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Abstract

Policy-gradient reinforcement learning (RL) is
widely used to improve language model reason-
ing, but existing methods are not compatible
with diffusion language models. The primary
reason for this is the difficulty of likelihood es-
timation with such models. We propose EMBR
, a scalable off-policy framework that reformu-
lates KL-regularized RL as an energy-based
distribution matching problem. By aligning
policy updates with reward signals through en-
ergy matching, EMBR avoids the overhead of
on-policy learning and the variance of impor-
tance weighting. We further derive a principled
upper bound for the energy matching objective
which can be used to fine-tune dLLMs. Experi-
ments on multiple benchmarks in both online
and offline setting show that EMBR matches
or surpasses the performance of GRPO and re-
lated baselines in the online case, and of DPO
in the offline case. Our approach provides a
practical alternative for post-training of diffu-
sion LMs.

1 Introduction

Large Language Models (LLMs) have powered
remarkable progress in code generation (Gehring
et al., 2024), autonomous agents (Deng et al., 2023)
and many language-based tasks (Ouyang et al.,
2022). Most current applications use Reinforce-
ment learning (RL) to post-train the LLMs’ reason-
ing and generation abilities (Luong et al., 2024) for
the task. Standard RL-based methods for tuning
LLMs are based upon the policy gradient methods
(Sutton and Barto, 2018) or PGRL. Based upon
the classic REINFORCE estimator (Williams and
Peng, 1990), PGRL uses direct stochastic gradient
based optimization of a policy to maximize task-
specific rewards. PGRL-based gradient estimation
requires the ability to compute likelihoods of the
generations. Most current LLLMs are based on au-
toregressive (AR) transformer models, which have
a naturally efficient way to compute the requisite

likelihoods for the gradient update, and thus mesh
well with PGRL.

Recently, diffusion-based language models
(dLLMs) have emerged as an equally powerful way
to train language models (Nie et al., 2025; Shi et al.,
2024). dLLMs (also sometimes called Masked Dif-
fusion Language Models) model sequence gener-
ation as an iterative denoising process, allowing
them to break the sequentiality of autoregressive
models. This allows dLLMs to significantly out-
perform autoregressive (AR) models in inference
speed, especially when handling long sequences.
Unfortunately, the policy-gradient methods that un-
derpin the success of standard LLMs cannot di-
rectly be applied to dLLMs. Mainstream PGRL
algorithms rely on a factorization of the sequence
likelihood to efficiently compute gradients using
conditional likelihoods. In contrast, dLL.Ms gener-
ate sequences non-autoregressively, making such
conditionals computationally intractable.

Policy-gradient methods can be divided into two
groups: a) on-policy methods and b) off-policy
methods. A primary issue for on-policy methods
is the need for continuous rollouts, making such
training resource-intensive and slow (Sutton and
Barto, 2018). Even when feasible, online policy-
gradient-based alignment methods are shown to
disproportionately favour a few tokens (Lin et al.,
2024).

Off-policy learning offers a promising alterna-
tive by enabling the reuse of past trajectories, im-
proving sample efficiency. However, this approach
introduces its own difficulties. Specifically, it typi-
cally relies on importance weighting (IW) (Horvitz
and Thompson, 1952) to correct for distribution
mismatch between the training data and the current
policy. Since reasoning tasks often involve long
trajectories such as chain-of-thought (Wei et al.,
2022) explanations or multi-step solutions (de Win-
ter et al., 2024), importance weights often become
unstable across lengthy token sequences. As a re-
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sult, off-policy updates without careful correction
risk severe bias, while exact IW can lead to im-
practically high variance. Additionally, when we
consider off-policy/off-line methods for dLLMs,
the problem of incorrect likelihood comes back
two-fold. First, the gradients of the likelihood as
required in PGRL are biased. Secondly, since pol-
icy updates require importance weights, the usage
of incorrect likelihood makes the gradient update
further inconsistent compared to the true objective.

