joint sequence distributions my(y | x) and
G(y | =) is generally infeasible for dLLMs. This
is because dLLMs do not directly parameterize a
joint distribution over complete sequences. Instead,
it defines a collection of conditional distributions
corresponding to local denoising steps. As a result,
the implied joint distribution is either intractable,
requiring summing over many denoising paths. In
contrast, dLL.Ms explicitly trained to model condi-
tional distributions in the denoising function. This
motivates an objective defined over the conditional
distributions.

Fortunately, for distributions with full support,
the joint distribution is uniquely determined by its
single-token conditional marginals. This follows
from the classic Hammersley—Clifford factoriza-
tion (Clifford and Hammersley, 1971) of positive
distributions. In practice, modern LLMs define dis-
tributions with full or near-full support, and strict
positivity can be enforced if needed via tempera-
ture scaling. Thus, matching the per token condi-
tional distributions is sufficient for matching two
distributions.

Theorem 1 (Conditional equality implies joint
equality). Let p and ¢ be strictly positive distri-
butions over y = (y',...,y"). Define y~ as
the sequence y with the i-th token removed. If
p(y' | y™") =aly' | y') foralliandally™,
then p(y) = q(y) for all y.

Motivated by Theorem 1, we wish to align the
conditional marginals of my(y|z) and G(y|x). A
natural objective to match all the conditionals is
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the sum of all the conditional KL divergences:

|L|

> KL(ma(y'ly 'y ™).

=1 y—1

“

where we have suppressed the dependence on the
prompt x for notational convenience. This objec-
tive vanishes if and only if all conditional distri-
butions match, which by Theorem 1 implies that
mg = q. However, directly evaluating this loss
is intractable due to the combinatorial size of the
context space y .

To address this computational bottleneck, we
introduce a weighted variant of the objective in
eq. (4). The key idea is that instead of treating all
the terms in the sum equally, we score them accord-
ing to their probability under the model distribution

mo(y ™).

J = ZZW@

YKL(mo(y' Iy )a(y' Iy ™))

(S)
- S vt |8
(6)
mo(y'ly~")
—ZZW mo(-ly~ ){IOg Ty )]
(N
mo(y'ly~")
B ZZM [Iog q(y'ly=") ] ®
mo(y'ly~")
- ZE?!NWG(ZJ) [log a(yily—) } )]

By multiplying each term by 7y (y—_;) and apply-
ing the law of total expectation, the weighted KL
objective turns into our final tractable objective:

L
Jprr(0) = Ey~rg Z [IOg mo(y'ly ")
i=1

— log c’j(yily‘i)] (10)

This formulation offers two main advantages.
First, it eliminates the need for enumerating con-
texts or of explicit sampling from the conditional
distributions 7g(-|y~"). Instead this objective can
be estimated using samples from 7y alone, allowing

|

for online learning. Second, it maintains the theo-
retical property that the global optimum is achieved
precisely when all conditional distributions match
their target counterparts, provided 7y has full sup-
port. To see this note that Eqn 5 and Eqn 4 are
both sum of the same positive terms ( the KL diver-
gences). Since the weights themselves are positive,
the global minimum value of either objective is
achieved only when each individual term is zero.

We further note that the conditional marginal
distribution of ¢ inherits the same exponential tilted
structure as the reference model:

(11)

This enables efficient computation when mef’s
conditionals are tractable. The log-conditional of ¢
simply becomes:

Q' |y™") o< Ter(y'ly ") exp(r(y’, y ™))

= log met(y' |y ™) + r(y',y ™)
—log Z(y™")

log 4(y'ly™")

where Z(y~*) is the conditional partition func-
tion. Importantly, the Z (%) term is independent
of the model my. Thus it can be omitted from the
objective, as it contributes an additive constant that
does not affect the optimization landscape.

