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Abstract

Multimodal diffusion Large Language Models
(dMLLMs) emerge as a compelling alternative
to traditional autoregressive paradigms. But
they still suffer from hallucinations driven by
an inherent language bias. Through an analysis
of the dMLLM inference dynamics, we
observe that visual tokens frequently receive
disproportionately low attention scores. We
identify that the conventional low-confidence
remasking strategy redundantly leverages
logit-based probabilities during the token
selection process, thereby exacerbating this
language bias. To address this vulnerability,
we propose Attention-Aware Remasking, a
training-free, plug-and-play strategy that incor-
porates newly defined visual confidence scores
to select the final output tokens, effectively
promoting visual grounding. To enhance
the logical integrity and inference efficiency
of dLLMs, we further propose clue-based
answering and echo-filling. Evaluations on
representative Visual-Language Natural Lan-
guage Explanation (VL-NLE) tasks, including
VQA-X and e-SNLI-VE, demonstrate that
our method achieves the highest BERTScore
on both VQA-X and e-SNLI-VE, and the
best answer accuracy on VQA-X among the
compared methods. Our study reveals that the
widely adopted logit-based remasking is not
necessarily the optimal approach, highlighting
promising new avenues for visually grounded
inference in dMLLMs. Our code is available
at: https://github.com/yechancha/Attention-
aware-Remasking.

1 Introduction

Recent advances in Large Vision-Language Mod-
els (LVLMs) (Alayrac et al., 2022; Liu et al., 2023),
which integrate visual and linguistic information,
have highlighted the importance of modality align-
ment (Li et al., 2023; Leng et al., 2024). This con-
cern has motivated extensive research on mitigating
hallucinations caused by visual-textual misalign-

ment in these frameworks, as such failures reveal a
lack of visual fidelity: models may generate linguis-
tically plausible responses that are insufficiently
grounded in the actual visual evidence (Wang et al.,
2025; Zhao et al., 2025b).

Concurrently, diffusion Large Language Models
(dLLMs) are rapidly emerging as a compelling al-
ternative to the conventional autoregressive (AR)
paradigm (Li et al., 2025b; Nie et al., 2025; Ye et al.,
2025). Unlike traditional AR models that generate
tokens sequentially from left to right, dLLMs can
generate multiple tokens simultaneously in a paral-
lel and non-sequential manner. Leveraging these ar-
chitectural advantages, recent efforts have extended
this approach into diffusion multimodal large lan-
guage models (dMLLMs), which process visual
and linguistic features within a unified token space
(You et al., 2026; Li et al., 2025a).

As noted earlier, a significant challenge in
LVLMs remains the lack of visual fidelity. Recent
studies have observed that these models frequently
assign disproportionately low attention scores to
visual inputs, leading to hallucinations where they
mention non-existent objects or contradict visual
facts (Chen et al., 2024; Zhao et al., 2025a). This
points to a strong language bias, where the model
prioritizes learned linguistic patterns over actual vi-
sual evidence. However, whether this vulnerability
persists within dMLLMs remains under-explored,
highlighting a need to investigate the inference dy-
namics of dMLLMs and develop effective strate-
gies to enhance their visual alignment.

By tracing the inference process of dMLLMs, we
observed that the issue of disproportionately low
attention scores being allocated to visual tokens
persists in these models as well. During inference,
dMLLMs simultaneously generate predictions for
all masked tokens, retain only the tokens deemed
most confident as outputs, and remask the remain-
der. As illustrated in Figure 1, the conventional
low-confidence remasking (Nie et al., 2025; You
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Figure 1: Token selection processes in low-confidence and our attention-aware remasking. In both methods, the
token with the highest logit-based softmax probability at each mask index is initially selected as the candidate
token. When determining the final output tokens from these candidates, low-confidence remasking redundantly
re-evaluates the aforementioned softmax probabilities. In contrast, our attention-aware remasking compares the
visual confidence scores, which represent the degree of attention allocated to the visual tokens at this stage.

et al., 2026) strategy redundantly leverages logits
during this process, thereby exacerbating the inher-
ent language bias. While concurrent efforts explore
spatial attention concentration for visual ground-
ing (e.g., VISAGE (Narnaware et al., 2026)), we
tackle the modality imbalance between visual and
language tokens during token commitment.

Therefore, we propose Attention-Aware Remask-
ing, a novel strategy designed to explicitly enforce
visual grounding during the iterative denoising pro-
cess. Instead of redundantly relying on logit proba-
bilities, our strategy introduces a visual confidence
score, which is computed by averaging the top
self-attention scores allocated to visual tokens, to
selectively commit tokens grounded in visual ev-
idence while remasking those driven merely by
language priors. Furthermore, we propose two addi-
tional techniques designed to enhance both logical
integrity and inference efficiency. (1) Clue-based
Answering: We explicitly partition the mask se-
quence into two distinct blocks—the explanation
block and the answer block—based on the strate-
gic placement of pre-filled tokens. By enforcing
the complete generation of the explanation block
before the answer block is inferred, this strategy
effectively mitigates post-hoc rationalization. (2)
Echo-Filling: This algorithm detects and populates
non-informative padding spaces without inference,
effectively preventing the waste of computational
resources without degrading performance. The pro-
posed techniques are training-free and operate as a
plug-and-play module at the inference stage.

To demonstrate the effectiveness of the proposed
framework, we evaluated it on two representative

Visual-Language Natural Language Explanation
(VL-NLE) tasks: VQA-X (Park et al., 2018) and
e-SNLI-VE (Kayser et al., 2021). Our experimental
results show that the proposed framework achieves
the best performance in semantic alignment for
generated explanations (measured by BERTScore)
across both benchmarks, as well as the best VQA
task accuracy on VQA-X. Our ablation studies ver-
ify that the proposed attention-aware remasking
effectively promotes visual grounding. These find-
ings reveal that the widely adopted low-confidence
remasking strategy is not necessarily the optimal
approach, highlighting the potential for further re-
finements in remasking protocols.

