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Abstract

Recent advances in diffusion-based Multi-
modal Large Language Models (dMLLMs) of-
fer a compelling alternative to autoregressive
counterparts; however, they remain prone to
hallucinations. Through information flow anal-
ysis on representative dMLLMs (e.g., LLaDA-
V and LaViDa), we identify two intertwined
factors contributing to this issue. First, al-
though the special image_newline tokens
serve as semantic anchors for aggregating vi-
sual information, they simultaneously induce
severe attention sinks, excessively consuming
the model’s attention budget. Second, the long-
range decay inherent in Rotary Position Em-
bedding (RoPE) leads to semantic blind spots,
preventing these anchors from uniformly per-
ceiving the entire visual input. Accordingly,
our objective is to moderately alleviate the at-
tention sink effect on semantic anchors while
enhancing their ability to aggregate global vi-
sual information, thereby eliminating semantic
blind spots. To this end, we propose Extrin-
sic Distance-Aware Regularization (EDAR), a
training-free decoding strategy that augments
the attention key space with a static, distance-
aware matrix. This matrix jointly redistributes
excessive attention away from anchors and in-
jects absolute positional bias to ensure uni-
form visual coverage. Experiments on LLaDA-
V and LaViDa demonstrate that EDAR ef-
fectively eliminates semantic blind spots and
achieves state-of-the-art performance on both
hallucination-specific and general multimodal
benchmarks.

1 Introduction

Autoregressive models (ARMs) (Liu et al., 2023;
Bai et al., 2025b; Chen et al., 2025c) have long
dominated the landscape of Multimodal Large Lan-
guage Models (MLLMs). However, their next-
token prediction paradigm enforces strictly sequen-
tial text generation, resulting in substantial infer-
ence latency and the well-known reversal curse.
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Figure 1: Information Flow Analysis of LLaDA-V.
From (a) and (b), the image_newline tokens emerge
as anchors, absorbing attention and compressing visual
representations. In (c) and (d), the anchors show a
pronounced neglect of the thumbnail, in contrast to its
uniform attention to the tile patches.

Recently, an alternative paradigm has emerged in
the form of diffusion-based Multimodal Large Lan-
guage Models (dMLLMs) (You et al., 2025; Yang
et al., 2025; Li et al., 2025c). By generating text
via parallel iterative masked denoising, dMLLMs
depart from rigid token-by-token decoding. This
paradigm offers inherent advantages in parallel de-
coding and more flexible reasoning behaviors, po-
sitioning dMLLMs as a promising and forward-
looking direction for multimodal generation.

Despite their remarkable versatility, dMLLMs
still suffer from hallucinations, where models gen-
erate content that contradicts the visual input. Prior
works have leveraged information-flow analysis,
an interpretability approach for black-box models,
to explore the relationship between internal model
mechanisms and hallucinations, and have proposed
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a series of mitigation strategies for ARMs (Xing
et al., 2024a; Huang et al., 2024; Zhang et al., 2024,
2025, 2026a; Zhao et al., 2026; Zhang et al., 2026b;
Wei and Zhang, 2024). However, these methods
fundamentally rely on the unidirectional, causal na-
ture of ARMs and are not transferable to dMLLMs,
which operate under a bidirectional, non-causal dif-
fusion paradigm. Consequently, the internal mech-
anisms driving hallucinations in dMLLMs remain
poorly understood—and existing ARMs-based in-
terventions are ineffective in this setting. To this
end, we conduct an in-depth investigation of infor-
mation flow in LLaDA-V (You et al., 2025), and
further verify that the same phenomena hold on
LaViDa (Li et al., 2025c) (see Appendix A). As
illustrated in Figure 1, our analysis is organized
around two complementary perspectives:

(1) The information flow from visual tokens to
textual tokens. Prior work on ARMs, such as
CCA (Xing et al., 2024a) and MCA (Zhao et al.,
2025), has analyzed visual-to-text information flow
and revealed the adverse effects of RoPE’s long-
term decay on multimodal alignment and hallu-
cinations. For dMLLMs, taking LLaDA-V (You
et al., 2025) as an example, the input image is pro-
cessed under the AnyRes scheme (Li et al., 2024;
Chen et al., 2025c) into one thumbnail patch and
multiple high-resolution tile patches, which are en-
coded into visual tokens and concatenated with
special image_newline tokens. As shown in Fig-
ure 1 (a) and (b), we analyze the thumbnail-to-text
and tiles-to-text information flow to study cross-
modal interactions. We observe that text tokens
attend only sparsely to visual tokens, while the
image_newline tokens receive disproportionately
high attention, acting as semantic anchors and ex-
hibiting a pronounced attention sink. This behavior
leaves the model with only a very limited attention
budget for image tokens.

(2) The information flow between anchor token
and visual tokens. Anchor tokens associated with
attention sink typically serve as critical informa-
tion hubs, compressing the dense visual and textual
semantics into a compact representation to guide
the generation process (Tang et al., 2025a; Huang
et al., 2024). Furthermore, in Figure 1 (c) and
(d), we respectively illustrate the information flow
from thumbnail and tile visual tokens to the anchor
tokens to examine the comprehensiveness of the
semantic aggregation. For the bidirectional atten-
tion in dMLLMs, attention computation is likewise

constrained by RoPE’s long-term decay. Conse-
quently, the anchor tokens tend to allocate more
attention to visual tokens appearing later in the
flattened sequence, as they are closer in relative
positional distance. This results in sparse attention
to earlier thumbnail tokens, a phenomenon we refer
to as "semantic blind spots.” This phenomenon lim-
its the anchor tokens’ perception of global image
information.

Summary: Attention sink reduces the attention
budget for image tokens, while RoPE induces
sparse anchor tokens’ attention to the thumb-
nail. Together, these factors lead to insufficient
image perception and hallucinations.

To this end, we propose Extrinsic Distance-
Aware Regularization (EDAR), a simple and effec-
tive training-free decoding strategy. EDAR directly
calibrates the attention mechanism, laterally con-
catenating a static, distance-aware regularization
matrix to the key space of the attention module.
This extrinsic matrix serves two purposes: first, it
acts as a "probability sink," dynamically offload-
ing excess attention from over-focused attention
sink tokens, thereby increasing the relative atten-
tion budget for tokens at longer relative distances;
second, through a progressive decay factor, it em-
beds absolute positional information, compelling
the model to maintain an ordered and uniform infor-
mation flow from the semantic anchors to the entire
visual canvas. This design effectively improves the
information flow allocation of dMLLMs. Our con-
tributions can be summarized as follows:

• Our analysis of the information flow reveals
a two-fold bottleneck leading to hallucina-
tions, stemming from the attention sink in
image_newline tokens and the "semantic
blind spots" caused by its failure to aggregate
global image information.

• We propose EDAR, a novel and training-free
method that rectifies attention distribution by
augmenting the key space with an extrinsic
regularization matrix, effectively improving
the information flow distribution of dMLLMs.

• Through experiments on LLaDA-V and
LaViDa models, we demonstrate that EDAR
effectively eliminates "semantic blind spots"
and achieves great performance on multiple
benchmarks.
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2 Related Work

2.1 Diffusion Multimodal Large Language
Models

The latest diffusion-based large language models
(dLLMs) (Nie et al., 2025; Zhu et al., 2025; Ye
et al., 2025; Gong et al., 2025) have been suc-
cessfully scaled to 8B parameters, achieving per-
formance comparable to state-of-the-art autore-
gressive large language models (Devlin et al.,
2018; Grattafiori et al., 2024; DeepSeek-AI et al.,
2024; Team, 2024). Furthermore, by integrating
visual instruction tuning and architectural exten-
sions, dLLMs have recently been extended to dif-
fusion Multimodal Large Language Models (dM-
LLMs) (Yang et al., 2025; Li et al., 2025c; You
et al., 2025; Yu et al., 2025), demonstrating promis-
ing multimodal capabilities.