Relation to pseudo-likelihood Besag (1975) pro-
vides a statistically consistent approach to learning
joint distributions through their local behaviour.
Similar to the previous discussion, the basic idea
in Besag (1975) is to represent the multivariate
joint distribution using the respective conditional
distributions. Specifically, for a sequence y =
(y',...,y") modeled by 7y, consider the product
of its conditional marginals:

L . .
=[] @'y,
=1

where 3% denotes the sequence with the i-th token
removed. Besag (1975) established that this prod-
uct (also called pseudo-likelihood) forms a proper
statistical score function i.e. optimizing PL will
converge to the true underlying generative model.
Taking expectations under 7y, the negative
pseudo-log-likelihood corresponds to

(12)

L

~Eyry » logm(y' | y™"),
=1

which is the first term of Jpky, (Eqn 10). The sec-

ond term in Eqn 10, replaces the empirical data dis-
tribution with a target conditional model ¢ (which
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is fixed). Comparing this against the KL decompo-
sition ([ p(y)[log p(y) — log q(y)]dy) and likeli-
hood, Jpkr, can be seen as a pseudo-KL divergence
between the distributions 7y and q.

Optimization We can use the gradient equiva-
lence between KL optimization and entropic RL
(Se 4.1), to turn Eq 10 into RL like alignment pro-
cedure (detail in the Appendix). Sepecifically, we
can write the following PG style gradient rule for
the objective in Eqn 10.

VIpKr = Byur, |Volog n(y'ly ™, )
(10gmo(y'ly™) ~ Togaty'ly™)) |
:Emeg[VQIOgﬂ-(yl‘y 7:1:)

(i

(logm(yily‘i) —log Tref (y'ly ™) — )
(13)

To achieve stable training and for efficient use
of multiple generations, we still follow the GRPO
recipe of group normalized advantage. We train
in an online fashion, i.e. as the model trains, new
completions are generated and rewards computed
on them to compute new gradient steps. To do this
effectively, we once again need to go back to the
PPO/GRPO like setup where we do clipping of the
weighting ratio.

IL]|

=1
||

= BDx((mo(y' | y—i,2)||(7res (v' | y—1,2)),

- (14)
Remark 1. An astute observer may note that
the training objective seems to replace the like-
lihoods in the GRPO/PGRL update with pseudo-
likelihoods, and the overall approach can be con-
sidered a different way to approximate the like-
lihood. While practically this interpretation is
reasonable, using incorrect likelihoods for PGRL
methods can lead to incorrect optimization. Fur-
thermore, the corresponding parameter update
can be incompatible with any objective (Nota and
Thomas, 2019); and hence it is not clear what such
an optimization procedure does. We instead de-
velop a principled argument for why replacing the
likelihood by pseudolikelihoods is a mathemati-
cally reasonable and does not change the optima
of the training.

[ ey |y—1,2) ~ . ( (mo(y' |y~ ", 2) )
min | ———————=A,clip | ——————< ¢
2 [(wref(ylly*hm) P\ rrer 0 Ty—ir2)

4.3 Evaluating Conditional Likelihood

To evaluate the aforementioned objective efficiently
we still need to be able to compute the conditional
densities. For approaches similar to LLaDA (Nie
et al., 2025), which learn a masked diffusion model,
one can efficiently approximate conditional token
probabilities for any given token trajectory. This
trick stems from the unique factorization proper-
ties of the reverse diffusion kernel in these models.
While originally used for full likelihood, we use it
for quickly estimating the conditional likelihood.

Consider a clean sequence yo = [y, . - - ,y(ﬂ €
VL be a token sequence. and its corrupted version
y; at timestep ¢, where [MASK] denotes the mask
token. The key insight lies in the structure of the re-
verse process kernel, which factorizes over masked
positions M;:

IT fouw 1w T] 6uf)

ke M, kéMt
(15)

where fy is the denoising network and § main-
tains unmasked tokens. This factorization emerges
from the independent token corruption in the for-
ward process. Here we explicitly wrote the denoiser
as f to distinguish it from the implied likelihood
model 7y.