Fortunately, the standard KL-regularized RL per-
spective of LLMs training has a natural interpreta-
tion to bayesian inference, where the KL term acts
as a regularizer balancing the model prior with new
reward-driven evidence. This probabilistic perspec-
tive leads to a broader divergence-minimization
approaches in LLM fine-tuning (e.g. (Khalifa et al.,
2020; Rafailov et al., 2023)).

Contributions Building on this insight, we lever-
age the implied distribution matching in KL-
regularized RL to formulate a new method for fine-
tuning dLL.Ms which does not involve importance
weights (IW). Our approach, dubbed EMBR (En-
ergy Matching Based Realignment), is inspired by
energy matching (Chopra et al., 2006) and avoids
the inefficiencies of on-policy rollouts and the insta-
bility of long-horizon importance weighting. The
lack of importance weights makes our approach
’supervision-friendly’ as one can use a general
dataset of preference pairs for post-training the
dLLM (similar to DPO (Rafailov et al., 2023)).
Additionally this lack of IW, removes one of the
errors used by biased likelihood approximations
in dLLMs. Finally, we also describe principled
alternatives to ELBO based DPO for fine-tuning
dLLMs. This enables scalable, stable, and practical
RL-based fine-tuning for reasoning-intensive tasks
in dLLMs.

2 Preliminaries

Diffusion Language Model Diffusion language
models (dLLMs) are conceptually analogous to
continuous diffusion models in generative model-
ing. The basic idea is to systematically corrupt a
given clean token sequence and subsequently learn-
ing to reverse this corruption to recover the original
input. This framework is structured around two
stochastic processes: a forward or noising process
and a reverse or generative process.

The forward process begins with a clean text
sequence x = x1., and progressively corrupts it

into a noisy sequence z; over timestep ¢. Corrup-
tion is implemented by independently replacing
tokens with a special [MASK] token according to
a noise schedule. Att = 0, zg = x, representing
the original sequence, and at ¢ = 1, z; consists
entirely of [MASK] tokens. The corruption for each
token is governed by a forward transition kernel
@jo(2t,i | 7i), defined as a categorical distribution
that mixes the original token x; and the [MASK]
token.

@rjo(2t | i) = Cat (2445 ux; + (1 — oy ) [MASK]) .
(FWD)
The reverse generation process is parameterized
by a neural network policy 7y, which is trained to
denoise the corrupted sequence. It learns to predict
the original tokens x from any intermediate cor-
rupted state z; by modeling the reverse transition
from z; to a less noisy state z; (where s < t). Since
the exact log-likelihood for the reverse paths is in-
tractable, training objective for my is derived from
maximizing the Evidence Lower Bound (ELBO)
on the log-likelihood of the clean data. The result-
ing objective can be written as

L
Lo(x) = Buz, |w(t) > Tzes = (MASK]] - log o (zi20) | -

i=1

(ELBO)
Lgy(x;0) involves an expectation over a random
timestep ¢ ~ U[0, 1] and the corrupted sequence
z;. The loss is computed only over tokens that are
masked at timestep ¢ (indicated by the indicator
function 1) and is determined by the network’s
(mg) probability of predicting the original token z;.
While the exact ELBO would use a weighting de-
pendent on the noising sequence oy, in practice it is
replaced by a time-dependent loss weight w(t).Nie
et al. (2025) set w(t) to be 1/t.

Group Relative Policy Optimization GRPO
(Shao et al., 2024) is a PPO (Schulman et al.,
2017b) based method for finetuning LLMs. GRPO
usually samples multiple 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:

qo _ r,y®) —mean(r(z,y), ... r(z, y'?))
- stdev(r(z,y®), ., r(z,y'9)),
ey
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where 7 (z, y*) is the outcome for response y* to
prompt = as we defined above. In general for fine-
tuning dLLMs the normalization is skipped (Nie
et al., 2025).

