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Abstract

Diffusion Large Language Models
(dLLMs) have emerged as a promising
non-autoregressive paradigm for text gen-
eration, offering parallel decoding and
bidirectional context modeling. However,
aligning dLLMs with reinforcement learning
(RL) remains a significant challenge, as the
marginal likelihood of sequences in masked
diffusion is typically intractable, rendering
standard policy gradient methods unstable
or computationally prohibitive. In this work,
we propose Diffusion-Gibbs Alignment
(DGA), a novel variational framework that
reformulates RL for dLLMs as a distribution
matching problem. DGA bypasses the
explicit computation of log-probabilities
by leveraging a learned energy function to
model the relative quality of samples. The
optimization is decoupled into two stable steps:
(1) contrastive energy ranking to capture global
reward structures, and (2) weighted diffusion
alignment to update the policy via importance
sampling. Empirically, DGA establishes a
new state-of-the-art across logical reasoning
(Sudoku, Countdown), mathematical reasoning
(GSM8K, Math500), and code generation
(HumanEval, MBPP) benchmarks. DGA offers
a novel variational perspective for dLLM
alignment, achieving better performance while
simultaneously enhancing training speed and
memory efficiency.

1 Introduction

Diffusion Large Language Models (dLLMs) (Nie
et al., 2025; Li et al., 2025; Yu et al., 2025; Yang
et al., 2025b) have recently emerged as a promis-
ing non-autoregressive paradigm for text genera-
tion, offering parallel decoding capabilities and
flexible bidirectional context modeling unlike their
Autoregressive (AR) counterparts (Radford et al.,
2019; Touvron et al., 2023a; Yang et al., 2025a).

* Corresponding authors.

Concurrently, Reinforcement Learning from Hu-
man Feedback (RLHF) (Ouyang et al., 2022) and
direct RL fine-tuning strategies (Schulman et al.,
2017; Rafailov et al., 2024; Zhang et al., 2024) have
proven instrumental in unlocking the reasoning and
alignment capabilities of AR models, as evidenced
by the success of models like InstructGPT (Ouyang
et al., 2022) and DeepSeek-R1 (Deepseek, 2025).
Given this trajectory, a natural and compelling re-
search direction is to extend these powerful rein-
forcement learning strategies to dLLMs, aiming
to combine the structural advantages of diffusion
generation with the goal-directed optimization of
RL.

However, applying standard RL algorithms to
dLLMs presents fundamental challenges. In AR
models, the sequence log-probability log pθ(x|q)
is trivially decomposable via the chain rule, en-
abling efficient gradient estimation for methods like
PPO (Schulman et al., 2017) or GRPO (Shao et al.,
2024). In contrast, for Masked Diffusion Models
such as LLaDA (Nie et al., 2025), the marginal
likelihood of a sequence requires integrating over
all possible permutation paths of the denoising pro-
cess (Ho et al., 2020; Lipman et al., 2023), ren-
dering the exact computation of log pθ(x|q) in-
tractable. Consequently, the gradient of the log-
probability∇θ log πθ, a cornerstone of policy gra-
dient methods, cannot be directly accessed. Ex-
isting approaches attempt to circumvent this by
introducing heavy machinery such as tree-search
rollouts (Pan et al., 2025) or relying on mean-field
approximations (Jindal et al., 2025). These meth-
ods often incur significant computational overhead
during training and inference. More critically, inac-
curate probability estimation can lead to optimiza-
tion instability, manifesting as weight collapse or a
sudden drop in generation entropy, which severely
hampers the model’s exploration capability and di-
versity.

To address these limitations, we rethink the



dLLM policy optimization problem from an energy-
based perspective (Du and Mordatch, 2020; Du
et al., 2024; Xu et al., 2025). We observe that
while the exact log-probability is inaccessible, the
relative quality of samples can be effectively mod-
eled without normalization constants. This in-
sight allows us to bypass the explicit calculation of
log pθ(x|q). Specifically, we propose to leverage
a learned energy function to derive sample impor-
tance weights wi. We show that weighting the
standard masked diffusion loss with these energy-
derived weights is mathematically equivalent to per-
forming Empirical Risk Minimization (Brownlees
and Gud̄mundsson, 2023; Lecué and Mendelson,
2016; Block et al., 2024) on a reward-reweighted
data distribution. This formulation naturally aligns
the diffusion model with high-reward regions with-
out requiring the unstable estimation of policy gra-
dients.