2 Related Works

2.1 Diffusion Language Models

While traditional Large Language Models (LLMs)
predominantly rely on the autoregressive (AR)
paradigm, Diffusion Language Models (DLMs)
have emerged as a compelling alternative offering
bidirectional context modeling and parallel gen-
eration (Li et al., 2025b). To overcome the dis-
cretization artifacts inherent in early continuous
formulations (Li et al., 2022; Lin et al., 2023), the
paradigm shifted toward discrete Masked Diffu-
sion Language Models (MDLMs) (Sahoo et al.,
2024). By defining the diffusion process directly
at the token level using an absorbing state (e.g.,
a [MASK] token), MDLMs simplify complex dif-
fusion theories into tractable cross-entropy losses.
This streamlined approach has unlocked unprece-
dented scalability, as demonstrated by large-scale
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models like LLaDA (Nie et al., 2025) and Dream
(Ye et al., 2025). Driven by this success, pioneer-
ing diffusion multimodal large language models
(dMLLMs), such as LLaDA-V (You et al., 2026)
and LaViDa (Li et al., 2025a), have successfully
integrated visual and linguistic features within a
unified discrete token space.

2.2 Natural Language Explanation for
Vision-Language Task

The generation of Natural Language Explanations
(NLE) in Vision-Language (VL) tasks is essential
for ensuring system trustworthiness, as it provides
transparency into the model’s internal reasoning.
Evaluations in this domain typically rely on bench-
mark datasets that emphasize both visual evidence
and logical reasoning, such as VQA-X (Park et al.,
2018) and e-SNLI-VE (Kayser et al., 2021).

Despite significant architectural advancements,
a fundamental challenge in VL-NLE remains the
prevalence of hallucinations and a lack of visual
fidelity. Specifically, these models frequently suf-
fer from inherent language and exposure biases,
leading to post-hoc rationalization—where they
generate plausible, linguistically coherent text that
fails to reflect their actual decision-making process
or the underlying visual evidence. Consequently,
recent research trajectories have focused on mitigat-
ing these hallucinations and enforcing strict visual-
language alignment. To this end, various strategies,
ranging from attention-based visual justification
(Park et al., 2018; Sammani et al., 2022) to self-
critical learning (Suo et al., 2023) and reinforce-
ment learning (Chang et al., 2024), have been ac-
tively explored to ensure that textual explanations
are firmly rooted in visual evidence.

3 Analysis of Attention Distribution

It has been recently documented that visual tokens
in LVLMs are frequently assigned disproportion-
ately low attention scores (Chen et al., 2024). Zhao
et al. (2025a) empirically demonstrated that this
visual attention deficit is the root cause of severe
visual hallucinations, compelling the model to ig-
nore genuine visual information and fall back on
the language bias of its pre-trained backbone.

Despite these findings, the prevalence of this
attention disparity within dMLLMs remains under-
investigated. To bridge this gap, we adapted the
attention distribution analysis of output tokens in-
troduced by Zhao et al. (2025a) to the dMLLM
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Figure 2: Average attention scores of output tokens to-
ward textual and visual tokens across different layers in
LLaDA-V. Compared to conventional low-confidence re-
masking, our Attention-Aware Remasking substantially
narrows the attention gap between textual and visual
tokens. The results are averaged over 300 test samples
from VL-NLE benchmarks (VQA-X and e-SNLI-VE).

architecture. In contrast to conventional AR mod-
els that produce output tokens sequentially in a
strict left-to-right fashion, MDMs operate via an
iterative denoising process across multiple masked
positions to progressively finalize tokens. Accord-
ingly, for our analysis, we treat the tokens finally
unmasked by the remasking strategy at a given de-
noising step as the direct equivalents of the output
tokens in an AR decoding step.

As illustrated in Figure 2, our measurements on
VL-NLE test samples utilizing LLaDA-V confirm
that this attention imbalance is distinctly present in
the conventional low-confidence remasking base-
line. While MDMs and AR models are driven by
fundamentally different training objectives, their ar-
chitectural blueprints are remarkably similar. This
high degree of compatibility is exemplified by
Dream-7B (Ye et al., 2025), which was success-
fully initialized directly from Qwen2.5 (Yang et al.,
2024) weights. Therefore, it is reasonable to deduce
that this inherent structural flaw has been directly
inherited by the diffusion framework.

Importantly, when our Attention-Aware Remask-
ing is applied, this attention disparity between
textual and visual tokens is significantly reduced
across transformer layers. By incorporating visual
confidence into token commitment, our method pre-
vents over-reliance on language priors and encour-
ages the model to allocate higher attention weights
to visual tokens. Consequently, this leads to gener-
ated explanations that are more faithfully grounded
in visual evidence.
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4 Preliminary

Traditional autoregressive (AR) paradigm of LLMs
focuses on “next-token prediction”. In contrast,
Masked Diffusion Models (MDMs) define a model
distribution through a forward masking process and
a corresponding reverse process for discrete tokens.

The forward process {xt} is indexed by time
t ∈ [0, 1], where information from the clean data x0
is gradually corrupted by injecting a special mask
token [M ]. At any given time t, the conditional
distribution of xt given x0 is defined in a fully
factorized form:

qt|0(xt|x0) =
L∏

i=1

qt|0(x
i
t|xi0) where (1)

qt|0(x
i
t|xi0) =

{
1− t, xit = xi0
t, xit = M

Here, each token is independently masked with
probability t. At t = 1, the entire sequence is guar-
anteed to be masked. This linear masking schedule
is motivated by the principle that information in
text is generally proportional to the number of to-
kens, making linear information loss a reasonable
assumption for the forward process.