GRPO uses the response-level advantage A in
the PPO objective (Schulman et al., 2017b), along
with KL-regularization to give the following objec-
tive:

JGRPO (7‘(') _

(i) (4)
Cllp ﬂ—(yk(i)l Sk(i)) , € A(i)
mo- (" | 8¢")
— BDkL(7||Trey),

where y,(j)

st = (yg, x) is the concatenation of all processed
tokens. clip is a function which clamps its input in
the range [1 — ¢, 1 +¢]. Effectively, instead of a per-
step/action reward as in PPO, GRPO uses the entire
trajectory reward in the objective, implicitly assign-
ing each token in the response its corresponding
reward. The validity of this objective however re-
lies on the sequential factorization of the likelihood
(. ls;)
o (43 1s).))
importance ratio for only the k-th token conditional
on the history.

is the k™ token in the sequence 4, and

as evidenced by the term which is the

3 Related Work

Reinforcement learning (RL) with Kullback-
Leibler (KL) regularization 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 been well studied in RL literature (Schul-
man et al., 2017a; Nachum et al., 2017; Haarnoja
et al., 2018). Furthermore, the connection be-
tween KL-regularized control and KL-divergence-
minimization is known since the seminal work of
Jaynes (1979). Others have also noted the relation
between bayesian inference and optimal control
(Ziebart et al., 2008; Levine, 2018). Based on the
form of the optimal policy of such a procedure
(Ziebart et al., 2008) various direct alignment algo-
rithms like DPO (Rafailov et al., 2023), IPO (Azar
et al., 2024), KTO (Ethayarajh et al., 2024) have
been proposed.

Post-Training of Diffusion Language Models
Several methods have been proposed for post-
training dLLMs. Nie et al. (2025) estimate the

log-likelihood log 7y (y|z) using a Monte Carlo es-
timate of the ELBO. To reduce the computational
cost, Zhao et al. (2025) utilize a mean-field vari-
ant of the output likelihood, which approximates
the likelihood by performing a single denoising
step for each token position independently. This
approach results in biased optimization, and in
practice, they must randomly mask different por-
tions of the output. Despite the success of such
heuristics, the use of biased gradients remains a
fundamental issue, and even under ideal conditions,
the method does not guarantee reward optimiza-
tion. Zhu et al. (2025) also note the challenges of
Monte Carlo ELBO approximation, particularly the
variance of the estimate, and propose an antithetic
sampling method to reduce this variance. Other
approximations which adopt GRPO-style training
and use other likelihood approximations have also
been proposed (Shankar, 2025; Tang et al., 2025).
Wang et al. (2025) have recently proposed using
the evidence upper bound (EUBO) based to im-
prove GRPO-style training of dLLMs by penaliz-
ing EUBO of negative samples.

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 importance sam-
pling and clipping mechanisms to ensure stable
training (Wu et al., 2023). In contrast, EMBR
avoids these complexities by adopting an off-policy
approach, eliminating the need for importance sam-
pling altogether. This design choice enhances
EMBR ’s applicability, particularly in offline set-
tings where dataset densities are unknown, making
it a more flexible alternative to PPO-based meth-
ods.

Reinforcement Learning for LLM Reasoning
Ouyang et al. (2022) opened the floodgates for
research on the application of MDP-based for-
mulations for reasoning in large language mod-
els (LLMs). This has led to has seen significant
progress, as seen in models like OpenAI’s O1 and
DeepSeek’s R1. While policy-based RL methods
such as GRPO (Guo et al., 2025), and their vari-
ants (e.g., DAPO (Yu et al., 2025), Dr. GRPO (Liu
et al., 2025)) dominate this space, some other ap-
proaches like ReMax (Li et al., 2023) and RAFT
(Dong et al., 2023) have also been explored. Re-
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cently value based methods (Jia et al., 2025) have
also been proposed for post-training LLMs. How-
ever, these methods are a) for AR models and b)
for online learning. Unlike these methods EMBR
supports an off-policy offline paradigm, offering
potential advantages in sample efficiency.