Based on this insight, we propose Diffusion-
Gibbs Alignment (DGA), which casts RL
for dLLMs as variational distribution match-
ing. DGA augments a diffusion policy with
a prompt-conditioned residual energy Eϕ(x, q),
defining a Gibbs-optimal target π∗(x|q) ∝
pprior(x|q) exp(R(x, q)/τ) and a joint policy
πjoint(x|q) ∝ pθ(x|q) exp(−Eϕ(x, q)). Minimiz-
ing DKL(πjoint∥π∗) yields a tractable two-stage pro-
cedure: (i) learn Eϕ via contrastive ranking within
prompt groups, and (ii) update θ with Weighted
Diffusion Alignment using reweighted samples un-
der the standard diffusion training loop, avoiding
tree search and log-probability evaluation. Experi-
ments on challenging reasoning benchmarks show
that DGA outperforms prior dLLM-RL baselines
at the same rollout budget, with improved stability
(higher ESS, lower seed variance, and controlled
entropy) and lower inference cost by removing test-
time tree search. Overall, DGA offers a rigorous
and practical route to reliable non-autoregressive
reasoning agents.

2 Related Work

Diffusion Large Language Models. The land-
scape of text generation has been long dominated
by Autoregressive (AR) Large Language Models
(LLMs) (Touvron et al., 2023a,b; llama team, 2024;
Jiang et al., 2023), which generate tokens sequen-
tially. While successful, AR models suffer from
high inference latency and a lack of bidirectional
context. Recently, Diffusion Large Language Mod-

els (dLLMs), particularly Masked Diffusion Mod-
els (MDMs) such as LLaDA (Nie et al., 2025),
have emerged as a powerful non-autoregressive
alternative. By modeling text generation as a de-
noising process, dLLMs enable parallel decoding
and flexible bidirectional editing. However, unlike
AR models where the likelihood is exactly decom-
posable via the chain rule, the marginal likelihood
in dLLMs involves marginalizing over all possible
denoising paths, making exact probability compu-
tation and subsequent optimization non-trivial.

Reinforcement Learning for LLM Alignment.
Aligning LLMs with human preferences via Rein-
forcement Learning (RL) has become a standard
paradigm, exemplified by Reinforcement Learning
from Human Feedback (Ouyang et al., 2022). Stan-
dard algorithms like PPO (Schulman et al., 2017)
and DPO (Rafailov et al., 2024) rely on the efficient
calculation of log-probabilities or their gradients.
For dLLMs, several recent works have attempted
to bridge this gap. Approaches like d-TreeRPO
(Pan et al., 2025) employ tree-search rollouts to
estimate structural advantages, while others like
Diffu-GRPO (Zhao et al., 2025) and VRPO (Zhu
et al., 2025) utilize mean-field approximations or
proxy probabilities. Despite their progress, these
methods often incur heavy computational overhead
or suffer from training instability (e.g., mode col-
lapse) due to inaccurate gradient estimation in the
diffusion space.

Energy-Based Guidance in Diffusion. Diffu-
sion models are inherently connected to score-
matching and energy-based models (EBMs) (Song
and Kingma, 2021; Blondel et al., 2025). Guid-
ing diffusion processes via external energy func-
tions or classifiers has been widely explored in the
image domain for controllable generation (Hong,
2024; Zhao et al., 2022). In the context of align-
ment, the control-as-inference framework (Levine,
2018) views the optimal policy as a Gibbs distribu-
tion reweighted by a reward-derived energy func-
tion. Recent works have explored using GFlowNets
(Bengio et al., 2021) or reward-weighted regres-
sion to bypass explicit policy gradients. Our work,
DGA, builds on this intuition by introducing a
learned energy function Eϕ(x, q) as a residual cor-
rector to the dLLM. By reformulating the RL prob-
lem as a variational distribution matching task, we
eliminate the need for intractable log-likelihood
gradients and provide a stable, efficiency-focused
alignment framework.



