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Abstract. Diffusion Large Language Models (dLLMs) have achieved
remarkable success in pure language tasks and recently shown promis-
ing results in multimodal understanding. However, existing post-training
methods for multimodal dLLMs have not yet fully exploited the unique
structure and inference paradigm of diffusion models, leaving room for
more tailored optimization strategies. We present Bi-VRL, a reinforce-
ment learning framework specifically designed for multimodal dLLMs,
featuring a bidimensional optimization strategy that enables com-
prehensive optimization across both reasoning and diffusion timestep
dimensions. For the diffusion timestep dimension, our trajectory-level
optimization learns a value function over the entire diffusion path, en-
abling holistic credit assignment across denoising timesteps. For the rea-
soning dimension, our thought-level optimization decomposes outputs
into reasoning steps and delivers targeted rewards to enhance logical
soundness. This core strategy is augmented by a fine-grained multimodal
alignment mechanism that systematically evaluates both the logical cor-
rectness of reasoning steps and their grounding in visual evidence. Our
framework is architecture-agnostic, successfully applied to models with
both discrete vision tokens (MMaDA) and continuous vision embed-
dings (LLaDA-V). Extensive experiments across challenging multimodal
reasoning benchmarks demonstrate that Bi-VRL significantly outper-
forms strong supervised fine-tuning baselines, establishing effective post-
training methodology for multimodal dLLMs. We will release the code
at https://github.com/Gen-Verse/dLLM-RL.

Keywords: Diffusion Language Models - Multimodal Reasoning - Re-
inforcement Learning - Bidimensional Optimization

1 Introduction

Vision-language models have shown remarkable ability to understand and reason
about the world [19/30,46]. State-of-the-art systems use reinforcement learning to
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“Got it. The man in the view holds an instrument. We can also see a large piano and a green board. The board has music staves
drawn on it. This mix of tools strongly points to a place for teaching or practicing music. Thus, it is a music classroom.”
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Fig. 1: An overview of Bi-VRL framework. The framework processes multimodal inputs
(image and text) by supporting both discrete tokenization (via VQ-VAE) and contin-
uous representation (via vision encoder). The multimodal dLLM performs optimized
bidimensional generation across diffusion timesteps and token positions to produce the
response (top: example output). The generated response is then evaluated to formulate
a comprehensive Bidimensional Optimization & Alignment signal composed of
three key components: (i) Trajectory-level Optimization that assigns credit across
the diffusion trajectory, (#2) Thought-level Optimization that delivers rewards to
reasoning steps via LLM judges, and (#4) Fine-grained Multimodal Alignment
that verifies both logical soundness and visual grounding. These signals jointly opti-
mize the policy through reinforcement learning.

align their outputs with complex instructions and human preferences . Con-
currently, diffusion models have become a strong alternative for generative tasks
and have recently shown great promise in text generation .
These diffusion large language models (dLLMs) offer unique advantages, includ-
ing iterative refinement and substantial parallel acceleration potential. However,
reinforcement learning, key to activating the reasoning ability of language mod-
els, remains largely underexplored for multimodal dLLMs.

Applying reinforcement learning to multimodal dLLMs presents specific chal-
lenges. Unlike the linear generation in AR models, the iterative, non-autoregressive
process of dLLMs creates a two-dimensional optimization landscape over token
positions and denoising timesteps. Recent work on dLLM-RL/TraceRL has
addressed the temporal dimension by introducing trajectory-aware optimization
that aligns training with inference traces across denoising timesteps in pure text
settings. However, existing approaches primarily focus on unimodal scenarios
and trajectory-level credit assignment, while providing limited supervision on
the logical structure of the generated content, particularly in terms of grounding
reasoning steps in visual evidence. This raises a key question for multimodal
reasoning: How can we extend RL optimization beyond the temporal dimension
to also address the spatial dimension of reasoning structure, while ensuring tight
coupling between textual reasoning and visual grounding?
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To address this question, we propose Bi-VRL, a Bidimensional Visual
Reinforcement Learning framework for multimodal dLLMs. Building upon dLLM-
RL/TraceRL’s trajectory-level optimization infrastructure for the temporal di-
mension, our key contribution is a Bidimensional Optimization Strategy
that unifies temporal and spatial optimization for multimodal reasoning. Specif-
ically, we extend the existing trajectory-level optimization along the temporal
dimension with a Thought-level Optimization along the spatial dimension,
which decomposes the output into reasoning steps and leverages the diffusion
generation schedule to identify causally significant tokens that mark the cul-
mination of each reasoning step. To enable comprehensive evaluation at this
granular level, we introduce a Fine-grained Multimodal Alignment mecha-
nism that acts as a verifier, systematically assessing both the logical soundness of
textual reasoning and its grounding in visual evidence. By concentrating rewards
on these pivotal tokens based on their logical correctness and visual alignment,
our framework creates a sparse yet precise optimization signal that couples the
iterative refinement of diffusion with visually-grounded logical reasoning. We
summarize our contributions as follows:

— We propose Bi-VRL, a reinforcement learning framework for multimodal
diffusion language models that extends trajectory-level optimization to in-
corporate spatial reasoning structure.