4 Distribution Matching for Language
Models

Ziebart et al. (2008) had reframed max-entropy RL
as a problem of probabilistic inference. This con-
nection provides the theoretical grounding of our
proposal. Hence we first, describe this connection
which will naturally lead to our proposed method.

Consider the unnormalized target distribution
G(7) over the space of trajectories given as:

q(7) = et (1) exp ((7)/5) , 2)

where 8 > (0 is a temperature parameter controlling
the deviation from the reference policy. Normaliz-
ing this yields the Boltzmann (or Gibbs) distribu-
tion (Jaynes, 1979):

o(r) = Srl)exp (r(7)/B), B

with Z = Z 7Tref(7-) exXp (T’(T)/B) :

Under ideal optimization, the standard RLHF
objective J3(6) = Err, [r(7)] — BDkL (70 || 7ref)
leads to this target distribution. Expanding the
KL divergence between my and s reveals the
equivalence:

Jp = By [1(7)] = BErrory [l0g () /Trret (T)]

@)
_ log 7 (7)
= BB | exp (7)) ©®)
= —p (Dkw(mgllq) +log Z) . (6)

Since Z is a constant independent of the policy
parameters ¢, maximizing J3(0) is equivalent to
minimizing the reverse Kullback-Leibler diver-
gence Dxy,(mgl||q) between the learned policy and
the target Boltzmann distribution.

This equivalence suggests an alternative funda-
mental goal of distribution matching: aligning g
with the unnormalized target G(7) (or normalized
target q). The canonical RLHF approach implic-
itly optimizes the reverse KL divergence. How-
ever, this naturally invites considering alternative

divergence measures. While the optimal policy is
invariant to the choice of divergence under ideal
conditions of infinite model capacity and perfect
optimization, practical considerations can lead to
significantly different empirical behavior. Explor-
ing this broader family of distribution matching
objectives thus opens new pathways for the fine-
tuning of large language models.

One desired property is to use previously logged
data i.e. use off-policy learning. RLHF style
KL minimization naturally leads towards on-policy
learning as it computes expectations under my. An-
other alternative is the forward KL, Dgr.(q||7),
however this is difficult as it requires sampling
from the unnormalized energy model ¢. Addition-
ally, when the divergence does not go down to O,
forward KL can lead to mode-covering and overly
diffuse models.

From this work’s perspective, an ideal diver-
gence should satisfy three key criteria: a) avoid
requiring the partition function Z of ¢ (effi-
ciency), b) need not require sampling from 7y (off-
policy), and c) can directly use a preference dataset
(supervision-friendly/offline friendly) . In the next
section, we discuss energy matching, a candidate
objective with such properties. Based on this objec-
tive, we call our proposed method EMBR , short
for Energy Matching Based Realignment.

4.1 Energy Matching

The energy matching objective (Chopra et al.,
2006) is designed to align the energy landscape
of pg and q:

Lrnt = minEr, |(log mo(7) — log d(7) + ¢)°] .

(N

Here p is an arbitrary distribution to draw

samples from. By inspection, one can see that this

loss is O if m and ¢ match over the support of L.

Thus if p has full support, then this objective has a
unique global minimum which matches 7 and q.

Note that log ¢ is just log ¢ shifted by the log-
partition function, which can be absorbed into the
parameter c. Thus Eq 7 can equivalently be written
as minimizing the MSE between the log probabil-
ities. However this version of the loss removes
dependence to the unknown log Z by minimizing
the variance of the energy difference. It encour-
ages 7g to match ¢ up to a constant shift: Thus, at
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optimum, the energy difference is constant:

log my(7) — log et (1) — r(7)/B = const, (8)

which implies 7y (7) 7rref(7)eT(T)/ﬁ =q(7).
Therefore, minimizing Lg\ achieves the same
stationary point as maximizing J(0): py o ¢,
which matches the goal of minimizing Dxy,(7gl|q).
Notice that we do not need to restrict the tra-
Jjectory sampling 11 to a specific model or distri-
bution as long as its positive wherever 7y, g are
positive !. As such this objective can be used for
off-policy learning, but unlike standard off-policy
methods, we do not need to compute importance
weights/ density ratios. We can set ¢ = 7 (for
on-policy learning), or any other distribution with
required support over data. Only the energy differ-
ence log my and log ¢ needs to be computable per

sample.