3 Method

We introduce Diffusion-Gibbs Alignment (DGA),
a principled framework for aligning diffusion large
language models (dLLMs) with differentiable or
non-differentiable reward functions. We reformu-
late policy optimization as a variational distribution
matching problem: a parameterized joint distribu-
tion is trained to approximate an optimal Gibbs
distribution induced by task rewards. We tackle
the resulting intractable matching via coordinate
ascent, decoupling the optimization into (i) prefer-
ence learning through contrastive energy ranking
and (ii) policy optimization through weighted dif-
fusion alignment.

3.1 Variational Alignment via Gibbs
Distributions

Consider a prompt distribution q ∼ Q and a dif-
fusion policy pθ(x|q) that generates a complete
response trajectory x ∈ X . Our goal is to align
pθ so as to maximize a reward signal R(x, q). Fol-
lowing the control-as-inference view, we define the
optimal target policy π∗ as a Gibbs distribution,
which reweights a prior distribution (or the initial
policy) pprior(x|q) by the exponentiated reward:

π∗(x|q) = 1

Z∗(q)
pprior(x|q) exp

(
R(x, q)

τ

)
,

(1)
where τ > 0 is a temperature hyperparameter and
Z∗(q) is the partition function for the optimal pol-
icy.

To approximate this target, we introduce a pa-
rameterized joint policy πjoint defined by augment-
ing the current diffusion model pθ with a learnable
energy function Eϕ(x, q). The energy acts as a
residual correction to the base probability:

πjoint(x|q; θ, ϕ) =
1

Zjoint(q)
pθ(x|q) exp (−Eϕ(x, q)) ,

(2)
where Zjoint(q) =

∫
pθ(x|q) exp(−Eϕ(x, q))dx is

the (intractable) partition function of the joint pol-
icy.

We aim to minimize the Kullback-Leibler (KL)
divergence between the parameterized joint policy
and the optimal target policy:

min
θ,ϕ
LKL(θ, ϕ) = Eq∼Q

[
DKL(πjoint(·|q) ∥π∗(·|q))

]
.

(3)
Directly minimizing Eq. (3) is challenging due to
the normalizing constants. However, we can trans-

form this reverse-KL minimization into an equiva-
lent variational maximization objective.

Proposition 1. Minimizing the reverse KL di-
vergence in Eq. (3) is equivalent to maximizing the
following variational objective J (θ, ϕ), up to a
constant independent of θ and ϕ:

J (θ, ϕ) = Eq∼Q

[
Ex∼πjoint

[
log

π∗(x | q)
πjoint(x | q)

]]
= Eq∼Q

[
Ex∼πjoint

[
R(x, q)

τ
+ log

pprior(x | q)
pθ(x | q)

+ Eϕ(x, q)

]
− logZjoint(q)

]

= Eq∼Q

[
Ex∼πjoint

[
R(x, q)

τ
+ log

pprior(x | q)
pθ(x | q)

+ Eϕ(x, q)

]
− logZjoint(q)

]
.

(4)
Proof Sketch. Expanding the KL definition, we

have DKL(πjoint∥π∗) = Eπjoint [log πjoint − log π∗].
Substituting Eq. (1) and Eq. (2), we obtain:

log πjoint − log π∗ =
(
log pθ − Eϕ − logZjoint

)
−
(
log pprior +

R

τ
− logZ∗

)
.

(5)

Since logZ∗(q) is constant with respect to (θ, ϕ),
minimizing the expectation of the above expression
is equivalent to maximizing J (θ, ϕ). Crucially,
logZjoint(q) depends on both θ and ϕ, so optimiza-
tion is non-trivial. We therefore adopt a Coordinate
Ascent strategy, alternating between updating ϕ
(Preference Learning) and θ (Policy Optimization).