2.2 Hallucination

The term "hallucination" (Yu et al., 2024; Sarkar
et al., 2024; Xiao et al., 2024; Xing et al., 2024b;
Ma et al., 2024; Gong et al., 2024; Chen et al.,
2024a; Kim et al., 2024; Liu et al., 2024; Zhou
et al., 2023; Zhai et al., 2023; Wang et al., 2023;
Huang et al., 2023; Zhu et al., 2024; Jiang et al.,
2024; Zhou et al., 2025; Bai et al., 2025a; Suo et al.,
2025; Lymperaiou et al., 2025; Wang et al., 2025;
Li et al., 2025b; Chen et al., 2025b; Che et al., 2025;
Chen et al., 2025a; Tu et al., 2025; Mao et al., 2025;
Duan et al., 2025; Yin et al., 2025; Li et al., 2025d;
Bae et al., 2025; Li et al., 2025a; Xie et al., 2025a;
Zheng et al., 2024; Kan et al., 2024; Zhao et al.,
2024; Wang et al., 2024a,b; He et al., 2024; Yang
et al., 2024; Gu et al., 2024) refers to the fact that
multimodal models, when processing multimodal
inputs, sometimes produce content that does not
correspond to the actual inputs or is even fictitious.
Among them, RLHF (Ziegler et al., 2020; Ouyang
et al., 2022; Lee et al., 2024) is an approach that
relies on human feedback reinforcement learning
techniques, which manually evaluates and guides
model outputs, prompting the model to pay more
attention to factual basis and logical consistency.

2.3 RoPE deacy methods

Recent works have identified RoPE’s long-term de-
cay—i.e., exponentially diminishing attention be-
tween tokens at large relative distances—as a root
cause of visual neglect and object hallucination in
LVLMs (Xing et al., 2024a; Zhao et al., 2025; Liu
et al., 2025b; Yip et al., 2026a; Balažević et al.,

(a) LLaDA-V-ROPE (c) LLaDA-V+MCA 
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Figure 2: RoPE decay and previous methods of reindex-
ing position ids.

2024; Yip et al., 2026b). To counteract this, sev-
eral position-encoding interventions have been pro-
posed, which we categorize along two orthogonal
axes: (1) re-indexing vs. architecture augmentation,
and (2) training-required vs. training-free.

First, CCA-LLaVA (Xing et al., 2024a) in-
troduces concentric causal attention, reassigning
image-patch positions in a ring-wise inward or-
der so that instruction tokens are closer (in 1D
sequence distance) to more visual tokens. In par-
allel, MCA-LLaVA (Zhao et al., 2025) and DAPE
(Xie et al., 2025b) propose a Manhattan-based re-
ordering: by assigning 2D coordinates from all
four image corners and summing them to form
new position indices µ(m) = xm + ym, the 1D
unidirectional decay of is extended to a 2D multi-
directional spatial decay (see Figure 2). Farsight
(Tang et al., 2025b) proposes to use causal masks
to establish information propagation between mul-
timodal words.

Second, approaches like ComeMo (Liu et al.,
2025a) and VRoPE (Liu et al., 2025b) avoid se-
quence reordering and instead augment the archi-
tecture. ComeMo adopts a dual-path design: a
standard autoregressive context path and a cross-
attention memory path (with position-aware in both
query and key), thereby bypassing decay in the
causal chain.

3 Motivation

3.1 Preliminary

AnyRes High-Resolution Processing. To ac-
commodate high-resolution inputs while balancing
computational efficiency, LLaDA-V employs the
AnyRes (Li et al., 2024; Chen et al., 2025c) strategy.
The input image is processed through two parallel
streams to capture both holistic structure and fine-
grained details. For the thumbnail, which provides
the global view, the entire original image is directly
resized to a fixed resolution and encoded into visual
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tokens. Simultaneously, for the localized tiles, the
original image is cropped into fixed-size patches.
Each patch is then resized to the exact same resolu-
tion as the thumbnail and encoded independently.
These local feature maps are subsequently concate-
nated to form a high-resolution representation. Fi-
nally, the special separator image_newline tokens
are inserted at the end of each row of visual tokens.

3.2 Core Motivation

To deconstruct the internal mechanisms of in-
formation propagation within dMLLMs, we con-
ducted a comprehensive empirical analysis on the
MSCOCO (Lin et al., 2015) dataset. We tracked
the attention dynamics across 1000 samples during
the inference process. Our investigation reveals
fundamental misalignments in how semantic infor-
mation is anchored and distributed.