— Our core contribution is a bidimensional optimization strategy that
unifies temporal trajectory optimization with spatial thought-level optimiza-
tion, augmented by fine-grained multimodal alignment, enabling comprehen-
sive credit assignment across the diffusion process, logical reasoning steps,
and visual grounding.

— We demonstrate the architectural generality of our framework by applying it
to two distinct models: MMaDA (with discrete vision tokens) and LLaDA-V
(with continuous vision embeddings).

— Through extensive experiments on challenging multimodal reasoning bench-
marks, we show that Bi-VRL substantially outperforms both strong super-
vised fine-tuning baselines and alternative RL methods.

2 Related Work

Diffusion Language Model Early work on diffusion language models (DLMs) has
split into two main lines: continuous methods that embed tokens in a continu-
ous space and discrete methods that operate directly on the vocabulary through
learned categorical transitions or masking schemes [110}|13}({14}341/35]/37,/4 1}[55].
Masked diffusion language models have proved particularly effective and have
now been scaled from billion-parameter to hundred-billion-parameter regimes,
with open-source examples such as LLaDA [34], Dream [55|, SDAR [8], and
LLaDA2.X |2)3]. Building on this, MMaDA [54], LLaDA-V [56], Lumina-DiMOO
[52,53] and LaViDa-O [27] extend the paradigm to the multimodal setting,
demonstrating its potential beyond unimodal language processing. Recent work
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has also begun exploring reinforcement learning to further improve diffusion
language models in both unimodal and multimodal settings.

Reinforcement Learning for Multimodal Reasoning Reinforcement learning (RL)
has become a key technique for unlocking the reasoning capabilities of large lan-
guage models [15}/17,/20L21,49.|58]. Recent work has started to extend this RL-
based paradigm to the multimodal setting [36,40], where models must not only
follow complex instructions but also ground their reasoning in visual evidence,
localize relevant regions, and maintain consistency between intermediate steps
and final answers. Initial attempts have also explored applying RL to multimodal
diffusion language models, with approaches employing random masking strate-
gies [54] or coupled masking strategies [28]|. However, these methods primarily
rely on coarse outcome-level rewards and do not exploit the unique bidimensional
structure of diffusion generation—specifically, the interplay between the tempo-
ral dimension of iterative refinement across denoising timesteps and the spatial
dimension of reasoning structure across token positions. A central question re-
mains: how to design a comprehensive optimization strategy that addresses both
dimensions while ensuring fine-grained visual grounding and logical soundness?

3 Bi-VRL Framework

In this section, we present Bi-VRL, a Bidimensional Visual Reinforcement
Learning framework designed to unlock the multimodal reasoning capabilities of
large diffusion language models. An overview of the framework is shown in Fig-
ure[l} Bi-VRL is built to handle the challenges of applying reinforcement learning
to the iterative, non-autoregressive generation process of diffusion models. We
first describe a hybrid tokenization scheme that bridges the discrete nature of
text with the continuous representation of visual data. We then introduce a
bidimensional reward strategy that provides fine-grained optimization signals at
both the full-generation trajectory level and the intermediate reasoning thought
level. Finally, we detail a fine-grained multimodal alignment mechanism that
tightly couples visual perception and textual generation throughout the reason-
ing process.

3.1 Hybrid Image Tokenization Scheme

To ground the model’s reasoning in visual information, Bi-VRL supports two
image tokenization strategies, discrete and continuous, allowing it to flexibly
exploit the strengths of both representations.

Discrete Image Tokenization Creating unified architectures for both understand-
ing and generation is common for multimodal dLLMs, given diffusion model’s
strength in image generation, as in MMaDA [54] and Lumina-DiMOO [53|. These
models use a Vector-Quantized Variational Autoencoder (VQ-VAE) [45] to en-
code images into sequences of discrete integer indices from a learned codebook.



Bidimensional Reinforcement Learning for Multimodal Diffusion Language Models 5

The resulting visual tokens are prepended to the text tokens, forming a uni-
fied input stream, so a single model processes visual and textual information
in a shared format. To ensure the broad applicability of Bi-VRL, we explicitly
support this discrete tokenization pathway.