3.2 Preference Learning via Contrastive
Energy Ranking

In the first phase of coordinate ascent, we fix the
policy parameters θ and update the energy param-
eters ϕ. A common pitfall is to differentiate only
the explicit terms in Eq. (4) while treating the sam-
pling distribution πjoint as fixed. Doing so yields
the seemingly “self-canceling” expression because

∇ϕ logZjoint(q) = ∇ϕ log

∫
pθ(x | q) exp

(
−Eϕ(x, q)

)
dx

= −Ex∼πjoint [∇ϕEϕ(x, q)] .

(6)
However, this cancellation is not a correct gra-

dient of J , because πjoint(·|q; θ, ϕ) itself depends
on ϕ through Eq. (2). Formally, differentiating an
expectation under a ϕ-dependent distribution must
include a score-function term:

∇ϕEx∼πjoint [f(x, ϕ)] = Ex∼πjoint [∇ϕf(x, ϕ)]

+ Ex∼πjoint

[
f(x, ϕ)∇ϕ log πjoint(x | q)

]
.

(7)
Applying Eq. (7) to Eq. (4) shows that the full

gradient∇ϕJ contains additional terms involving
∇ϕ log πjoint and therefore does not trivially vanish.



Figure 1: Overview of the Diffusion-Gibbs Alignment (DGA) framework. Phase 1 (top) performs preference
learning via contrastive energy ranking to approximate the reward landscape. Phase 2 (bottom) executes policy
optimization by aligning the masked diffusion process with importance-weighted gradients derived from the learned
energy model.

In practice, directly optimizing ϕ via Eq. (4) is
still difficult because it requires (i) sampling from
πjoint and (ii) handling the partition function effects
inside log πjoint, both of which are intractable for
large-scale dLLMs.

Instead, we interpret Eϕ as a discriminator /
preference model and circumvent explicit partition-
function estimation by learning from pairwise pref-
erences. For a given prompt q, we sample a set
of trajectories {xi}Ki=1 from the current policy and
obtain their rewards Ri. We then construct prefer-
ence pairs P(q) = {(i, j) | Ri > Rj}. Assuming
the preference probability follows a Bradley–Terry
model parameterized by energy differences:

P (xi ≻ xj |q) = σ

(
Eϕ(xj , q)− Eϕ(xi, q)

β

)
,

(8)
where σ is the sigmoid function and β is a scaling
factor, we optimize ϕ by minimizing the negative
log-likelihood of the preference data:

LEnergy(ϕ) = −Eq∼QE(i,j)∈P(q)

[

log σ

(
Eϕ(xj , q)− Eϕ(xi, q)

β

)]
.

(9)

Minimizing Eq. (9) aligns the energy landscape
with the reward structure such that lower energy
corresponds to higher reward, i.e., Eϕ(x, q) ≈
−R(x, q). This ranking formulation is shift-
invariant, meaning it avoids explicit dependence
on the partition function Zjoint(q) by considering
only relative energy differences. Furthermore, this
objective can be viewed as extracting a verifiable
reward signal into a differentiable scalar, enabling
stable downstream policy optimization.

3.3 Policy Optimization via Weighted
Diffusion Alignment

In the second phase, we fix the energy model ϕ and
update the diffusion policy θ to maximize J (θ, ϕ).
Retaining only the terms dependent on θ, the ob-
jective simplifies to:

max
θ
Jθ = Eq∼Q

[
Ex∼πjoint [− log pθ(x|q)]

− logZjoint(q)
]
. (10)

Since sampling exactly from πjoint is intractable,
we employ Self-Normalized Importance Sampling
(SNIS) using the current policy pθold as the proposal
distribution. The importance weights are derived



from the energy function:

w(x|q) = exp

(
−
Eϕ(x, q)

α

)
, wi =

w(xi|q)∑K
j=1w(xj |q)

(11)
where {xi}Ki=1 ∼ pθold(·|q) are sampled candidates.
The gradient of Eq. (10) can be approximated by
reweighting the gradient of the log-likelihood:

∇θJθ ≈ Eq

K∑
i=1

wi∇θ log pθ(xi|q). (12)

However, for Masked Diffusion Models
(MDMs) such as LLaDA, the exact log-probability
log pθ(x|q) involves integrating over all decoding
permutations σ ∈ SL, which is computationally
intractable:

pθ(x|q) = Eσ∼SL

[
T∏
t=1

pθ(xσt |xσ<t , q)