The reverse process recovers the data distribu-
tion by iteratively predicting masked tokens as t
moves from 1 to 0, starting from a fully masked
sequence. For a single reverse step where 0 ≤ s <
t ≤ 1, the conditional transition is defined as:

qs|t(xs|xt) =
L∏

i=1

qs|t(x
i
s|xit) where (2)

qs|t(x
i
s|xt) =





1, xit ̸= M, xis = xit
s
t , xit = M, xis = M
t−s
t pθ(x

i
s|xt), xit = M, xis ̸= M

0, otherwise

During inference, to align with the theoretical
reverse dynamics, the mask predictor pθ predicts
all masked tokens simultaneously at each step, fol-
lowed by re-masking a fraction s

t of the tokens.
This process adopts the low-confidence remask-
ing strategy (Nie et al., 2025; You et al., 2026)
inspired by Chang et al. (2022), where tokens with
the lowest prediction confidence are selected for
re-masking in the subsequent iteration. Specifically,
at each step, every masked position is temporarily
assigned the token from the vocabulary with the

highest predicted probability, alongside its corre-
sponding softmax score. The model then commits
only the top (1− s

t ) fraction of tokens—those with
the highest softmax scores—to the sequence. The
remaining tokens, falling below this confidence
threshold, remain masked to be re-predicted in the
following step.

The core of the MDM is the mask predictor pθ,
which is trained using a cross-entropy loss opti-
mized specifically for masked tokens. The training
objective L(θ) is defined as (Nie et al., 2025):

L(θ) ≜ −E

[
1

t

L∑

i=1

1[xit = M] log pθ(x
i
0|xt)

]
,

(3)
where t is sampled uniformly from [0, 1], and the
indicator function 1[·] ensures that the loss is only
computed at masked positions. Theoretically, this
objective has been proven to be an upper bound on
the negative log-likelihood of the model distribu-
tion (Shi et al., 2024; Ou et al., 2025), establishing
MDMs as principled generative models.

To adapt this for multimodal tasks, visual to-
kens v and text prompts p act as fully unmasked,
persistent conditions (You et al., 2026). The mask
predictor pθ learns to reconstruct a target sequence
x of length L via the Multimodal SFT objective:

−E

[
1

t

L∑

i=1

1[xit = M] log pθ(x
i
0|xt, v, p)

]
, (4)

This conditional formulation enables dMLLMs
to generate visually grounded text through iterative
denoising.

5 Method

We employ one of the most recent dMLLMs,
LLaDA-V (You et al., 2026), as our base model.
We adapt LLaDA-V to VL-NLE tasks through Su-
pervised Fine-Tuning (SFT) on the target datasets
VQA-X (Park et al., 2018) and e-SNLI-VE (Kayser
et al., 2021). We employ Low-Rank Adaptation
(LoRA) (Hu et al., 2022) for efficient SFT. More
training details are provided in Appendix A.1.

5.1 Attention-Aware Remasking
Given the persistent visual attention deficit in dM-
LLMs, the standard token selection mechanism is
fundamentally vulnerable to language bias. Specifi-
cally, conventional low-confidence remasking ex-
acerbates this by favoring high linguistic proba-
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bilities, which further suppresses weak visual sig-
nals. To actively counteract this issue, we propose
Attention-Aware Remasking, a novel strategy de-
signed to directly integrate visual attention scores
into the token selection process, enforcing strict
visual grounding during iterative denoising.

Since low-confidence remasking was shown to
be more effective than random remasking (Nie
et al., 2025), recent MDM variants (Dong et al.,
2025; Zhou et al., 2026; Zhu et al., 2025) have
widely adopted this approach. This remasking pro-
cess consists of two primary stages: (1) identifying
the candidate token with the highest probability for
each masked position, and (2) selecting the final
subset of these candidates to be officially commit-
ted to the sequence. As described in the previous
section, low-confidence remasking relies on logits
as the sole criterion for both stages. We hypothesize
that this redundancy exacerbates the model’s lan-
guage bias, causing it to prioritize linguistic context
over visual evidence.

To address this, we incorporate visual confidence
scores into the remasking process. While the first
stage (predicting the most likely token based on
logits) is tied to the model’s fundamental training
objective and thus difficult to modify, the second
stage (the selection process) is a discretionary pro-
cedure appended during inference, offering flexibil-
ity for optimization. Therefore, while maintaining
the conventional logit-based approach for identi-
fying candidate tokens, we select the final tokens
by evaluating the attention scores between the pre-
dicted tokens and the visual tokens. The specific
procedure is detailed in Algorithm 1.