To compute m4(y’ | y; "), we construct a par-
tially masked sequence y; = yg° U {[MASK];}
where only position 7 is masked. This represents

yt 1|yt

Ala valid sample from the forward process with

M = {i}. Through approximate marginalization
and Markovian factorization one can approximate
the conditional probability via the denoiser’s output
as

po(wi | y5") = fo(wi | y1) (16)

We note that this is a commonly used trick, and
we just adapt it to the conditional likelihood term.
For more detailed calculation we refer the readers
to the Appendix as well as the work of Zhao et al.
(2025).

4.4 Efficient multi-conditional evaluation

The previous paragraphs described evaluation of
a single conditional. However the optimization
objective uses conditionals for all token positions.
One way to achieve this is to simply randomize
over token positions, which provides unbiased gra-
dient estimates. However this slows down the opti-
mization process, and a more efficient process can
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be desirable. To be able to achieve this, we next
propose a slight tweak to the objective, which will
allow us to use a single pass through the model.
Another disadvantage of this trick is that we need
to keep track of the sequence in which the tokens
were revealed during sentence generation. We high-
light this trick next.

Assume that the denoiser is modeled by a trans-
former. Transformers are position inveriant and
one typically uses some form of position embed-
ding to induce it in the model. However this also
means, that if a two identical tokens are provided
at different positions but with the same position
embedding, the downstream computation of these
tokens remains identical ( assuming they do not
attend on each other). We will use this feature, and
pad the prompt with the output tokens but with
shared position embeddings. Specifically, if y is
the decoded sequence and x the prompt, then we
construct the augmented input

F=z @y @ mbtieL
For the masked position m”*% will use the [MASK]
token paired with position ¢ i.e. we will tie the po-
sitional encodings by setting pos(L + i) = pos(i)
for each i.

Define an attention mask M with the following
constraints:

(A) Token rows of x and from y positions 1 : L
cannot attend to any mask rows L+1:2L.

(B) Mask row L + ¢ may attend to all tokens in z,
but it cannot attend to token ¢ (in y). It can also
attend to itself L + ¢; but it may not attend to other
mask rows L + j (j # 7).

Constraint (A) ensures the hidden states of the
tokens y.7, are same to those obtained without the
appended masks (no feedback from masks to to-
kens). Constraint (B) ensures each appended mask
L + i sees only the visible context y_; (and its own
mask embedding) and no other mask information.
Finally having the same position embedding L + ¢
and 7 means that the computation at L + ¢ condi-
tioned on other hidden embeddings is the same as
if it was at 7. Therefore, for a single transformer
layer the computation at row L + ¢ coincides with
evaluating the denoiser on the hypothetical input
:z:ft (only 7 masked).

We would like to extend this trick to multiple
layers; however note that 4/ has attended to ; in
a previous layer, and the computation ahead is no
longer exactly the same. We propose two solutions
to this challenge:

» PKL-U Choose a subset of indices U C [1, L],
mask all attention from j € [1,L]to j' € U
(in the y tokens), as well as any attention be-
tween them in mask. This effectively tries to
approximate 7y (y|y %, ) with a mean field
approximation of 7g(yY |y =Y, z) where y~U
skips any positions in U. This is still stochas-
tic and does not include all tokens in L. This
is similar to the perturbation technique used
in Zhao et al. (2025).

* PKL-T Use the sequence of tokens unveiled
during denoising. Define for every any po-
sition i, t; as the time step where it would
have become non-mask token . Let U; be
the set of all positions before ¢ that are un-
masked i.e. U; = jsuchthatt; > ¢;. Dur-
ing unmasking, at time ¢;, the attention on
any non-mask token could only have been
on U;. Now we use the same mask on the
mask tokens my,4; i.e. allow it to only attend
on self-position , the prompt x, and the po-
sitions of g corresponding to U;. Thus we
approximate 7y (y'|y ¢, x) as 7r9(y§|yg;"1, x).
A similar trick is used for any-order models
by Hoogeboom et al. (2021).