Attention Concentration on Semantic Anchors.
We first quantify the visual-to-text information flow,
formally defined as the aggregate attention a tex-
tual token receives from the visual context. Let T
denote the set of visual tokens and Ai,j represent
the attention weight from a query token i to a key
token j. For a given text token j, the flow I

(j)
vis→txt

is calculated as:

I
(j)
vis→txt =

∑

i∈T
Ai,j ,

where the summation aggregates contributions
from the entire visual sequence. Contrary to the
expectation that textual tokens would attend uni-
formly across visual features, we observe a distinct
attention collapse. As visualized in Figure 1 (a)
and (b), the direct attention from text to standard
image content tokens is negligible. Instead, the
information flow is disproportionately aggregated
by image_newline tokens. This phenomenon sug-
gests that image_newline tokens function as crit-
ical semantic anchors, compressing and encapsu-
lating visual and textual semantics into a compact
representation.

Bidirectional Visual-Semantic Interaction
and Semantic Blind Spots. Identifying
image_newline tokens as the primary carriers
of semantic information naturally prompts an
investigation into how this compressed information
is broadcast to the rest of the image. Consequently,
we examine the bidirectional information flow
between these carrier tokens and the standard

image content tokens, leveraging the bidirectional
attention characteristics of LLaDA-V (You et al.,
2025). Let N be the image_newline tokens and
Vimg be the set of standard image content tokens.
We define the interaction flow I

(j)
bi for a content

token j ∈ Vimg as the sum of mutual attention
between itself and image_newline tokens:

I
(j)
bi =

∑

k∈N
(Ak,j +Aj,k).

This bidirectional interaction is crucial for unpack-
ing the semantic information stored in the anchors
back into the spatial features. Ideally, the infor-
mation flow should have a uniform distribution on
all visual tokens. However, our analysis uncov-
ers a severe long-term decay within the thumbnail
map, forming the "semantic blind spots." As il-
lustrated in Figure 1 (c), tokens located earlier in
the flattened sequence of the thumbnail receive
significantly lower bidirectional attention scores
compared to those appearing later.

This finding highlights a fundamental misalign-
ment: while image_newline tokens function as
semantic hubs, successfully compressing dense se-
mantics, the underlying attention mechanism fails
to aggregate the information uniformly from visual
tokens. The observed semantic blind spots will
compromise the model’s ability to maintain global
consistency.

4 Methodology

Building on the above analysis, we propose Ex-
trinsic Distance-Aware Regularization (EDAR).
EDAR addresses the issue by laterally augment-
ing the key space, injecting an extrinsic regulariza-
tion matrix to calibrate the attention distribution
explicitly, forcing the model to maintain an ordered
information flow across long sequences.

4.1 Extrinsic Key Augmentation
In the standard dMLLM architecture, attention log-
its L ∈ RN×N are computed within a closed sys-
tem of queries and keys. EDAR extends the key
space by laterally concatenating a static regular-
ization matrix R ∈ RN×M . Here, N denotes the
sequence length and M represents the capacity of
the extrinsic buffer. The augmented attention oper-
ation transforms the standard Softmax into a gated
probability mechanism:

Aaug = Softmax([L ∥ R]), (1)
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Figure 3: The structure of our method.

where ∥ denotes concatenation along the key dimen-
sion. The residual probability mass is offloaded to
the extrinsic keys defined by R, which acts as a
dynamic probability sink for redundant attention.

The regularization matrix R is not learned as
parameters but is a distance-aware static coefficient
matrix. The matrix is designed as a structured field
where each row corresponds to a query position i
and each column to an extrinsic register k. For the
h-th attention head, the logit value at position (i, k)
is formulated as:

R
(h)
i,k = −µh · (k + 1) · λi,

for 0 ≤ i < N, 0 ≤ k < M.
(2)

This formulation integrates three structural com-
ponents. First, the term k serves as a linear index to
ensure the regularization field maintains full rank,
creating a gradient across the extrinsic dimension
rather than a uniform value. Second, following
the ALiBi (Press et al., 2022) paradigm, the head-
specific coefficient µh applies a geometric scaling
across heads to capture multi-scale dependencies,
ensuring that each head operates at a distinct posi-
tional decay rate. Finally, we introduce a progres-
sive decay rectification factor λi.