]
. (13)

To resolve this, we propose Weighted Diffusion
Alignment. We observe that the standard diffu-
sion training loss LMDM (typically masked cross-
entropy) provides a practical surrogate for optimiz-
ing the intractable marginal likelihood. In particu-
lar, we optimize a weighted diffusion objective:

min
θ
LAlign(θ) = Eq

K∑
i=1

wi · Et,m [LMDM(xi, q, t,m; θ)]

(14)
where LMDM is the loss computed on masked
tokens m at timestep t (with t ∼ U(0, 1) and
m ∼ pmask(t)). By optimizing Eq. (14), we push
the probability mass of pθ toward regions with
lower energy (higher reward) without explicitly
computing the intractable marginal log pθ(x|q).

3.4 Practical Implementation: Trust Regions
and Algorithm

To ensure training stability and prevent policy col-
lapse, we introduce a local trust region constraint.
Unlike autoregressive models where KL divergence
is computed over the entire sequence, we impose a
masked KL penalty computed only at the denoising
positions of the current timestep t. The regularized
objective is:

LTotal(θ) =

K∑
i=1

wi

(
LMDM(xi, . . . )

+ λDmasked
KL (pθ(·|xmask

t )∥pref(·|xmask
t ))

)
.

(15)

Algorithm 1 Diffusion-Gibbs Alignment (DGA)

Input: Prompt distribution Q, Base Policy θ,
Energy Model ϕ, Reference θref.
Hyperparameters: Rollout K, Temp α, β,
Trust λ.
for iteration n = 1 to N do

// Step 1: Exploration & Ranking
Sample prompts q ∼ Q.
Generate trajectories {xi}Ki=1 ∼ pθold(·|q).
Compute rewards Ri = Verifier(xi, q).
Update ϕ via pairwise ranking loss LEnergy
(Eq. 9).
// Step 2: Weighting & Alignment
Compute energies ei = Eϕ(xi, q).
Compute SNIS weights wi ∝ exp(−ei/α).
Clip weights and normalize to obtain w̃i

(Eq. 16).
Sample indices k ∼
Categorical(w̃1, . . . , w̃K).
Sample time t ∼ U(0, 1) and mask m.
Update θ by minimizing LTotal (Eq. 15).
Update reference policy θold ← θ periodi-
cally.

end for

where Dmasked
KL measures the divergence between

the current policy and the reference model on the
predicted distributions for masked tokens.

Additionally, to manage the variance of the im-
portance weights wi, we apply weight clipping with
a factor γ:

ŵi = min

(
wi, γ ·

1

K

)
, w̃i =

ŵi∑
j ŵj

. (16)

We monitor the Effective Sample Size ESS =
1/

∑
w̃2
i to dynamically adjust the temperature α if

the distribution becomes too peaked. The complete
training procedure is summarized in Algorithm 1.

4 Experiments

In this section, we empirically validate the effec-
tiveness of Diffusion-Gibbs Alignment (DGA) by
comparing it against state-of-the-art reinforcement
learning algorithms for diffusion large language
models (dLLMs). We aim to demonstrate that
DGA achieves superior performance across diverse
reasoning and generation tasks without relying on
computationally expensive tree-search structures.



4.1 Experimental Setup

Models and Baselines. To ensure a rigor-
ous and fair comparison, we align our experi-
mental settings with the current state-of-the-art
method, d-TreeRPO (Pan et al., 2025). We uti-
lize LLaDA-8B-Instruct (Nie et al., 2025) as the
base model for all experiments. We compare DGA
against a comprehensive suite of dLLM RL base-
lines, including Diffu-GRPO (Zhao et al., 2025),
VRPO (Zhu et al., 2025), wd1 (Tang et al., 2025),
SAPO (Xie et al., 2025), and d-TreeRPO (Pan
et al., 2025). Consistent with prior works, we em-
ploy LoRA (Hu et al., 2021) fine-tuning with rank
r = 128 and alpha α = 64. For DGA, the energy
model ϕ shares the same architecture as the policy
network but with a distinct projection head.