As a consequence, the gradient of the pseudo-
divergence loss can be computed in much fewer
than L forward pass by reading the L mask rows
L+ 1,...,2L. Note that this construction does
not attempt to reproduce decode-time logits or a
trajectory factorization; it computes conditionals
of the joint, so attending to “future” tokens (under
any decode order) is not only allowed but required,
because they belong to y_;.

Prompt Perturbation Additionally, following
Zhao et al. (2025), we consider masking tokens in
the prompt = during likelihood computation. For-
mally if the prompt is z = [z!, 22, .., 2%], each
token gets independently dropped byprobability
Ddrop - SO for example from x we get the pertubed
prompt x4, = [x!, [MASK], .., 2] with probabil-
ity parop- his has a regularizing effect, as these
prompts implicitly act as dropout based augmen-
tation. While our model is able to learn normally,
we found that having such perturbations helped the
model generalize better.
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Algorithm 1 Optimization

1: Initialize mg < Tref

2: while not converged do

3: Sample a prompt x ~ D

4 Sample G completions y ~ my(- | x), 7 €
[G]

5: For each y, compute reward r
6 Normalize to get GRPO style reward 7(7g)
: 2’ <+ randomly mask tokens of prompt x
with probability p
8: For my, s, get conditional log-
probabilities of yi given 2/, y" ,
9: Update my by gradient ascent on Equation
14
10: end while

return 7y

5 Experiments

We first show the issue with using the one-step
approximation in Zhao et al. (2025). Specifically,
for the LLaDA-8B model (Nie et al., 2025), we
compute the KL divergence between the true prob-
ability (obtained by summing over all time steps) vs
the different approximations discussed in this work.
These include the one-step mean-field approxima-
tion of d1 Zhao et al. (2025), the method described
in Section 4.3 (denoted PKL), and the two heuris-
tics in Section 4.4 (labeled PKL-U and PKL-T).
These were evaluated on GSM8K (Cobbe et al.,
2021) and MATHS00 (Hendrycks et al., 2021)
datasets '. For d1 we get this value to be 2.87
and 3.15, respectively, showing that the one-step
approximation is not great. Next, we do the same
for the conditional likelihood terms (without pertur-
bation) used in our method against the true terms.
For the PKL version we found the average condi-
tional KL to be around or less than 1. While this
means our proposal is much more accurate, it still
is not perfect. Additionally the two faster alterna-
tives PKL-U and PKL-T , while worse than PKL
are better than d1. On the two datasets, their rela-
tive numbers did not show any pattern between the
two methods. These results are presented in fig. 2
Next for our experiments, we use the recent
dLLM LLaDA-8B (Nie et al., 2025) as the base-
line model, which we then fine-tune based on dif-
ferent alignment methods. Our experiments are
based on the code and hyperparameter provided in

"Due to the computational cost of computing the probabil-
ities, this was done on a small subset of test data

KLU

Figure 2: KL divergence comparison between different
methods on the GSM8K and MATHS500 datasets. d1
shows the KL divegence between true model and the
mean-field approximation. The others compare the av-
erage KL divergence between the true conditional and
the approximate conditionals.

Zhao et al. (2025) . Experiments are conducted
on multiple benchmarks including math reason-
ing and coding benchmarks. For math bencham-
rks we use: a) GSM8K (Cobbe et al., 2021), a
dataset of multi-step grade school math problems,
b) MATH (Hendrycks et al., 2021) a set of high-
level math problems and ¢) MATHS500(Lightman
et al., 2023), a curated subset of MATH as well
as coding benchmarks. Coding abilities are evalu-
ated on: a) HumanEval (Chen, 2021) and b) MBPP
(Austin et al., 2021b). We also report results from
the dream model of Ye et al. (2025), VRPO of
Zhu et al. (2025) and wd1 of Tang et al. (2025) as
additional baseline comparisons.