We extract the attention scores directed toward
the visual tokens across the entire generation se-
quence from the final transformer layer, yielding
a tensor A ∈ RL×v×h (sequence length × visual
tokens × attention heads). To condense this infor-
mation into a robust metric for each sequence posi-
tion, we perform a two-step reduction using top-n
and top-m averaging. Specifically, we first calcu-
late the mean of the top-n highest scores across
the head dimension, reducing the tensor to RL×v.
Subsequently, we compute the mean of the top-m
highest scores across the visual token dimension,
yielding a final visual confidence score cvis ∈ RL.
During the remasking phase, tokens falling within
the bottom s

t fraction of cvis are reverted to [MASK]
tokens. To ensure sequence stability, tokens that are
not subject to prediction (e.g., pre-filled prompts
or tokens already committed in prior steps) are

Algorithm 1 Attention-aware Remasking
Require: mask predictor pθ , prompt p0, image tokens v, an-

swer length L, steps N , attention heads h
1: Set r1 as a fully masked sequence of length L.
2: for t = 1→ 1

N
step − 1

N
do

3: s← t− 1
N

4: A← LastLayerAttn ∈ RL×v×h

5: for i = 1 . . . L do
6: if rit = M then
7: ri0 ← argmaxri0

pθ(r
i
0 | v, p0, rt)

8: A′
i ∈ Rv ← AvgTopn(Ai)

9: civis ← AvgTopm(A′
i)

10: else
11: ri0 ← rit, civis ← 1
12: end if
13: end for
14: K ← LowestIndices({cjvis}Lj=1, ⌊L · st ⌋)
15: ri0 ←M, ∀i ∈ K
16: rs ← r0
17: end for
18: return r0

assigned a maximum confidence value of 1, effec-
tively exempting them from remasking. By incor-
porating this strategy, we prioritize visual fidelity
without compromising generation quality.

5.2 Dynamic Explanation Length

All labels in the VL-NLE dataset can be
standardized into a fixed template: "Because
[Explanation], the answer is [Answer]". Lever-
aging the unique capability of masked diffusion
models to perform inference from partially filled
sequences, we insert pre-filled tokens as constant
structural anchors to enforce format consistency.
However, placing these anchors at fixed positions
creates a rigidly sized masked region for the ex-
planation. Because the natural length of reasoning
varies across instances, we allocate a maximum
fixed capacity for the explanation block and intro-
duce specialized [RESERVED] tokens to pad any
remaining space. Through this strategy, the model
dynamically terminates text generation when a con-
cise explanation suffices, efficiently filling the resid-
ual masked positions with [RESERVED] tokens until
the next structural anchor.

5.3 Clue-Based Answering

In previous studies (Park et al., 2018; Sammani
et al., 2022; Suo et al., 2023), the answer was typ-
ically placed before the explanation in the gener-
ation sequence. This approach suffers from post-
hoc rationalization: hallucinating plausible expla-
nations to justify incorrect answers. This vulnera-
bility necessitates the use of filtered metrics (evalu-
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Figure 3: Overview of the clue-based answering pro-
cess. To enforce a reasoning-first generation, tokens in
the answer block are persistently re-masked until the
explanation block is completely finalized.

ating explanations only for correct predictions) in
standard evaluations. Recognizing this challenge,
Lai et al. (2024) have adopted a reasoning-first ap-
proach within the AR paradigm by generating the
explanation before deriving the final answer. To
adapt this concept within the framework of dM-
LLMs, we implement our clue-based answering
strategy as follows.

We structured our pre-filled tokens to place the
explanation before the answer. However, as masked
diffusion models inherently generate tokens in a
stochastic and non-sequential order across the en-
tire sequence, simply arranging the pre-filled to-
kens does not guarantee that the explanation will
be generated before the answer. Therefore, we ex-
plicitly define two distinct generation phases based
on the pre-filled tokens as illustrated in Figure 3:
the explanation block and the answer block. Dur-
ing the explanation generation phase, all tokens
within the answer block, excluding the pre-filled
tokens, are strictly re-masked at each iterative step.
The model calculates re-masking priorities solely
for the tokens within the explanation block, ensur-
ing that the explanation is fully finalized without
any influence from potential answer tokens. Only
after the explanation block is entirely completed
does the model begin the inference process for the
answer block. This approach effectively prevents
the model from retrofitting an explanation to a pre-
determined answer while ensuring the answer is
logically grounded in established evidence.

5.4 Echo-Filling

The aforementioned approach for dynamic expla-
nation length shares a similar objective with the
padding mechanism proposed in LaViDa (Li et al.,

Figure 4: Inference acceleration via Echo-Filling. The
mechanism auto-populates the remaining sequence upon
detecting an [RESERVED] token, effectively bypassing
redundant computations.

2025a). However, LaViDa-FIM possesses a struc-
tural limitation in that it requires continuous, re-
dundant neural network inference operations to fill
padding tokens ([S]), even after the actual content
generation has effectively concluded.

To address the inference latency inherent in
DLMs, several studies recently have introduced
acceleration strategies (Ma et al., 2026; Wu et al.,
2025). We identify a unique logical property in
our framework regarding the dynamic explanation
length: if the model predicts a [RESERVED] token
at a specific position, all subsequent consecutive
mask tokens must uniformly be [RESERVED] to-
kens. Leveraging this logical consistency, we pro-
pose Echo-Filling, an inference optimization strat-
egy designed to achieve significant acceleration by
bypassing redundant computations.

Echo-Filling is triggered specifically when the
model internally detects the occurrence of a
[RESERVED] token. Once detected, the mechanism
immediately populates all following mask tokens
up to the next pre-filled token with [RESERVED]
tokens, thereby bypassing any further neural net-
work computations for those positions. By elim-
inating these redundant operations, Echo-Filling
contributes to reducing total inference time while
maintaining the quality of the generated explana-
tions, as it only streamlines the generation of non-
content padding tokens.