Benchmarks and Metrics. We evaluate per-
formance on six challenging benchmarks catego-
rized into three domains: (1) Logical Reasoning:
Sudoku (4×4) and Countdown, following the set-
tings in d-TreeRPO (Pan et al., 2025) to test strict
constraint satisfaction; (2) Mathematical Reason-
ing: GSM8K (Cobbe et al., 2021) and Math500
(Lightman et al., 2023), assessing multi-step rea-
soning capabilities; (3) Code Generation: To fur-
ther evaluate the generalization capability of DGA
beyond standard reasoning tasks, we introduce Hu-
manEval (Chen et al., 2021) and MBPP (Austin
et al., 2021). This represents a more challenging
setting for dLLMs than previous works. All mod-
els are evaluated using Pass@1 accuracy. We re-
port results under two generation lengths: 256 and
512 tokens (where applicable), with 128 denoising
steps.

4.2 Main Results

Table 1 presents the performance comparison of
DGA with existing dLLM RL methods. DGA es-
tablishes a new state-of-the-art across all evalu-
ated benchmarks. Specifically, on the constrained
logical tasks (Sudoku and Countdown), DGA out-
performs the previous best method, d-TreeRPO, by
margins of 1.2% and 2.4% respectively, achieving
near-perfect solution rates. This indicates that the
energy-based guidance effectively captures the dis-
crete constraints of the reward landscape without
needing explicit tree-structured rollouts.

More importantly, DGA demonstrates signifi-
cant superiority on complex reasoning and genera-
tion tasks. On Math500, which requires rigorous
chain-of-thought reasoning, DGA achieves a score
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Figure 2: Training Dynamics on GSM8K (0-27k
Steps). Diffu-GRPO (Purple) suffers from mode col-
lapse (entropy→ 0), leading to performance degrada-
tion. VRPO (Blue) exhibits persistent high-variance
oscillations. DGA (Red) maintains healthy entropy lev-
els and demonstrates robust convergence to the highest
accuracy.

of 40.2%, surpassing d-TreeRPO by 2.5% and
the base model by +7.8%. Furthermore, in the
newly introduced code generation tasks, DGA ex-
hibits remarkable generalization. On HumanEval
and MBPP, DGA achieves 41.2% and 47.8% re-
spectively, significantly outperforming the strong
baseline d-TreeRPO by margins of 2.7% and 3.6%.
These results suggest that by modeling the policy
optimization as a variational Gibbs alignment prob-
lem, DGA avoids the approximation errors inherent
in single-step probability estimation and the high
variance of tree search, leading to a more robust
and generalized policy even in code domains where
structural correctness is paramount.

4.3 Training Stability & Convergence
Analysis

To assess optimization stability and long-horizon
convergence, we run DGA on GSM8K for 27,000
training steps. Since dLLM-RL is often unsta-
ble (e.g., mode collapse or high-variance oscilla-
tions), we compare DGA with Diffu-GRPO and
the variance-reduced VRPO, tracking validation
accuracy, policy entropy, and normalized reward
over training.

As illustrated in Figure 2, DGA demonstrates
superior stability compared to baselines. Diffu-
GRPO (purple) exhibits a characteristic failure
mode: it peaks early but suffers from mode col-



Table 1: Performance comparison of DGA (Ours) with existing dLLM RL methods across logical, mathematical,
and coding benchmarks. All methods use LLaDA-8B-Instruct as the base model. Results are reported as Pass@1
(%). The generation length is set to 256 for all tasks, with an additional 512 setting for math tasks. Top performance
is bolded. Gray-shaded rows indicate the proposed method.