Incorporating Conditional Generation

The previous objective was written directly in terms
of general samples 7. For the case of model align-
ment or math proving, we have outputs conditioned
on the prompts. Thus we write the corresponding
conditional objective:

Lenv =Eyou) Klog mo(y; ) — log §(y; x) + c(x))2}
&)

which requires a prompt/context dependent c func-
tion. Unlike unconditional models, where ¢ can be
optimized as a free parameter, one now requires
a model for c. However, when the model 7y is
conditioned on the prompt, as is usual in language
models, we can use the layers of the same model
as input to an MLP to predict c(x) as well.

Relation to RL Objective EMBR is related to
policy gradient (Williams and Peng, 1990) as an
nstantiation of the off-policy policy gradient, but
unlike standard PG methods, it does not rely on
importance sampling or trust-regions. Furthermore,
it can be used even with offline data collected from
unknown densities. The relation between EMBR

and standard RLHF can be formalized by evaluat-
ing Ly over samples from p = 7. Let:

f(1) = [log mg(7) — log mret (1) — r(7)/B  (10)
=logme(7) — log q(7)

Then we can write the gradient of Lg s as:

VoLen(6) = 2E | (log mo (v ) — log d(y: 2) — c(a))

Vo logmo(y; )| (11)
=2CoVrmn, (f(7),Vologme(r)). (12)

'Since q is just re-weighted 7, s, and 7y starts from 7, ¢,
this effectively just means support over the reference model.

which is upto scaling factors the same as the on-
policy policy gradient for J(6) (Sutton and Barto,
2018). Thus, not only the optimum policy but even
the gradient of energy matching coincides with
policy gradient dynamics under a KL-regularized
objective.

4.2 Contrastive Energy Matching

An alternative to optimizing for the function c in
Equation (9) is to note that c is purely a function
of the prompt z (and in fact is related to the nor-
malization constant Z of ¢), and does not depend
on the generations y. Thus, we can eliminate c
from the objective by using another generation /.
This gives the following pairwise or contrastive
objective

Lcem = Eywu(m),y’Nu’(z) [(log 7T9(y§ .’L‘) - log ci(y; IB)

/ ~ / 2
—logme(y'; ) + log 4y ;r)) }
(13)

Note that the sample y’ need not come from the
same distribution as p. As long as ' also has
full support, its relation to p has no impact on the
optimality. Thus this is a "supervised-friendly" loss
(Flet-Berliac et al., 2024) as it does not involve a)
any additional model or architecture changes and
b) sampling from trained policies. Instead like in

DPO one can use a dataset of preference pairs 2.

4.3 Principled Upper Bound

While theoretically sound and seemingly easy to
implement the objective of Equation 14, requires
likelihood under 7 . However when 7 is given by
a dLLM, this objective is still not tractable. One
natural idea is to use the ELBO value itself as the
likelihood; and in fact many existing methods di-
rectly use the ELBO as the likelihood (Zhu et al.,
2025; Tang et al., 2025).

When it comes to training a model via maximum-
likelihood, an ELBO style loss has a principled
nature by being a lower bound to the true objective.
However, both the L, and the Lo objectives
involve the difference of likelihood terms. If we re-
place them with the ELBO, the resultant objective
is neither a lower or upper bound to the original ob-
jective; and thus it is unclear how optimizing them
improves the underlying expected reward objective.