Methodology For fair comparison, we follow
the experimental procedure of Zhao et al. (2025).
For rewards, we use the composite reward function
that combines formatting and correctness rewards
as recommended by Zhao et al. (2025). We test our
model under 0-shot prompting with the prompts as
reported in Zhao et al. (2025). The results on math
reasoning tasks (reported in Table 1 demonstrate
that PKL outperforms all baselines across bench-
marks. The code benchmark results are presented
in the Appendix.

We also perform an ablation on the use of prompt
token perturbation in the prompt for pseudolikeli-
hood computation. This version (called PKL™ ) is
compared along with baselines as well as with the
heuristic methods of PKL-U and PKL-T. We see
that even the simpler version is competitive with
Dream on MATH and outperforms d1. On GSMS8K,
it achieves 87.3% accuracy, significantly surpass-
ing competing methods. On the MATH500, PKL*
reaches 42.4%, outperforming d1 by +2.2% . Ad-
ditionally we see that PKL™ outperforms DREAM

Zavailable at https://github.com/dllm-reasoning/
di
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Table 1: Performance of Diffusion Language Models
on Math Benchmarks. We can see that our proposed
method matches our outperforms other methods. All
baseline results are from literature. The results denoted
by N/A are due to the corresponding paper not having
reported the results.

Method GSMS8K MATH500 MATH
Dream 7B 81.1 N/A 429
VRPO 83.3 36.8 42.6
wdl 82.3 39.0 N/A
LLaDA 8B 78.3 36.2 38.9
+ SFT 81.1 34.8 N/A
+ diffu-GRPO 81.9 39.2 N/A
+ d1-LLaDA 82.1 40.2 N/A
PKL-U 83.6 41.9 432
PKL-T 84.8 41.2 43.0
PKL 85.6 40.9 41.6
PKL* 87.3 42.4 44.3

(Ye et al., 2025) on MATH.

6 Conclusion

We have introduced a novel approach to tune
dLLMs for reasoning . Our method is a version
of the pseudo-likelihood training (Besag, 1975).
The probabilistic objective only relies on sampling
and estimating conditional distributions, both of
which are efficient with dLLMs. Additionally, un-
like other methods, our approach learns the same
optima as standard PGRL methods. Experiments
show that our method matches or outperforms
other methods for finetuning dLLMs on challeng-
ing math reasoning as well as coding based tasks.

7 Limitations

The biggest limitation of our proposed method is
theoretically principled scaling. While we present
different heuristics to quickly approximate likeli-
hoods, such approximation have the same theoreti-
cal problem as the methods of Nie et al. (2025) and
Zhao et al. (2025). Additionally, we experimented
only on limited datasets. Previous works have also
experimented with tasks like simple sudoku solv-
ing, and the dLLM methods have generally been
worse at solving those tasks. That not only might
apply to our model, but might make it worse as
sudoku like challenges require long steps of reason-
ing, where the conditioning approximations might
be worse.
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8 Additional Derivations

8.1 Policy Gradient for Pseudo-Divergence

We consider, for a fixed position ¢ and context z,
Li(0) = E™" grjfre( 1) [KL<7T9(?/¢ | y—i, x) H q(yi | yi,!IJ))], (17)

where the outer expectation is treated with a stop—gradient (i.e., no gradient flows through my(y_; | x)),
and q( - | y—;, x) does not depend on 6.
For fixed y—;, write py(-) = mp(- | y—i,x) and q(-) = (- | y—i, ). Then

KL(pollq) = Ey,~ps[log po(yi) — log q(y:)]- (18)
The score-function identity (Williams and Peng, 1990) says that
VolEp, [f]= Ep, [Vglogpg f+ Vof]
Applying this, we obtain
Vo KL(pyllq) = Eywpe[ve log py(y:) (log po(yi) —loga(y:)) + Vologpe(yi)
— Eyinpy [Ve log p(y:) log q(yi)}