Continuous Image Representation We also use the pre-trained vision encoder
SigLIP [61] to map the entire image into dense, high-dimensional embeddings.
These continuous embeddings are not part of the input token sequence; instead,
they are injected into the diffusion model as conditioning via cross-attention.
This provides a holistic semantic image representation that guides the iterative
generation process. By supporting both discrete and continuous pathways, Bi-
VRL can exploit fine-grained, localized information from discrete visual tokens
and rich, global semantic context from continuous embeddings. This versatility
is crucial for applying our reinforcement learning strategy across diverse multi-
modal reasoning tasks.

3.2 Bidimensional Optimization Strategy

The iterative refinement process of diffusion language models is not constrained
by a fixed generation order, turning generation from a one-dimensional path
into a two-dimensional space over token positions and diffusion timesteps. We
argue that an effective RL framework must exploit this bidimensional structure,
which existing methods largely overlook. To bridge this gap, we introduce a
Bidimensional Optimization Strategy that delivers targeted optimization
signals along both axes.

This strategy comprises three synergistic components. Along the temporal di-
mension, trajectory-level optimization evaluates the entire generation path,
assigning credit and propagating value signals (returns and advantages) across
diffusion timesteps. Along the spatial dimension, thought-level optimization
provides fine-grained credit assignment by decomposing the output into reason-
ing steps and concentrating rewards on causally significant tokens that mark
the culmination of each step. To enable this spatial optimization, fine-grained
multimodal alignment acts as a verifier that systematically evaluates both the
logical soundness of each reasoning step and its grounding in visual evidence,
providing the reward signals for thought-level optimization. Further implemen-
tation details, including the pseudocode and evaluation prompts, are provided
in the Appendix.

Trajectory-level Optimization For the temporal dimension, we build upon
the TraceRL framework [48], which provides an efficient infrastructure for trajectory-
aware optimization in diffusion language models. We extend TraceRL’s trajec-
tory representation and value learning mechanism to the multimodal setting, en-
abling our model to learn a temporally consistent value landscape that is tightly
coupled to both visual and textual contexts. At its core is a value function Vg,
trained to estimate the expected future outcome from any given intermediate
multimodal state.
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We represent the visual input as a general visual context Cj,g4, consistent
with our hybrid tokenization scheme. It is either a sequence of discrete vi-
sual tokens, Cimg = {v1,v2,...,vx}, or a set of continuous embedding vectors,
Cimg = {e1,€2,...,e,} extracted by a vision encoder. A state at diffusion
timestep ¢ is characterized by the textual component S;, where tokens scheduled
for generation at timesteps ¢’ > ¢ are masked.

The value function does not operate on S; in isolation, but instead on a
fused multimodal representation. Let M denote the backbone of our diffusion
model (e.g., a Transformer). Unlike autoregressive models, which rely on causal
attention, M uses full (bidirectional) attention. This allows every element in
the input sequence, including text tokens S; and visual features Cj,q, to freely
attend to one another, producing a tightly integrated hidden representation Hy:

Hy = M(St, Cimg)-

Our value function Vj, parameterized by ¢, is trained to estimate the expected
future outcome from this rich multimodal hidden state, i.e., Vy(H;). A full
generation trajectory is thus represented as a sequence of hidden states, 7 =
(Ho,Hy, ..., Hr). After the trajectory is completed, we evaluate the quality of
the final reasoning output to obtain a reward signal.

To propagate this signal and obtain a dense, per-step optimization target,
we adopt Generalized Advantage Estimation (GAE) [38]. For each multimodal
state, the temporal-difference (TD) residual d; is defined as

0p =11 + 7V¢(Ht+1) — V¢(Ht>7

where 7 is the discount factor and r; is the reward at step . The GAE advantage
A, is then computed recursively as A, = 0, + (’y)\)AtH. The learning target for
the value function, i.e., the return R, is given by Ry = A, + Vy(Hy). We will
introduce how 7; is obtained in Sec. [3.2] as this plays a central role in aligning
trajectory-level optimization with thought-level optimization.

The value function Vy is updated by minimizing a clipped mean-squared
error loss over the sequence of multimodal hidden states, through the following
training objective [39):

L(d)) = ET ?

Z max ((V¢(Ht) — Ry)?, (Veip (Hy) — Rt)Q)
t=0

where Veip(H;) denotes the clipped value prediction used to stabilize training.
Through this process, V4 learns to produce an accurate, step-by-step evaluation
of the multimodal generation trajectory, yielding a dense optimization signal that
guides the model toward high-quality reasoning grounded in the visual context.

Thought-level Optimization For the spatial dimension, we introduce the
Thought-level Optimization strategy that provides fine-grained credit assign-
ment across token positions. The key challenge is to deliver targeted supervision
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to intermediate reasoning steps rather than relying solely on a coarse outcome-
level reward. To address this, we leverage chunk-level reward signals Rj, provided
by our fine-grained multimodal alignment mechanism, which evaluates both the
logical soundness and visual grounding of each reasoning step.