6 Experiments

To demonstrate the effectiveness of our methods,
we employ VL-NLE tasks, which necessitate the
generation of both precise answers and coherent
justifications for given image-question pairs. We
thus conduct extensive experiments on the most rep-
resentative two benchmarks: VQA-X (Park et al.,
2018) and e-SNLI-VE (Kayser et al., 2021).
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Method VQA-X

B@1 B@2 B@3 B@4 M R C S BS Acc

NLX-GPT (Sammani et al., 2022) 64.2 49.5 37.6 28.5 23.1 51.5 110.6 22.1 86.9 83.0
S3C (Suo et al., 2023) 64.7 50.5 38.8 30.7 23.9 52.1 116.7 23.0 - 85.6
Revise (Ge et al., 2023) 64.6 50.0 37.7 28.2 23.2 51.8 108.9 22.6 88.1 -
MCLE† (Lai et al., 2024) 66.6 50.7 38.5 31.2 24.2 53.1 118.3 24.2 92.2 87.7
KICNLE† (Xie et al., 2024) 64.9 49.5 38.0 29.4 22.9 51.7 112.5 24.7 90.6 86.7
Rapper (Chang et al., 2024) 65.5 51.6 40.5 31.8 24.3 52.9 124.0 24.5 - 87.3
G2 (Yuan et al., 2025) 66.3 49.5 38.1 28.8 24.0 49.4 108.8 24.1 86.6 -

Ours 55.7 42.8 32.3 23.9 20.7 48.5 100.1 19.9 93.1 90.8

Method e-SNLI-VE

B@1 B@2 B@3 B@4 M R C S BS Acc

NLX-GPT (Sammani et al., 2022) 37.0 25.3 17.9 12.9 18.8 34.2 117.4 33.6 80.8 73.9
Revise (Ge et al., 2023) 38.3 26.5 19.0 13.8 19.7 34.7 126.7 34.2 81.5 -
MCLE† (Lai et al., 2024) 33.5 22.5 15.7 11.1 18.1 33.0 118.2 33.0 87.2 79.2
KICNLE† (Xie et al., 2024) 32.8 22.1 15.4 11.0 17.2 32.1 105.8 31.3 89.2 66.7
Rapper (Chang et al., 2024) 40.5 28.1 20.2 14.7 20.8 35.9 128.6 34.9 - 75.7
G2 (Yuan et al., 2025) 43.3 29.0 20.5 13.9 29.5 41.7 114.5 45.6 90.4 -

Ours 26.7 17.9 12.4 8.7 16.3 32.1 110.2 32.0 92.4 76.1

Table 1: Filtered scores (evaluating explanations only for correct predictions) comparison with state-of-the-art
methods. B@N, M, R, C, S, and BS stand for BLEU-N, METEOR, ROUGE-L, CIDEr, SPICE, and BERTScore,
respectively. †: we reproduced their results by running their official code, while the results for the remaining methods
were taken from their original papers due to the lack of publicly available implementations.

To ensure direct comparability with existing
work, we adopt the filtered evaluation protocol
(evaluating explanations exclusively for correctly
answered predictions) as recent state-of-the-art VL-
NLE baselines (Xie et al., 2024; Chang et al., 2024;
Yuan et al., 2025) do not report unfiltered explana-
tion metrics. Beyond this protocol alignment, eval-
uating unfiltered metrics provides little additional
insight for our framework; because our Clue-Based
Answering strategy generates explanations prior
to final answers, our framework yields virtually
identical performance across filtered and unfiltered
settings, with differences remaining within ±0.1
percentage points across all metrics.

For linguistic evaluation of generated explana-
tions, we employ BLEU@N (Papineni et al., 2002),
METEOR (Banerjee and Lavie, 2005), ROUGE-L
(Lin, 2004), CIDEr (Vedantam et al., 2015), and
SPICE (Anderson et al.). However, these lexical-
based metrics have a limitation in capturing para-
phrasing and semantic nuances. We supplement our
evaluation with BERTScore (Zhang et al., 2019) to
measure contextual and semantic consistency. The
accuracy of VQA tasks is also measured to eval-
uate the correctness of the predicted answers. We
note that there is a trade-off between BERTScore
and the VQA task accuracy: optimizing for either
semantic explanation quality or answer correctness
alone can compromise the other, making it particu-

larly challenging to achieve strong performance on
both dimensions simultaneously.

We compare our framework against a set of state-
of-the-art AR baselines in the VL-NLE domain,
including NLX-GPT (Sammani et al., 2022), S3C
(Suo et al., 2023), Revise (Ge et al., 2023), MCLE
(Lai et al., 2024), KICNLE (Xie et al., 2024), Rap-
per (Chang et al., 2024), and G2 (Yuan et al., 2025).
We also employ two recent dMLLMs, LLaDA-V
(You et al., 2026) and LaViDa (Li et al., 2025a).

6.1 Performance Comparisons

6.1.1 Benchmarking on VL-NLE Tasks
As illustrated in Table 1, while our model yields
suboptimal scores in traditional lexical metrics and
moderate accuracy on e-SNLI-VE, it achieves the
highest BERTScore across both benchmarks, along-
side the highest answer accuracy on VQA-X among
all compared methods. Notably, on the e-SNLI-
VE dataset, the contrasting performance of mod-
els like MCLE (which favors accuracy) and KIC-
NLE (which prioritizes BERTScore) indicates the
inherent difficulty of optimizing both semantic rich-
ness and logical task performance. This discrep-
ancy between moderate lexical scores and high-
level semantic alignment highlights a key strength
of our framework: our model transcends surface-
level word matching to achieve deeper semantic
alignment and content validity. Prior studies indi-
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cate that traditional lexical metrics often correlate
poorly with actual human judgment, particularly
in complex reasoning tasks (Kayser et al., 2021;
Salemi et al., 2025). Furthermore, evaluating mod-
els strictly on lexical overlap often fails to account
for linguistic biases and semantically distinct “hard
negatives” (Dumpala et al., 2024). In this context,
our strong BERTScore and task accuracy indicate
that our model successfully decouples semantics
from rigid linguistic patterns, generating explana-
tions that are genuinely grounded in logic rather
than superficial text correlation.