= Eyimpo| Vo log 2o (1) (08 po(vi) — log a(us)). (19)

since E,, [V log pg] = 0.
Putting (19) inside (17) and recalling that the outer sampling over y_; is held fixed (no score term from

mo(y—i | ©)), we get

VLO) =B Byl | Volog Ty | y—i,x) (10g To(Yi | y—i,x) — log q(y; | y—z‘,iﬁ))}

y—i~mo(-|z)
(20)
8.2 Conditional Likelihood Evaluation
Consider a clean sequence yg = [y(l), .. ,y[ﬂ € V¥ be a token sequence. and its corrupted version y; at

timestep ¢, where [MASK] denotes the mask token. The key insight lies in the structure of the reverse
process kernel, which factorizes over masked positions M;:

mo(yer [yo) = [T folwe lve) T 0ur) 21)

keM, k¢ M;

where fy is the denoising network and J maintains unmasked tokens. This factorization emerges from
the independent token corruption in the forward process. Here we explicitly wrote the denoiser as f to
distinguish it from the implied likelihood model 7y.

To compute my(y’ | Yo "), We construct a partially masked sequence y; =y, U {[MASK];} where only
position ¢ is masked. This represents a valid sample from the forward process with M = {i}.

Through marginalization over latent variables y1.7, we have:

mo(wi | yo,—i) = ZWG(wi | y)mo(yrr [ vo ") (22)

yi.T

The Markov property of the dlffusmn process ensures w depends only on y;. Crucially, y; is approxi-
mately deterministic given y, *, causing the summation to collapse 3. We note that this is a commonly

3More accurately a single conditioned term is used as the approximation
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used trick, and we just adapt it to the conditional likelihood term. For more detailed calculation we refer
the readers to Zhao et al. (2025).

mo(wi | yo ") = ma(wi | y1) (23)
Examining the reverse kernel reveals:
mo(yo | y1) = fo(w' | y1) [T 00) (24)
J#i
Thus, the conditional probability can be quickly approximated via the denoiser’s output:
po(wi | yo") = folwi | y1) (25)

8.3 Equivalence between RLHF and Kl minimization

Consider the unnormalized target distribution (7) given as:

(j(T) = 7Tref(7—) eXp(T(T)/ﬁ)a (26)
which leads to the Boltzmann distribution (Jaynes, 1979):
1
¢(7) = Z et (1) exp(r(7)/5), (27)

where Z = 3 e (7) exp(%) is the normalization constant.

Expanding the KL term in Jg, we can rewrite the standard policy gradient objective J as:

J(0) = Errng[r(7)] — BErnng [log mo(7) — log mret (7)) (28)
= —BErp,log me(T) — log mree(7) — (1) /5] (29)
= —B(Dxw(me|lq) + log Z). (30)

Hence, maximizing J is equivalent to minimizing Dkr,(7gl|q).

9 Additional Details
9.1 dLLM Details

Masked Diffusion Language Models are a class of discrete diffusion models that generate text by gradually
denoising a sequence of tokens, starting from a fully masked state. Unlike autoregressive (AR) models that
generate tokens sequentially, or standard BERT-style masked language models that perform single-step
infilling, dILMs iteratively refine predictions over multiple steps, allowing for more flexible and globally
coherent generation.

Forward and Reverse Process The forward process in dLLM is a discrete noising process that
gradually corrupts an input sequence x( (where xg is a sequence of one-hot token vectors) by replacing
tokens with a special [MASK] token. Let x; denote the sequence at timestep ¢ € [0, 1], where t = 0
corresponds to the clean input and ¢ = 1 corresponds to the fully masked state. The corruption is governed
by a noise schedule o, which is strictly decreasing in ¢.

For each token ! in the sequence at time t, the forward process is defined as:

i g, if zi =z} (token unchanged),
q(wtlzo) = i :
1 — oy, ifx; = [MASK] (token is masked).

This can also be written as a categorical distribution:
q(z¢|zo) = Cat (z¢; apxo + (1 — o) [MASK]) .