A key innovation of our approach lies in the design of the credit assignment
mechanism. Let Tyap = (71,...,71) denote the generation schedule of the dif-
fusion process, where 7; is the timestep at which token y; is generated. Rather
than uniformly distributing Ry across all tokens in chunk Zj, we identify a small
subset of causally significant tokens. To this end, we define a mapping function
@ that selects the indices of tokens generated at the latest timesteps within the
concluding segment of each chunk:

K = D(Zk, Tinap)-

These tokens, indexed by Kj, mark the culmination of a reasoning step. By
concentrating the reward signal on these pivotal points, we construct a sparse,
token-level reward vector r = (71,...,rr), where each token reward r; is defined
as:

Ry if j € K for some k € {1,..., K}
r; = .
0 otherwise

This formulation yields a precise and effective gradient signal, encouraging the
model to correctly complete each thought before moving on to the next. The
resulting sparse reward vector r is then used to compute A, (see Sec. . Fi-
nally, we perform thought-level optimization of the policy 7y with the following
objective:

WG(Htfl | Ht)

T
L(O)=E gD [Zcé(wold(Ht—l | Hy)

A - BKL,
Trmola (@) T =
where C,(r, A) = min(rA4, clip(r,1 — ¢,1 + €)A), KL = KL(7p||mo1d), Tola is the
old policy, 8 and € are hyperparameters.

By jointly optimizing £(0) and L(¢), we align trajectory-level and thought-
level optimization, with fine-grained multimodal alignment rewards, thereby
achieving bidimensional optimization across both temporal and spatial dimen-
sions.

Fine-grained Multimodal Alignment While the trajectory-level optimiza-
tion provides a holistic value signal for the entire generation path, it does not
explicitly penalize subtle logical errors or misalignments between textual asser-
tions and visual evidence. To bridge this gap and provide the reward signals
for thought-level optimization, our framework incorporates a dedicated Fine-
grained Multimodal Alignment mechanism. This component acts as a verifier,
systematically evaluating both the logical soundness of each reasoning step and
its grounding in visual evidence.



8 B. Li et al.

Instead of relying on a single outcome reward o, this component delivers
targeted rewards to intermediate reasoning steps. Given a complete generated
respounse (at t = 0) represented as a token sequence Y = (y1, 2, ...,yr), we par-
tition it into K contiguous, non-overlapping text chunks Zi, Zs, ..., Zx, where
each chunk 7 serves as a proxy for one step in the model’s chain of thought.

To assess both the logical correctness and visual grounding of each chunk Zj,
we employ a panel of powerful large vision-language models (LVLMs), 71, ..., In,
as automated judges. These judges receive both the input image and text, and
are instructed to evaluate each chunk along several key dimensions:

— Visual Alignment: Does the chunk contradict or hallucinate information
not present in the image?

— Logical Soundness: Does the chunk contain mathematical errors, flawed
reasoning, or fallacious arguments?

— Absence of Justification: Does the chunk present an answer or conclusion
without the necessary preceding steps or justification (i.e., “answer-only”)?

— Internal Consistency: Does the chunk contradict information presented
in previous chunks of the same response or the initial problem statement?

To facilitate this nuanced evaluation, for each chunk we construct a comprehen-
sive prompt, Pg:

Py, = PromptBuilder(Q, Ag:, Y, c(Y), Z),

where () is the textual problem statement, Ag4; is the ground-truth answer, Y is
the full generated response with its final correctness label ¢(Y'), and Zj is the
specific chunk to be scored.

Each judge J, processes the prompt Py along with the input image and
outputs a score s, € {—1,1}. To further improve robustness and reduce the
bias of any single judge, we combine the thought-level rewards s, ; with the
verifiable outcome reward o € {—1,1} obtained in the RL training data. The
final integrated reward for chunk k is then given by:

R = Stk if sip =52k =""=5Nuk,
k= .
o, otherwise.

This evaluation is fully parallelized, with dedicated inference engines processing
batches of prompts to maximize throughput. This mechanism creates a dense
reward landscape that directly penalizes logical errors and deviations from visual
evidence, compelling the model to generate text that is both logically coherent
and rigorously grounded in the provided image. These chunk-level rewards Ry,
serve as the foundation for the thought-level optimization described in Sec.