Although it is not included in Table 1, the
diffusion-based baseline LLaDA-V (You et al.,
2026) serves as the backbone of our work after
VL-NLE-specific fine tuning. Its accuracy is in-
directly compared in Table 4. LaViDa (Li et al.,
2025a) is additionally evaluated in Appendix A.3
as an alternative diffusion backbone to assess the
generalizability of our proposed methods.

6.1.2 Human Evaluation

To verify whether the observed improvements
in BERTScore correspond to explanation qual-
ity judged as valid justifications by humans, we
conducted a human evaluation following widely-
adopted protocols (Sammani et al., 2022; Lai et al.,
2024; Yuan et al., 2025). We randomly sampled
200 instances from the common subset of test sam-
ples correctly answered by all compared models
(NLX-GPT, MCLE, and ours) across both VQA-
X and e-SNLI-VE datasets. For each dataset, we
hired three annotators; they are graduate students
at Hanyang University. They evaluated each gen-
erated explanation in a randomized, double-blind
setup, rating whether it appropriately justifies the
correct answer on a 4-point scale: Yes (1), Weak
Yes (2/3), Weak No (1/3), and No (0). In the end,
each annotator was paid a $75 reward.

As shown in Table 2, our method achieves the
highest human evaluation scores on both datasets.
This result provides complementary evidence that
our high BERTScore is not merely an artifact
of semantic similarity metrics. Human annotators
judged our explanations to better justify the pre-
dicted answers than strong VL-NLE baselines, sup-
porting our claim that the proposed decoding strat-
egy enhances explanation quality in a manner faith-
fully aligned with human judgment.

Method VQA-X e-SNLI-VE
NLX-GPT 0.881 0.735

MCLE 0.935 0.825

Ours 0.946 0.832

Table 2: Human evaluation scores on VQA-X and e-
SNLI-VE benchmark subsets. Scores reflect the degree
to which generated explanations appropriately justify
the correct answers.

Remasking Method CHAIRs ↓ CHAIRi ↓ Recall ↑
Low-confidence 7.2 5.7 36.0

Ours 5.7 4.4 36.9

Table 3: Object hallucination evaluation using CHAIR
metrics without fine-tuning. Lower values are better for
CHAIRs and CHAIRi, while higher is better for Recall.

6.1.3 Evaluation on Visual Grounding and
Object Hallucination

To provide direct quantitative evidence for im-
proved visual grounding beyond semantic met-
rics and attention visualizations, we additionally
evaluate object hallucination on image captioning
outputs using the CHAIR benchmark (Rohrbach
et al., 2018). For a fair assessment of the decod-
ing strategy itself, this evaluation is conducted
using the base LLaDA-V model without VL-
NLE fine-tuning, comparing conventional low-
confidence remasking against our Attention-Aware
Remasking. Table 3 reports the result. Our ap-
proach effectively mitigates both sentence-level
(CHAIRs) and instance-level (CHAIRi) object hal-
lucinations, while simultaneously improving ob-
ject recall. These results demonstrate that substi-
tuting pure logit-based token commitment with
visual-confidence-guided commitment effectively
enhances physical visual fidelity and reduces hal-
lucinated content, beyond improving surface-level
semantic similarity to reference explanations.

6.2 Ablation Studies

In terms of VL-NLE performance, Table 4 sum-
marizes the ablation results for our core compo-
nents. First, we examine the impact of replacing
our attention-aware remasking with the conven-
tional low-confidence strategy. As shown in the
table, reverting to the conventional strategy leads
to a substantial degradation in explanation quality
across both datasets. This demonstrates that, with-
out explicit visual attention guidance, the model
falls back on its pre-trained language bias, losing
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Method VQA-X e-SNLI-VE

BS Acc BS Acc

Full Framework 93.1 90.8 92.4 76.1

w/o Attention-aware Remask 85.4 69.3 73.1 74.3
w/o Clue-based answering 93.2 79.6 90.1 62.2
w/o Echo-filling 92.9 92.3 90.5 76.6

Table 4: Ablation study on the core components of our
framework. "w/o Attention-aware Remasking" indicates
reverting to the conventional low-confidence remasking
strategy performed by LLaDA-V.

Method
Generation Length

64 128 256 512

w/ Echo-filling 3.07s 3.21s 4.96s 7.46s
w/o Echo-filling 15.61 30.90 64.84 145.37s

Table 5: Inference time across various sequence lengths.
The results are averaged over 100 samples.

connection to the visual evidence.

Beyond enforcing visual grounding at the token
level, the structural sequence of generation also
plays an important role in the model’s reasoning ca-
pabilities. The ablation results demonstrate that dis-
abling the clue-based answering strategy leads to a
significant decline in prediction accuracy. This sug-
gests that when the model is permitted to generate
an answer before gathering sufficient evidentiary
support through the explanation block, it frequently
produces incorrect predictions. In other words, pri-
oritizing the reasoning process as a prerequisite for
inference ensures that the final answer is logically
grounded in visual and textual clues.

In terms of inference time, Table 5 demon-
strates the inference acceleration achieved by Echo-
Filling. The experiments were conducted using a
single NVIDIA H100 GPU, with results averaged
over 100 samples across varying maximum token
lengths (L). For all trials, the number of inference
steps was configured at L

2 , and the length of the ex-
planation block was designated as 90% of the max-
imum token limit. Without Echo-Filling, inference
time increases linearly in proportion to the maxi-
mum generation length. In contrast, Echo-filling
maintains a nearly constant inference time. Impor-
tantly, as shown in Table 4, this speedup does not
come at the expense of generation quality. The VL-
NLE performance metrics remain tightly compa-
rable, confirming that our strategy safely bypasses
redundant padding computations without incurring
notable loss in accuracy.