2L g is also offline friendly, but since it requires an addi-
tional network to compute the function c(x) it requires greater
access into the model architecture
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To bypass this, we propose to use the variational
EUBO or Evidence Upper Bound (Ji and Shen,
2019). For the specific case of dLLM loss, the
EUBO is given by:

L
1
Ugp(x;v) = S Zlog Et ., [w(t)]l[zt,i = [MASK]]
i=1

-log Wg(xﬂzt)},

where v is a constant > 1 that controls how close
U is to the true likelihood (with «y closer to 1 being
tighter). Similar to the ELBO, the expectation is
taken over sampling time ¢ and noised sequences
z¢. In practice, the expectations is computed via
monte-carlo sampling.

Using the EUBO U and the ELBO L we can de-
rive a principled objective that is always an upper-
bound to the contrastive loss . To see this, consider
the differences

Ag :=logme(7) — log my(7'), (14)
Aref = log Tref (7—) - log Tref (T,)a (15)
A i=r(r) = (7). (16)
Then the contrastive loss can be written as
Lem(0) = (Ag — Dt — A) (A7)

Since we have lower and upper bounds on the
model log-likelihood:

Lo(7) <logpy(r) < Uy(7),
Lo(t") < logpe(r') < Up(1),
the difference Ay lies in the interval
Ag € [Lo(T) = Up(7"), Up(T) — Lo(7)]. (18)

An analogous bound can be written for the refer-
ence model likelihoods. Combining these we get
that the full scalar S = Ag — Aot — Ay, lies in an
interval [Spin, Smax|, Where

Smin = (LG(T) - UG(T/)) - (Uref(T) - Lref(T/))

— A, (19)
Smax = (UH(T> - L9(7—/>) - (Lref(T) - Uref(7/>)
— A, (20)

Thus, we have a strict upper bound on the true
contrastive squared loss given by:

Lyew = maX{SIQmm SIQHaX}' 2D

Algorithm 1 Training Algorithm

1: Initialize 7wy < Tref
2: D = ¢ i.e. empty set for online learning
3: D is the preference dataset D), if doing of-
fline learning
4: while not converged do
5: Sample a prompt & ~ Dyysk
: Sample G completions y; ~ m(- | x), i €
[G]
7: Standard offline learning does not usually
produce new completions
For each y, compute reward r
: Add (z,y,r) tuples to D
10: for gradient update iterations n € [N] do

11: Sample M tuples Dygycp, from D

12: If using contrastive variant, sample con-
trastive pairs 1/ for each x in Dygyep,

13: Sample random time-steps ¢ for each
tuple in Dyyyer,

14: From t, y sample z; by randomly mask-
ing tokens ( see eq. FWD)

15: Compute loss (Eq 9 or Eq 13) by using
ELBO Ly, Ly instead of log 7y, log ;

16: If using the upper bound approach com-
pute EUBO Uy, U,..y and use Eq 21.

17: Update my by gradient descent

18: end for

19: end while

return 7y

We present an algorithmic description of the
training procedure in Algorithm 1. We note that
EMBR training can be used in an online fashion
(with an experience replay buffer D; or in an offline
fashion with a labeled preference dataset Dy, .
Unlike standard online (off-policy or on-policy
learning) EMBR does not need importance weights.
This allows the same algorithm/code to be used
in either fashion with minimal adjustments. We
specifically highlight in red the difference when do-
ing offline training in the algorithm. Furthermore
we have presented three different losses viz. vanilla
energy matching £z, the contrastive loss Loar
and the upper bound loss Loy

S Experiments

We experiment with our method under two differ-
ent settings. First is the standard setting for train-
ing most dLL.Ms. Under this setting, as the model
gets updated, one keeps producing new generations
from the model. In RL terminology, this is usu-
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ally called online learning. To improve efficiency,
one typically uses a replay buffer to keep a history
of generations, with old samples being discarded.
Most works in this direction use the GRPO update,
but work with different methods of estimating the
log-likelihood using 7y (Zhao et al., 2025; Shankar,
2025; Tang et al., 2025).

The second setting is of offline learning from
a preference dataset. In this version, instead of a
dynamic replay buffer of recent generations, we
have a static dataset of generations pertinent to the
task at hand. Most current works on dLLM ignore
the offline learning setting, with (to the best of our
knowledge) the exception of VRPO (Zhu et al.,
2025).