4 Experiments

4.1 Experimental Setup

Models To rigorously validate the architectural agnosticism of our Bi-VRL frame-
work, we instantiate it on two distinct multimodal diffusion models, each repre-
senting one of the pathways in our proposed Hybrid Image Tokenization Scheme.
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For the discrete tokenization pathway, we employ MMaDA [54], a model with a
unified understanding-generation architecture. MMaDA leverages a pretrained
MAGVIT-v2 [57] quantizer to transform a 512 x 512 pixel image into a sequence
of 1024 discrete visual tokens, which are then prepended to the text sequence to
form a homogeneous input stream. In contrast, for the continuous representation
pathway, we utilize LLaDA-V [56]. This model adopts a powerful siglip2-so400m-
patch14-384 vision tower [44] to encode the image into high-dimensional contin-
uous embeddings, which are injected into the diffusion model as a conditioning
signal via a two-layer MLP projector. By demonstrating the efficacy of Bi-VRL
on these two architecturally disparate models, we substantiate its flexibility and
broad applicability across different paradigms of visual data integration.

Datasets and Benchmarks Our training dataset is curated by sourcing visual rea-
soning problems from established collections, including GeoQA [4], CLEVR |22],
MMK12 [33], and GQA [18]. We employ a rigorous filtering process, leveraging
state-of-the-art models as judges to select questions of moderate difficulty. To
ensure a rich diversity of problem types for robust learning, this filtered set is
then programmatically processed to encompass three distinct formats: numeric
answer, multiple-choice, and binary (true/false) questions. To monitor perfor-
mance curves during training, we use the MathVerse-testmini. For the final,
comprehensive performance evaluation, we assess our models on a wide array of
challenging benchmarks: MMMU [59], MMMU-Pro [60], MMStar [6], MME |11],
SEEDBench [26], MMBench [31], MathVerse [62].

Implementation Details During the RL fine-tuning process, we sample a mini-
batch of 32 prompts at each optimization step. For each prompt, we generate 8
candidate responses and filter out instances where all responses are either correct
or incorrect to ensure a meaningful training signal. Following LLaDA [34], we
employ a semi-autoregressive generation scheme with a maximum length of 256
tokens and a block size of 32. To align with this paradigm, the chunk length
for our thought-level optimization is set to 128. A sampling temperature of 0.8
is used during training. The policy model is updated with a learning rate of
1x 1079, while the value model, when applicable, uses a learning rate of 5x 1076.
For evaluation, we maintain the same settings but reduce the temperature to 0.1
to favor more deterministic outputs. And we sample each question 3 times and
take the average as the final score.

4.2 Main Results

We evaluate the effectiveness of Bi-VRL by applying it to two architecturally
distinct multimodal diffusion models: LLaDA-V (continuous vision embeddings)
and MMaDA (discrete vision tokens). Table presents a comprehensive compar-
ison across seven challenging multimodal reasoning benchmarks. Our framework
delivers substantial and consistent improvements across both model architec-
tures and nearly all evaluation benchmarks, validating that Bi-VRL is an ef-
fective post-training method for enhancing multimodal reasoning capabilities.
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Table 1: Performance gains from the Bi-VRL framework on major multimodal rea-
soning benchmarks. Our enhanced models demonstrate significant improvements over
their respective baselines. Other contemporary models are listed for contextual refer-
ence.

Model Arch. MMMU MMMU-Pro MMStar ~MME SeedB MMB MathVerse
LLaVA-Phi |64] AR - - - -/1335 - 59.8 -
LLaVA-1.5 [29] AR . - - 1510 661 64.3 .
Qwen2-VL |46 AR 54.1 43.5 60.7 - - - -
DeepSeek-VL2 [50] AR 51.1 - 61.3 - - - -
Janus-Pro |7] AR 41.0 - - -/1567 721 79.2 -
Emu3 [47] AR 31.6 - . - 68.2 585 -
MAmmoTH [16] AR 50.8 - 63.0 - 76.0 - 34.2
LLaVA-OV |25 AR 48.8 - 61.7 418/1580 754  80.8 26.2
BAGEL |9 AR-+Diff.  55.3 - - -/1610 - 79.2 -
BLIP3-o0 |5 AR+Diff.  50.6 - - 647/1682 77.5  83.5 -
MetaMorph 43| AR+Diff.  41.8 - - - 71.8 752 -
Show-o [51] AR+Diff.  27.4 ; . 1232 - . .
JanusFlow |32 AR-+Diff.  29.3 - - -/1333 70.5 749 -
Orthus [23| AR+Diff. 282 - - -/1265 - - -
LaViDa-R1 [28] Diff. : 32.8 . y . . 38.7
LLaDA-V Diff. 48.6 35.2 60.1 491/1507  74.8  82.9 28.5
LLaDA-V + Bi-VRL (ours) Diff. 53.4 38.3 63.2 511/1554 81.1 85.4 31.2
MMaDA Diff. 30.2 26.4 37.6 401/1410 64.2 68.5 23.5
MMaDA + Bi-VRL (ours) Diff. 33.8 30.2 40.0 420/1487 64.6 68.1 28.3

Notably, the effectiveness of Bi-VRL across two fundamentally different archi-
tectures demonstrates the broad applicability of our bidimensional optimization
strategy, showing that our framework can be readily adapted to various multi-
modal diffusion model designs without requiring architecture-specific modifica-
tions.