Here, a; controls the probability of a token being preserved . Common schedule choices include: linear:
a; = 1 —t and cosine: oy = cos(5t)schedules. LLada (Nie et al., 2025) propose using the linear schedule.
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Figure 3: Training Curves for training Our models against d1

The reverse process learns to denoise z; back to zy. Unlike the forward process, which is fixed, the
reverse process is parameterized by a neural network fy that predicts the original tokens given a masked
sequence. The reverse transition ¢(xs|x;) for s < ¢ is derived from Bayes’ rule and has three cases:

1. If 2 # [MASK]: The token is already unmasked and remains unchanged:
q(w|z}) = b(x = =}).

2. If 2t = [MASK] and 2% = [MASK]: The token stays masked:

1— a4

alatlef) = 7o

3. If x{ = [MASK] and x% # [MASK]: The token is unmasked, and the model predicts the original
token:
g — O

q(alat) = - m(wp|e)-

1-— (673
The model 7y is trained to predict xg given x;, similar to BERT but conditioned on the noise level or in
this case the masking level ¢.
Training Objective Normally an LLM is trained to optimize the likelihood of the text 7y (), however
for dLLMs this is intractable. Instead , one optimizes the Evidence Lower Bound (ELBO) which serves

as a lower bound for the true probability. Often instead of a continuous time input, the temporal space
[0, 1] is split into T discrete chunks. In that case the ELBO loss becomes:

L
o 4 .
Et o | e S L = [MASK]] - log g (b ) |

where the indicator function 1[x¢ = [MASK]] ensures only masked tokens contribute to the loss.

We trained on a lambda labs machine with 8 NVIDIA A100-80G GPU. We used AdamW optimizer
with cosine learning rate annealing. The fine tuning was conducted with 5 parameters 0.9 and 0.99, and
learning rate of 5e-6. For token perturbation in training we followd Zhao et al. (2025) and mask prompt
tokens with p=0.15. We train for 10k steps and use validation set based early stopping for finding the best
results. For all datasets, we deployed the split available from huggingface.
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Model HumanEval MBPP
128 256 512 128 256 512

LLaDA-8B 21.3 323 329 40.1 397 412
+dl1 31,1 329 378 405 447 428
+ PKL 32.7 362 38.6 419 474 454
+ PKL-U 324 341 380 40.6 466 434
+ PKL-T 325 334 379 403 451 432

Table 2: Performance on HumanEval and MBPP at different sequence lengths.

9.2 Discusson on PKL-U and PKL-T and pseudo-divergence

PKL-U: Block mean-field approximation. LetU C {1, ..., L} denote a subset of token indices. PKL-
U employs a one-step mean-field approximation in which all positions in U are unmasked simultaneously,
yielding
W@(yU ‘ y_va) ~ H 7}9(1/] | y_Uax)> (31)
Jjeu

where 7 is computed from a single unmasking step. Thus, the block conditional 7y (yY | y~Y
replaced by a mean-field approximation, resulting in a block pseudo-likelihood objective.

When U = {1,..., L}, PKL-U reduces exactly to the one-step fully mean-field update used in d1
/ Diffu-GRPO (Zhao et al., 2025). Conversely, when |U|= 1 and U ranges over all positions, PKL-U
recovers the full PKL objective. Therefore, PKL-U can be viewed as a computationally adjustable
interpolation between the full PKL objective and the d1 (Zhao et al., 2025) update.

,x) is

PKL-T: Trajectory-based approximation. PKL-T leverages the sampling order produced during
generation. Let U; denote the set of token positions that were unmasked prior to position ¢ along the
sampling trajectory. PKL-T approximates the one-token conditional as

mo(y' |y x) & we(y' | YY), (32)

This approximation requires only a single masked-diffusion step, but restricts the attention mechanism
to the positions in U;. Substituting these trajectory-based conditionals into the pseudo-likelihood yields

L
Hﬂ-e(yi | inv':C)v (33)
i=1

which resembles an autoregressive factorization.