For either setting, we will use the recent dLLM
LLaDA-8B (Nie et al., 2025) as the baseline model,
which we then fine-tune based on different align-
ment methods.

5.1 Online Learning

Datasets We focus on tasks and datasets commonly
used in the dLLM literature (Tang et al., 2025; Zhao
et al., 2025). These include a) GSM8K (Cobbe
et al., 2021), a dataset of multi-step grade school
math problems, b) (Lightman et al., 2023), a cu-
rated subset of high-level math problems, and c)
HumanEval, a coding benchmark. For mathemat-
ical tasks, we follow the same train-test splitting,
reward functions, and evaluation protocol as (Zhao
et al., 2025). For coding tasks, we follow the pro-
tocol in Gong et al. (2025) and train on a subset of
AceCoder-87K (Zeng et al.).

Models We train the LLada model (Nie et al.,
2025) with the different EMBR algorithms, la-
beled EMBR -E, EMBR -C and EMBR -U cor-
responding to the vanilla energy matching Lz,
the contrastive loss Lcops and the upper bound
loss Ly s respectively. As baselines we consider
recent dLLM training methods like diffu-GRPO
(Zhao et al., 2025), wdl (Tang et al., 2025), and
UniGRPO (Yang et al., 2025) . We did not run the
baseline methods and instead report results from
existing literature.

For both RL rollouts and evaluation, we use the
confidence-based decoding strategy common in ear-
lier works (Nie et al., 2025; Zhao et al., 2025). Dur-
ing training, exploration is encouraged by using a
higher sampling temperature of 0.9. During eval-
uation, the sampling temperature is set to 0.0. We
report results for test accuracy across generation

lengths of 128, 256, and 512. Our experiments are
based on the code and hyperparameters provided
in Zhao et al. (2025) 3.

Results are presented in Table 1, where we see
that EMBR consistently achieves competitive or su-
perior accuracy compared to diffu-GRPO/d1 (Zhao
et al., 2025). In general we see that EMBR -E is
worse than the other variants. This is not surpris-
ing, as in some sense the ¢ function of Equation 9
needs to be learnt which based on chosen parame-
terization may not be optimal. We also see that the
principled upper bound EMBR -U in general works
better than the others. This may not be surprising as
the training objective puts a ceiling on how far the
model might be from the target boltzmann model.
Example reward dynamics on GSM are presented
in the Appendix.

5.2 Offline Learning

Next we consider the case of offline learning from a
static dataset of generations and rewards. This set-
ting closely matches the setting of DPO (Rafailov
et al., 2023), where instead of learning a reward
model and subsequent optimization of a LLM by
RLHEF, one optimizes the model directly. While
well explored for standard AR-LLMs this setting
has not been considered for dLLMs.

Offline learning can be sensitive to the choice
of dataset. For these experiments we try to follow
the procedure in Zhu et al. (2025). In that work,
authors post-train the LLaDA model on a large
collection of 350k generations across a wide range
of topics such as Q&A, reasoning, mathematics,
and coding. However the corresponding preference
dataset has not been released. As such a direct
comparison in the offline setting with their model
is not feasible.

To best approximate a high quality preference
data for the offline setting, we used the data gen-
erated from online learning. For fair comparisons,
we create a static dataset for each task from the
d1 model. Specifically for each task we generated
samples from the actively optimized d1 model as it
gets trained on the task. These outputs were then
evaluated and correponding normalized rewards
obtained. This constitutes the static dataset that is
then used as D in Algorithm 1 .