4.3 Ablation Study

To understand the contribution of each component in our Bi-VRL framework and
validate the effectiveness of our bidimensional optimization strategy, we conduct
comprehensive ablation studies. We analyze both the individual contributions
of our three core components and compare our approach against alternative RL
methods. The SFT baseline is obtained by briefly fine-tuning the original models
to align their output format with our automated answer verification, which may
result in slightly lower scores than originally reported.

Component Ablation We systematically ablate each of the three core compo-
nents of our framework—trajectory-level optimization, thought-level optimiza-
tion, and fine-grained multimodal alignment—to assess their individual contri-
butions. Table [2] presents the results on both LLaDA-V and MMaDA across
seven benchmarks.

The results reveal several key insights. First, removing trajectory-level opti-
mization causes the most significant performance drop across most benchmarks,
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Table 2: Component ablation study. We remove each component individually to as-
sess its contribution. All three components provide complementary benefits, and their
synergistic combination yields the best overall performance.

LLaDA-V MMMU MMMU-P MMStar MME SeedB MMB MathV
SFT Baseline 48.6 35.2 60.1 491/1507  74.8 82.9 28.5
Ours (Full) 53.4 38.3 63.2 511/1554 81.1 85.4 31.2

- Trajectory-level Opt. 51.6 37.5 61.3 504/1540  78.8 84.5 29.7

- Fine-grained Align. 52.7 37.9 61.6 504/1550  78.6 84.1 30.5

- Thought-level Opt. 53.0 38.2 62.8 508/1534 81.4 85.4 30.9
MMaDA MMMU MMMU-P MMStar MME SeedB MMB MathV
SEF'T Baseline 30.2 26.4 37.6 401/1410  64.2 68.5 23.5
Ours (Full) 33.8 30.2 40.0 420/1487 64.6 68.1 28.3

- Trajectory-level Opt. 31.6 28.6 39.1 409/1425  64.3 68.4 26.6

- Fine-grained Align. 32.6 28.5 38.9 408/1470  64.9 68.0 27.0

- Thought-level Opt. 33.5 29.7 39.8 416/1473  64.7 68.8 27.8

highlighting its foundational role in providing holistic credit assignment across
the diffusion trajectory. Second, removing fine-grained multimodal alignment
leads to notable degradation, particularly on benchmarks requiring strong vi-
sual grounding (e.g., MMMU, MMStar), confirming its effectiveness in penal-
izing visual hallucinations and enforcing faithful perception. Third, removing
thought-level optimization results in smaller but consistent drops, especially on
reasoning-intensive benchmarks like MathVerse, demonstrating its value in pro-
viding fine-grained supervision at the reasoning step level.

Importantly, the full model with all three components consistently achieves
the best or near-best performance across all benchmarks, validating the synergis-
tic effect of our bidimensional optimization strategy. Each component addresses
a complementary aspect of the optimization challenge: trajectory-level opti-
mization handles temporal credit assignment, thought-level optimization pro-
vides spatial granularity, and fine-grained multimodal alignment ensures visual
grounding. Their combination yields a comprehensive and robust optimization
signal.

Comparison with Alternative RL Methods To demonstrate the superior-
ity of our bidimensional optimization strategy, we compare Bi-VRL against two
simpler RL baselines representing existing approaches in the literature: (1) Ran-
dom Masking, which randomly masks a subset of tokens and applies PPO with
outcome-level rewards (analogous to methods used in d1 [63] and MMaDA [54]),
and (2) Coupled-GRPO, which uses paired complementary masks to ensure
coverage (similar to approaches in DiffuCoder [12] and LaViDa-R1 [28]). Table[3]
presents the comprehensive comparison.

The results reveal a clear performance hierarchy. Random Masking, which
applies RL without sophisticated credit assignment, provides only marginal im-
provements over the SF'T baseline. Coupled-GRPO achieves better results through
improved coverage but still falls significantly short of our method. In contrast,
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Table 3: Comparison with alternative RL methods. Our Bi-VRL framework substan-
tially outperforms simpler RL baselines that lack bidimensional optimization, demon-
strating the importance of our trajectory-level and thought-level credit assignment
strategy.