Figure 5: Qualitative examples generated by our frame-
work. Âa denotes the model predictions obtained by ap-
plying attention-aware remasking, while Âl represents
the results under low-confidence remasking.

6.3 Qualitative Analysis
Figure 5 presents several qualitative results from
both datasets, accompanied by a visualization of
the visual confidence scores associated with to-
kens generated under different remasking strate-
gies. By tracking the visual confidence of tokens
produced via the conventional low-confidence re-
masking strategy, we observe that visual tokens
provide only a marginal direct contribution to the
formation of token representations. Appendix A.6
shows more examples.

7 Conclusion

In this paper, we identified and addressed the inher-
ent visual attention deficit that severely degrades
the visual fidelity of dMLLMs. We revealed that the
widely adopted low-confidence remasking strategy
heavily relies on text-based logits, thereby trap-
ping the model in its pre-trained language bias.
We propose Attention-Aware Remasking that can
successfully recalibrate the token selection mecha-
nism to prioritize actual visual evidence without re-
quiring any additional training. Combined with the
proposed Clue-Based Answering to prevent post-
hoc rationalization and Echo-Filling for lossless in-
ference acceleration, our framework demonstrated
highly effective visual grounding and semantic ex-
planation quality, outperforming prior baselines
in BERTScore and VQA-X accuracy. Our results
demonstrate that anchoring the generation process
to visual attention is an effective approach to re-
solving hallucinations and promoting multimodal
grounding within dMLLMs.
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Limitations

A limitation of this work is that the specific hyper-
parameters utilized in our framework remain to be
fully optimized across diverse settings. To address
this, we provide detailed sensitivity analyses for
some hyperparameters in Appendix A.4. Crucially,
our findings demonstrate that even with these non-
exhaustive parameters, our approach consistently
surpasses the performance of the de facto standard,
low-confidence remasking. This underscores our
core argument: that the current industry-standard
remasking protocols are not necessarily the most
effective, highlighting substantial potential for fur-
ther refinement within diffusion language models
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A Appendix

A.1 Training Details

We initialize our model with the publicly avail-
able weights of LLaDA-V and perform Supervised
Fine-Tuning (SFT) tailored for the target Natural
Language Explanation (NLE) task. To ensure com-
putational efficiency during training, we employ
Low-Rank Adaptation (LoRA) as proposed by Hu

Backbone VQA-X e-SNLI-VE

BS Acc BS Acc

LLaDA-V 93.1 90.8 92.4 76.1
LaViDa 87.7 91.8 84.5 73.0

Table 6: Performance of our framework using different
backbone models (LLaDA-V vs. LaViDa).

Remasking Strategy CHAIRs ↓ CHAIRi ↓ Recall ↑
Low-confidence 9.5 9.8 38.1
Ours 6.0 5.5 40.6

Table 7: Object hallucination evaluation using CHAIR
metrics on the LaViDa backbone without fine-tuning.

et al. (2022). Specifically, we keep the vision tower
frozen to preserve its pre-established visual repre-
sentation capabilities and apply LoRA only to the
language model backbone. For the optimization
process, we utilize the 8-bit AdamW optimizer to
further reduce the memory footprint. The training
is conducted with a peak learning rate of 1× 10−5,
governed by a cosine annealing learning rate sched-
ule. To prevent overfitting while ensuring adequate
adaptation to the target domain, the model is fine-
tuned for only a single epoch on each respective
dataset.

A.2 Inference and Decoding Configurations
Since our proposed Attention-Aware Remask-
ing, Clue-Based Answering, and Echo-Filling are
strictly training-free techniques, we configure sev-
eral key inference hyperparameters to govern de-
coding stability and budget allocation:

• Attention Aggregation Parameters (n,m):
We set n = 16 and m = 4. These parameters
are chosen heuristically rather than strictly
tuned; we selected moderately large values to
prevent instability arising from overly narrow
attention aggregation.

• Number of Denoising Steps: Set to L, where
L denotes the total generation length. (While
the default LLaDA-V implementation uses
L/2, generating two tokens per step, to bal-
ance speed and performance, we set the num-
ber of steps equal to L to generate one token
per step. Since diffusion language models can
suffer from instability when decoding multi-
ple tokens simultaneously, and the VL-NLE
task features relatively short sentences where
generation quality is the strict priority, we
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Figure 6: Sensitivity analysis of hyperparameters n and m presented as accuracy heatmaps on the VQA-X subset
for (a) LLaDA-V (left) and (b) LaViDa (right).

Backbone \ Layer 0 3 7 11 15 19 23 27 31
LLaDA-V 0.70 0.85 0.77 0.78 0.81 0.86 0.87 0.87 0.89
LaViDa 0.87 0.84 0.91 0.84 0.88 0.89 0.86 0.92 0.95

Table 8: Task accuracy across different transformer layers for visual attention extraction (n = 4,m = 2).

adopted this conservative schedule to maxi-
mize stability and text quality.)

• Maximum Generation Length: Fixed at 128
tokens, which is determined based on the em-
pirical length distribution of target explanation
labels in the benchmark datasets.

• Block Budget Allocation: We allocate 90%
of the total generation length to the explana-
tion block and the remaining 10% to the an-
swer block. This ensures sufficient budget for
detailed reasoning prior to final answer com-
mitment.

A.3 Generalizability Across Different
Backbones

A key advantage of our proposed strategies is their
training-free nature. We herein conduct additional
experiments to evaluate the generalizability of our
framework by comparing our default LLaDA-V
backbone with LaViDa (Li et al., 2025a).