Method Sudoku Countdown GSM8K Math500 HumanEval MBPP

256 256 256 512 256 512 256 256

LLaDA-8B-Instruct 6.7 19.5 76.7 78.2 32.4 36.2 35.4 40.0
+ Diffu-GRPO 12.9 31.3 79.8 81.9 34.1 39.0 36.9 41.5
+ VRPO 12.8 22.3 80.1 81.5 35.6 34.8 36.5 41.2
+ wd1 25.2 51.2 80.8 82.3 34.4 39.0 37.1 41.8
+ SAPO 20.3 52.0 80.6 82.1 33.8 38.4 37.4 42.1
+ d-TreeRPO 92.9 71.1 81.2 82.6 37.7 38.9 – –

+ DGA (Ours) 94.1 73.5 83.5 84.8 40.2 42.1 41.2 47.8
Improvement (+1.2) (+2.4) (+2.3) (+2.2) (+2.5) (+3.2) (+3.8) (+5.7)

lapse, where policy entropy precipitously drops
to zero (bottom-left), causing a severe decline in
final performance. VRPO (blue) prevents total col-
lapse but struggles with stability, showing jagged
oscillations throughout training and failing to con-
verge to an optimal policy. In contrast, DGA (red)
maintains a healthy level of entropy, facilitating sus-
tained exploration. Notably, DGA successfully nav-
igates the optimization landscape—evident from
the strategic adjustment phase around step 8k—and
steadily converges to the state-of-the-art accuracy
(> 85%), confirming that our energy-based objec-
tive effectively balances exploration and exploita-
tion.

5 In-depth Analysis

5.1 Analysis of Learned Energy Landscape

To validate the semantic meaningfulness of the
learned energy function Eϕ(x, q), we investigate
whether the continuous energy landscape effec-
tively captures the underlying discrete reward
structure. In standard dLLM RL, the ground-
truth reward R(x, q) is typically sparse and non-
differentiable (e.g., binary outcomes from a ver-
ifier), which often leads to high-variance gradi-
ent estimates. The core premise of DGA is that
the energy function should act as a smooth, dense
proxy for solution quality, where lower energy cor-
responds to higher correctness. To verify this, we
randomly sampled N = 2, 000 generated trajec-
tories from the DGA policy trained on GSM8K.
We visualized the distribution of their predicted en-
ergy scores against their ground-truth correctness
labels to assess the alignment between the learned
manifold and the task objective.
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Figure 3: Energy Score Distribution vs. Ground
Truth Reward. The plot reveals a distinct separation
between incorrect samples (gray, Mean Energy ≈ 1.6)
and correct samples (orange, Mean Energy ≈ −2.7).

As shown in Figure 3, the energy model ex-
hibits strong semantic alignment. Incorrect solu-
tions (gray) concentrate at high energy (µ ≈ 1.6),
while correct ones (orange) fall into a low-energy
basin (µ ≈ −2.7), yielding a clear bimodal separa-
tion. Energy also correlates tightly with correctness
(Pearson r = −0.82), and the lowest-energy quar-
tile achieves 96.7% accuracy. This explains the
stability in Section 4.3: a smooth energy landscape
provides dense learning signals under sparse re-
wards, steering the policy toward the correctness
mode.

5.2 Ablation Study
To rigorously verify the contribution of each com-
ponent in the proposed DGA framework, we per-
formed a "leave-one-out" ablation study on the
GSM8K dataset. We evaluated three variants by



Table 2: Ablation Study on GSM8K. We report Pass@1 Accuracy, the standard deviation of rewards (σR) to
measure stability, and the Mean Effective Sample Size (ESS). The Full DGA row aligns with our main results.
Removing the Energy Model causes the most significant drop (-5.6%), confirming that the continuous energy
landscape is the primary driver of performance.

Method Variant GSM8K Acc. ∆ Acc. Reward Std (σR) Mean ESS Failure Mode

Full DGA (Ours) 84.8 - 0.85 94.2 None

w/o Energy Model 79.2 -5.6 3.41 18.5 Sparse Gradient Signal
w/o Masked KL 81.5 -3.3 2.95 88.1 Early Mode Collapse
w/o Weight Clipping 83.1 -1.7 1.88 32.4 High Variance Updates

systematically removing key modules from the full
implementation: (1) w/o Energy Model: Replac-
ing the learned energy function Eϕ(x, q) with the
raw, normalized ground-truth reward for comput-
ing importance weights; (2) w/o Masked KL: Re-
moving the local trust region constraint (λ = 0 in
Eq. 15); (3) w/o Weight Clipping: Excluding the
weight clipping mechanism (Eq. 16) to test numer-
ical stability.