LLaDA-V MMMU MMMU-P MMStar MME SeedB MMB MathV
SE'T Baseline 48.6 35.2 60.1 491/1507  74.8 82.9 28.5
Random Masking 49.9 35.2 60.0 497/1534  75.2 84.0 28.8
Coupled-GRPO 51.8 37.0 60.6 499/1550  77.9 83.5 29.2
Bi-VRL (Ours) 53.4 38.3 63.2 511/1554 81.1 85.4 31.2
MMaDA MMMU MMMU-P MMStar MME SeedB MMB MathV
SEF'T Baseline 30.2 26.4 37.6 401/1410 64.2 68.5 23.5
Random Masking 30.7 27.6 38.1 410/1443  63.9 68.0 25.5
Coupled-GRPO 30.9 28.1 38.6 417/1462  64.4 68.8 26.3
Bi-VRL (Ours) 33.8 30.2 40.0 420/1487 64.6 68.1 28.3

Bi-VRL substantially outperforms both baselines across nearly all benchmarks,
validating our core hypothesis: effective RL for diffusion language models re-
quires bidimensional optimization that addresses both the temporal dimension
(via trajectory-level value learning) and the spatial dimension (via thought-level
credit assignment with fine-grained multimodal alignment). Existing approaches
that rely solely on outcome-level rewards with simple masking strategies fail to
exploit the unique bidimensional structure of diffusion generation and conse-
quently achieve limited improvements.

4.4 Qualitative Analysis

To provide deeper insight into how our fine-grained multimodal alignment mech-
anism improves reasoning quality, we present qualitative case studies in Figure
These examples illustrate how our framework corrects different types of reason-
ing failures by enforcing both logical soundness and visual grounding through
the alignment scores produced by our LVLM judges.

Visual Hallucination Correction. The first example (top row) demonstrates how
our framework addresses visual hallucination—a critical failure mode where the
model generates content unsupported by the image. The base MMaDA model in-
correctly claims the tree suffers from a “nematode attack,” a concept not present
in the visual evidence, resulting in a low alignment score of 0.694. This hallu-
cination occurs because the model lacks fine-grained supervision on the visual
grounding of its reasoning chunks.

In contrast, our Bi-VRL-enhanced model (MMaDAT) begins with a visually
grounded observation: “The tree is placed on a piece of paper, which is not typical
for a pot.” This accurate perception is rewarded by our fine-grained multimodal
alignment mechanism, which employs LVLM judges to evaluate each reasoning
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Base MMaDA

MMaDA' (with dLLM-VRL)

Question: What seems to be the
issue with this young citrus tree?
(Answer: E. Pot bound)

The image shows a young citrus tree with a visible
root system. The roots appear to be thin and brittle,
which is characteristic of a nematode attack.
Nematodes are known to cause root issues in citrus
trees. This suggests that there is a problem with the
tree.

Final Answer: B

To determine the issue with the young citrus tree, I need
to analyze the image. The image shows a young citrus tree
with a lot of thin, brown roots. These roots are visible and
appear to be weak ... The tree is placed on a piece of
paper, which is not typical for a pot. The presence of the
roots and the paper suggests that the tree might not be in
apot or a container...

Final Answer: E

Alignment Score: 0.694

Alignment Score: 0.795

Question: As shown in the figure,
AABC is inscribed in ©0, £BAC =
120°, AB = AC = 4, and BD is the
diameter of @0. Then BD =_.
(Answer: 8)

In triangle BAD, since BD is the diameter, ZBAD =
90°. And we can see AD = AB. Given AB = 4, we
assume AD = 4. By the Pythagorean theorem, BD
=V +43) =42,

Final Answer: 4\/2

In AABC, since AB = AC = 4 and £BAC = 120°, we find
£BCA = (180°-120°) / 2 = 30°. Angles subtended by
the same arc are equal, so ZBDA = ZBCA = 30°. In
ABAD, since BD is the diameter, ZBAD = 90°. Using
trigonometry, BD = AB / sin(4BDA) = 4 / sin(30°) = 8. So
BD =8.

Final Answer: 8

Alignment Score: 0.571

Alignment Score: 0.857

Question: The figure shows the
unfolded net of a cubic box, with

When folded, the sum of opposite faces is constant.
In this net, the top face '3' and the bottom face '4'
are opposite. Therefore, the constant sum for any
pair of opposite faces is 3 + 4 = 7. Face '1'is
opposite to face 'x', so 1 + x = 7, which means x =
6. The face with the number '3’ is opposite to

When the net is folded, the pairs of opposite faces are
(1,%), (2, ), and (3, 4). We can find the constant sum
using the pair of faces with known numbers, which are
'3'and '4". The sum is 3 + 4 = 7. This means that the sum
of numbers on every pair of opposite faces must be 7. For
the pair (1, x), their sum must be 7. This gives us the
equation 1 +x = 7, which means x = 6.For the pair (2,y),

different numbers and letters on its
surfaces. When folded along the
dotted lines to form a cube, the sum
of the numbers on opposite faces is
equal. Then, x+y= __

(Answer: 11)

face'y',s03 +y =7, whichmeans y = 4.
Therefore, x +y = 6 + 4 = 10.
Final Answer: 10

their sum must also be 7. This gives us the equation 2 +y
=7, whichmeansy =5.
Final Answer: 11