Models We use the LLaDA model and focus on
the methods described in Zhu et al. (2025). These
include DPO and VRPO based optimization of the

3available at https://github.com/dllm-reasoning/
di
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Task GSMSK MATHS00 HumanEval
Sequence Length | 128 256 512 | 128 256 512 | 128 256 512
LLaDA | 687 767 782|260 324 362|268 378 458

UniGRPO || 749 825 827 | 324 374 394 | - - -
d1 | 732 81.1 821|338 386 402|256 360 471
wdl | 73.8 80.8 823|335 344 39.0 | 347 384 384
EMBR -E 725 823 83.0 [ 321 365 394 | 281 393 453
EMBR -C 743 812 829|314 381 36.6 | 30.6 351 480
EMBR -U 75.4 831 838|334 371 394|309 401 483

Table 1: Model performances on different benchmarks tasks across different generation lengths for online learning.

base model. Note that the other methods like d1,
UNIGRPO etc. are online learning methods and
cannot be applied to offline setting. DPO is a vari-
ant of the original DPO loss (Rafailov et al., 2023)
adapted to dLLMs by changing the log-likelihood
used in DPO to the ELBO. Furthermore, our pref-
erence data is different from the one in Zhu et al.
(2025), the numbers are not directly comparable
to their results. We tried to achieve as close as
possible to the reported results using the resources
available to us.

Results are presented in Table 2. We see that
in general offline methods competitive with online
methods, though there does seem to be a shortfall.
We attribute it to both the preference data size as
well as the better exploration online methods can
achieve when they consistently sample model de-
pendent high likelihood trajectories.

We also see in the results the general pattern
that EMBR -U outperforms other methods. On av-
erage EMBR -U improves by 2 points over other
variants. Furthermore, all EMBR variants improve
over DPO. One possibility which was not explored
in this work but which makes VRPO (Zhu et al.,
2025) better is the variance reduction tricks they
apply in estimating the ELBO. Exploring such vari-
ance reduction in context of contrastive methods is
an interesting future direction for exploration.

6 Conclusion

We have introduced EMBR , a novel approach to
post-train dLLMs for reasoning on entire reason-
ing trajectories without using process models, on-
policy learning, or importance sampling. The ob-
jective does not rely on sampling from the same
model, and hence allows learning in a pure offline

Method GSMSK MATH500 HumanEval
DPO 58.2 31.6 35.1
VRPOT 63.9 35.2 40.0
EMBR -E 65.5 34.0 36.3
EMBR -C 63.1 36.4 35.0
EMBR -U 68.5 37.0 39.8

Table 2: Performance of various methods on bench-
marks tasks for offline learning. 1 indicates this result is
from Zhu et al. (2025) which has a different preference
data used for training making the exact numbers incom-
parable.

setting. Our method is a version of the energy
matching objective from classical probabilistic in-
ference (Chopra et al., 2006). Furthermore we
propose two other variants of the energy matching
objective: a version based on contrastive match-
ing (Flet-Berliac et al., 2024) and another which
provides a strict upper bound to the matching loss
for dLLMs. Our experiments show the efficacy of
these methods in both the online and offline setting.

Limitations

Previous works have shown that dLLM methods
have generally been worse at solving tasks which
rely on long horizon planning. Theoretically, the
lack of importance weights in our method should
help with such tasks; however our experiments
do not cover such tasks, and any conclusion we
draw are based on the limited experiments con-
ducted here. Additionally, our approach focuses
on utilizing rewards at the sequence levels. How-
ever, intermediate levels such as span-level rewards,
also provide useful information for alignment tasks.
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The current method cannot account for these in-
termediate reward levels. Future research could
explore methods that incorporate multiple levels of
rewards, potentially enhancing the flexibility and
effectiveness of post-training. Another natural di-
rection is to look at alternative surrogates for the
upper bound loss in terms of hinge, softplus and
Huber style losses. Finally, improving offline train-
ing using online samples and variance reduction
techniques is another future direction of research.
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A Additional Information

Training Dynamics In Figure 1 we plot the train-
ing dynamics of different methods on the GSM
(top) and MATH (bottom). We can see that EMBR
learns faster than other post-training methods.
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Figure 1: Reward dynamics of EMBR-U with standard

error during online training compared with other meth-
ods on GSM and MATH.
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