Table 2 summarizes the performance in terms
of Pass@1 accuracy, reward stability (σR), and
effective sample size (ESS).

Analysis of Components. The ablation results
underscore the critical synergy among DGA’s com-
ponents. The learned energy landscape Eϕ serves
as the cornerstone; replacing it with raw rewards
causes the most severe performance degradation (-
5.6%) and a precipitous drop in Mean ESS to 18.5,
confirming that the energy function acts as a neces-
sary dense smoothing operator over sparse discrete
rewards. Furthermore, the Masked KL constraint
proves vital for optimization stability; its removal
leads to a 3.3% accuracy drop and increased re-
ward volatility (σR = 2.95), indicating that the
trust region effectively prevents early mode col-
lapse. Finally, weight clipping ensures numerical
robustness (-1.7% impact); without it, gradient es-
timates are skewed by outliers (ESS drops to 32.4),
whereas clipping maintains low-variance updates
crucial for fine-grained convergence.

5.3 Computational Efficiency Analysis

Beyond generation quality, RL overhead is a key
bottleneck for scaling dLLMs. Tree-search meth-
ods such as d-TreeRPO build rollout trees with
branching factor B and height H to estimate ad-
vantages, leading to exponential compute and high
memory usage. In contrast, DGA casts alignment
as variational distribution matching and trains on
independent sample batches without maintaining

tree states. We quantify this on GSM8K with
8×A100, reporting training hours, throughput (to-
kens/s), peak GPU memory, and the inference pro-
tocol used for the final results.

Table 3: Computational Efficiency. All methods use
LLaDA-8B (20k steps / to convergence). Rel. Cost is
normalized to Diffu-GRPO. DGA achieves SOTA with
direct sampling; tree-based methods add training and/or
test-time search overhead.

Method Time (Hours) Rel. Cost Memory (GB) Throughput Inference Protocol

Diffu-GRPO 14.2 1.0× 42.5 3,250 tok/s Direct Sampling
d-TreeRPO 52.8 3.7× 78.2 890 tok/s Tree Rollout

DGA (Ours) 17.5 1.2× 46.8 2,640 tok/s Direct Sampling

Efficiency–Performance Trade-off. As sum-
marized in Table 3, DGA offers a stronger balance
between efficiency and accuracy. Compared to the
tree-based baseline d-TreeRPO, DGA is 3× faster
to train (17.5h vs. 52.8h) and uses 40% less mem-
ory, since d-TreeRPO must store and backtrack gra-
dients over the full rollout tree, which bottlenecks
throughput (890 tok/s). Relative to Diffu-GRPO,
DGA introduces only a modest 1.2× overhead for
energy estimation, yet delivers a clear gain (+4.7%
on GSM8K). Importantly, DGA achieves SOTA
with standard Direct Sampling at inference, avoid-
ing costly test-time tree search and thus remaining
practical under strict latency constraints.

6 Conclusion

We propose Diffusion-Gibbs Alignment (DGA),
which formulates RL for diffusion LLMs as vari-
ational distribution matching. A learned energy
function approximates the optimal Gibbs policy,
avoiding intractable marginals and enabling sta-
ble, gradient-free optimization. Across reasoning,
math, and code, DGA achieves SOTA with better
stability and efficiency than tree-search methods,
offering a 3× speedup, 40% less memory, and
direct-sampling inference.



7 Limitations

First, while DGA eliminates the need for costly test-
time tree search, training the auxiliary energy func-
tion introduces a modest computational overhead
compared to simpler baselines like Diffu-GRPO.
Second, our experimental evaluation is currently
limited to the LLaDA-8B backbone on reasoning
and coding tasks, leaving the scalability of DGA to
larger parameter scales and open-ended generation
domains for future investigation. Finally, although
we employ weight clipping to ensure numerical
stability, the reliance on self-normalized impor-
tance sampling may still face challenges with high
variance if the proposal distribution diverges sig-
nificantly from the optimal Gibbs target in highly
complex search spaces.
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