Alignment Score: 0.615 Alignment Score: 0.846

Fig. 2: Qualitative comparison showing how Bi-VRL corrects reasoning failures
through fine-grained multimodal alignment. Each row shows: (left) the question with
image, (middle) base model output with alignment score, (right) our enhanced model
output with improved alignment score. The alignment scores are computed by our
LVLM judges evaluating both logical correctness and visual grounding of reasoning
chunks. Green highlights indicate correctly grounded observations; red highlights indi-
cate errors.

chunk against the image. Specifically, the judges assess whether the chunk con-
tradicts or hallucinates information not present in the image (the Visual Align-
ment criterion). By assigning positive rewards Ry to chunks with faithful visual
grounding and negative rewards to hallucinated content, our thought-level opti-
mization concentrates these rewards on causally significant tokens, guiding the
model toward correct reasoning. The improved alignment score of 0.795 quanti-
tatively reflects this enhanced visual fidelity.

Logical Grounding Enforcement. The second example (middle row) highlights
how our framework enforces logical consistency with visual evidence. The base
model makes an unsubstantiated assumption (“AD = AB”) that is not supported
by the geometric properties shown in the image, leading to an alignment score
of 0.571. This error stems from insufficient supervision on the logical soundness
of intermediate reasoning steps.

Our enhanced model correctly applies a valid geometric theorem: “Angles
subtended by the same arc are equal, so /ZBDA = /ZBCA = 30°.” This reasoning
is both logically sound and derivable from the visual configuration. Our fine-
grained alignment mechanism rewards this correct reasoning through the Logical
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Soundness criterion, which checks whether chunks contain mathematical errors
or flawed reasoning. The trajectory-level optimization then propagates these
rewards across the diffusion trajectory, enabling the model to learn that logical
consistency with visual evidence leads to better outcomes. The alignment score
improves to 0.857, confirming the enhanced logical grounding.

Spatial Understanding Improvement. The third example (bottom row) showcases
improved spatial reasoning. The base model incorrectly identifies opposite faces
of the unfolded cube (“The face with the number ‘3’ is opposite to face ‘y’ ),
achieving an alignment score of 0.615. This spatial misinterpretation indicates
insufficient visual-spatial reasoning capability.

Our enhanced model correctly identifies all pairs of opposite faces: “the pairs
of opposite faces are (1, x), (2, y), and (3, 4).” This accurate spatial interpre-
tation is enabled by our bidimensional optimization strategy. The fine-grained
alignment mechanism evaluates the spatial correctness of each reasoning chunk
against the image, while the thought-level optimization delivers targeted rewards
to the tokens marking the culmination of each reasoning step (as defined by the
mapping function @ in Sec.[3.2). The improved alignment score of 0.846 demon-
strates the enhanced spatial understanding.

Summary. These examples collectively demonstrate that our fine-grained mul-
timodal alignment mechanism acts as an effective verifier, systematically penal-
izing deviations from visual evidence across multiple error types. The alignment
scores, computed by LVLM judges evaluating both textual reasoning and vi-
sual grounding, provide interpretable measures of improvement. Crucially, these
qualitative improvements reflect the synergistic interplay of our three core com-
ponents. Beyond these specific cases, we observe similar patterns of improve-
ment across our training data, where the model progressively learns to anchor
its reasoning in observable visual features rather than making unwarranted as-
sumptions. The interpretability afforded by our chunk-level alignment scores also
facilitates error diagnosis and iterative refinement, making our framework par-
ticularly valuable for applications requiring high reliability and transparency in
multimodal reasoning.

5 Conclusion

We presented Bi-VRL, a reinforcement learning framework for multimodal dif-
fusion language models. Our bidimensional optimization strategy addresses the
iterative, non-autoregressive generation process by combining three synergistic
components: trajectory-level optimization for holistic credit assignment across
diffusion timesteps, thought-level optimization for fine-grained supervision on
reasoning steps, and fine-grained multimodal alignment for visual grounding and
logical soundness.

Experiments on two architecturally distinct models—LLaDA-V with contin-
uous vision embeddings and MMaDA with discrete vision tokens—demonstrated
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the effectiveness and broad applicability of our framework. Ablation studies con-
firmed that all three components contribute complementary benefits, yielding
substantial performance improvements across seven challenging multimodal rea-
soning benchmarks. Qualitative analysis revealed that our framework effectively
corrects visual hallucinations, logical inconsistencies, and spatial misinterpreta-
tions.

This work establishes bidimensional optimization as an effective paradigm
for post-training multimodal diffusion language models, providing a foundation
for future research in reinforcement learning for non-autoregressive generative
models.
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