If the sampling order is replaced by a random permutation o of {1,..., L}, this expression reduces
to the random-order autoregressive decomposition used in the ELBO of Hoogeboom et al. (2021). In
that formulation, conditionals of the form ﬂg(y"(i) | yo (<D x) are evaluated for random permutations o.
Thus, PKL-T can be interpreted as a trajectory-aligned generalization of this estimator, recovering the
Hoogeboom ELBO when all random orders are used.

10 Additional Experimental Results

In Table 2, we present results on the coding benchmarks HumanEval and MBPP benchmarks *. We see
that PKL-based training consistently improves code generation performance over the LLaDA-8B baseline
and the diffu-GRPO/d1 training. In particular, PKL achieves the strongest overall results, yielding the
highest accuracy at all sequence lengths in both benchmarks. The PKL variants, PKL-U and PKL-T,
also provide consistent improvements over the baseline and the d1 objective, though they underperform
full PKL. Overall, these results indicate that optimizing conditional pseudo-KL objectives is an effective
approach for improving masked diffusion language models.

*Results for baseline are reported from Zhao et al. (2025)
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Figure 4: FLOP Adjusted performance on GSM

Compute Cost Naively PKL requires K times as much computation as 1 pass of d1/diffu-GRPO where
K is the block size. However, PKL is summing up losses over token positions, and so by randomly
choosing indices we can in one backward pass get an unbiased gradient estimate. We then use gradient
accumulation and MC sampling to compute gradients. The same applies to PKL-U where we accumulate
gradients over different random choices of U. Furthermore both PKL-U and PKL-T take for each step
the same time as d1. The main reason for this is that most of the computation is similar to d1, with the
additional differences having minor impact on gradient cost.

In Figure 4 we present a FLOP equalized performance for both d1 and for our approach on GSM.
At very low flops, when PKL is still picking random indices, d1 outperforms. However as the budget
increases and our model has updated gradients across enough token positions, we start doing better.

11 Additional Related Work

KL Regularization Commonly in RL the objective is to find a policy 7 that maximizes the expected
cumulative reward J(7) = E,[r(7)], where r(7). However direct maximization is often undesired
(especially in the context of LLMs), as the resulting models converge to narrow, high-reward outputs with
low diversity (Choshen et al., 2019; Paulus et al., 2017). To alleviate this models are often trained with a
regularization term (given by the KL divergence to a reference model). This approach inherently prevents
distribution collapse. By maintaining diversity through KL regularization, the model retains its generative
capabilities while learning to favor high-reward behaviors (Ziebart et al., 2008; Ziebart, 2010; Neu et al.,
2017; Ouyang et al., 2022). The standard KL regularized return is defined as

Jg(m) =J(7) =B Err [log :Y()T)] (34)

where 3 > 0 is a regularization parameter that controls the strength of the penalty Dy (7||mef) =

Eror [log ”(T() )] which is the Kullback-Leibler divergence from m to . s. This is effectively equivalent

Tref (T
to adding the log propensity term to the rewards 7.

KL regularized RL. KL regularized learning has its roots in maximum-entropy RL Ziebart et al. (2008);
Neu et al. (2017), where a KL penalty ensures that learned policies remain close to a reference distribution.
This framework has led to several influential algorithms, including Soft Q-Learning (SQL) (Haarnoja
et al., 2017) and Soft Actor-Critic (SAC) (Haarnoja et al., 2018). The relation between entropy-regularized
control and divergence-minimisation is known since the seminal work of Jaynes (1979). Bsed on the
form of the optimal policy of such an entropy regularized optimization procedure (Ziebart et al., 2008),
various direct alignment algorithms like DPO (Rafailov et al., 2023), IPO (Azar et al., 2024) etc. have
been proposed. Khalifa et al. (2020); Korbak et al. (2022) proposed an alternative for fine-tuning language
models, achieving results comparable to KL-regularized RL. Their GDC method minimizes K L(g||p)
rather than K L(p||q), making it theoretically distinct from standard RL objectives (Korbak et al., 2022).
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