VL-NLE Task Performance. The overall task
performance using different backbones is reported
in Table 6. While our framework successfully oper-
ates on the alternative backbone, there is an observ-
able performance variance. Specifically, although
LaViDa achieves a higher VQA accuracy on the
VQA-X dataset, its metrics on the e-SNLI-VE

dataset are lower compared to those of LLaDA-V.
We attribute this performance discrepancy primar-
ily to the fact that the LaViDa backbone was eval-
uated under the exact same hyperparameter con-
figurations originally tuned for LLaDA-V, without
undergoing model-specific optimization. Neverthe-
less, the successful deployment of our training-free
inference strategies on a distinct diffusion language
backbone, without requiring any structural modi-
fications, demonstrates their architecture-agnostic
nature.

Object Hallucination Evaluation across Back-
bones. To further verify the generalizability
of our Attention-Aware Remasking in improv-
ing visual fidelity, we evaluate object hallucina-
tion on image captioning outputs without fine-
tuning. The results for our default LLaDA-V back-
bone are presented in Table 3 (Section 6.1.3). To
demonstrate generalizability, we additionally eval-
uate LaViDa in Table 7. As shown, substituting
conventional low-confidence remasking with our
Attention-Aware Remasking on LaViDa similarly
achieves substantial reductions in both sentence-
level (CHAIRs) and instance-level (CHAIRi) ob-
ject hallucinations while improving recall. These
consistent improvements across distinct backbones
confirm that our visual-confidence-guided decod-
ing strategy effectively enhances visual fidelity and
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Figure 7: Comparison of token generation trajectories. The visualization tracks the order of token unmasking for
low-confidence remasking versus attention-aware remasking. The transition from light to dark colors signifies the
progression from early to late generation steps. Echo-filling is deactivated to facilitate the precise observation of
generation priorities.

Figure 8: Reasoning failure cases where fine-grained
semantic relationships (spatial relations and action pred-
icates) are incorrectly matched.

mitigates hallucinations regardless of the underly-
ing dMLLM architecture.

A.4 Sensitivity Analysis on Hyperparameters

To investigate the robustness of our framework and
validate our design choices across different back-
bones, we present sensitivity analyses regarding
the attention aggregation parameters (n,m) and the
transformer layer selection for visual confidence
extraction. The evaluations are conducted on a 300
randomly sampled subset of the VQA-X dataset
using both base models, LLaDA-V and LaViDa.

Sensitivity to n and m. Figure 6 illustrates the
accuracy heatmaps across varying values of n and
m for both LLaDA-V and LaViDa. We observe

that overly broad aggregation tends to dilute fine-
grained visual signals, leading to a minor perfor-
mance decline. Crucially, across both backbones,
the optimal values of n and m reside within a very
similar parameter regime. This suggests that exten-
sive, backbone-specific hyperparameter retuning is
generally unnecessary when applying our proposed
inference-stage framework to different dMLLM
backbones.

Sensitivity to Attention Layer Choice. Table 8
displays the task accuracy when extracting atten-
tion maps from different transformer layers (l ∈
{0, 3, 7, . . . , 31}) with n = 4,m = 2. For both
LLaDA-V and LaViDa, we observe a general up-
ward trend in accuracy as the layer depth increases,
with the final layer (l = 31) achieving the highest
accuracy. This confirms that deeper layers capture
richer, semantically aligned visual-textual cross-
attentions, validating our choice of utilizing final-
layer attention for computing visual confidence.

A.5 Analysis of Token Generation
Trajectories

Through auxiliary experiments, we identified that
the choice of remasking strategy significantly in-
fluences the temporal order in which tokens are
generated during inference. Figure 7 illustrates this
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Figure 9: More examples of model results.

phenomenon by tracking the token generation tra-
jectories for both the traditional low-confidence
remasking approach and our proposed attention-
aware remasking strategy.

When employing low-confidence remasking, the
model exhibits a pronounced tendency to priori-
tize the generation of padding tokens, such as [re-
served token], in the early stages of inference. This
behavior is primarily attributed to an inherent fre-
quency bias established during the training phase,
where padding tokens are disproportionately preva-
lent. Because the model encounters these tokens
most frequently, it tends to assign them high logit
values (and thus high confidence) by default. Con-
sequently, the generation process often begins by
filling in non-informative structural elements be-
fore addressing the substantive content of the expla-
nation, reflecting a reliance on linguistic statistics
rather than visual evidence.

In contrast, our proposed strategy leads the
model to prioritize the generation of content-rich
textual tokens that carry substantive information.
Because attention-aware remasking shifts the selec-
tion criterion from raw logit probabilities to the de-
gree of visual interaction with the image, padding
tokens that lack meaningful correspondence with
visual evidence are naturally deprioritized.

This approach effectively allows the model to
bypass linguistic bias, ensuring that the reasoning
process is grounded in visual evidence from the
onset and resulting in explanations that are more
faithful to the actual visual context.

A.6 Case Studies
To further illustrate the effectiveness of our pro-
posed Attention-Aware Remasking strategy, we

present additional case studies in Figure 9. Specifi-
cally, these qualitative examples compare the gen-
erations produced by our visual confidence-based
approach against those generated using the de-
fault logit-based remasking strategy (i.e., Low-
confidence Remasking). As demonstrated in the
examples, the low-confidence remasking occasion-
ally misses critical visual details.

While Attention-Aware Remasking effectively
anchors token generation to relevant visual regions,
failure cases often arose where fine-grained seman-
tic relationships were incorrectly matched. Look-
ing at Figure 8, the primary reasoning failures stem
from spatial and contextual relation errors, where
the model correctly identifies visual entities but hal-
lucinates incorrect spatial arrangements, and fine-
grained action misinterpretations, where the target
object is successfully grounded but assigned an
inaccurate action predicate.
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