λi = α+
i

N − 1
(β − α). (3)

We empirically set the bounds as α = 0.01 and
β = 10.0. By modulating the penalty magnitude
relative to the token index i, this design creates a
position-dependent potential field that dynamically
adjusts the attractiveness of the extrinsic offload.

The resulting augmented logit row for a query at
position i in head h, after concatenation, takes the
form:

a
(h)
i =

[
qiK

⊤,−µhλi,−2µhλi, . . . ,−Mµhλi

]
.

(4)
This row-wise progression ensures the matrix

embeds positional hierarchies without altering the
intrinsic logits.

The calibrated attention weights for the sequence
are thereby allowed to sum to less than unity. After
computing the augmented attention weights, the
final calibrated attention matrix is obtained by slic-
ing to retain only the intrinsic dimensions, thereby
preserving the original matrix shape:

Acalib = Aaug[:, : N ]. (5)

4.2 Effectiveness Analysis
EDAR incorporates absolute positional informa-
tion to maintain an ordered information flow across
positions. We analyze this through the partition
function of the Softmax operation. For a given
query i, the total energy Zi is the sum of the vi-
sual component Zreal and the regularization compo-
nent Zreg. Substituting the definition of R(h)

i,k , the

regularization component Z(i)
reg forms a geometric

series:

Z
(i)
reg =

M∑

k=1

exp(R
(h)
i,k ) =

M∑

k=1

exp(−µhλi·k). (6)

Using the closed form of the geometric series,
the sum can be expressed as:
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Z
(i)
reg =

exp(−µhλi)
(
1− exp(−µhλi)

M
)

1− exp(−µhλi)
. (7)

Since λi increases monotonically with the se-
quence position i from α to β, the term −µhλi

becomes increasingly negative. Consequently, the
base term decays exponentially toward zero as
i→ N , implying:

∂Z
(i)
reg

∂i
< 0. (8)

This decay embeds absolute positional informa-
tion by making the regularization strength inversely
proportional to position. Early tokens, with small
i and large Z

(i)
reg, offload more probability mass to

the extrinsic sink, suppressing over-reliance on ad-
jacent context and enforcing a baseline order. As
i increases, Z(i)

reg diminishes, releasing probability
mass back to intrinsic keys and enabling later to-
kens to draw more heavily from preceding posi-
tions.

In essence, the extrinsic matrix acts as a probabil-
ity sink to offload excessive attention from the an-
chor, thereby increasing the relative attention bud-
get for other image tokens. A complete elimination
of the anchor mechanism would be counterproduc-
tive, as it is essential for information aggregation.
Therefore, improving the image-to-anchor infor-
mation flow is crucial. The embedded absolute
positional information enforces a more uniform in-
formation flow, which mitigates RoPE’s long-term
decay and eliminates the "semantic blind spots."
It ensures that while semantic anchors retain their
vital role as information hubs, they aggregate in-
formation across the entire visual canvas more uni-
formly and comprehensively.

5 Experiments

5.1 Experimental Setup Details
Baselines. Our experiments are conducted on two
representative dMLLMs: LLaDA-V (You et al.,
2025) and LaViDa (Li et al., 2025c). We evaluate
our EDAR method against the original LLaDA-V
as the primary baseline. Furthermore, we adapt and
implement several existing methods— CCA (Xing
et al., 2024a), MCA (Zhao et al., 2025), and Far-
sight (Tang et al., 2025b) onto the LLaDA-V archi-
tecture for comparative purposes.

Evaluation Benchmarks. We evaluate our
method on a diverse set of benchmarks to assess

Algorithm 1 Extrinsic Distance-Aware Regulariza-
tion (EDAR)

Require: Real attention logits L ∈ RB×H×N×N

Ensure: Calibrated attention Acalib ∈
RB×H×N×N

1: Initialize: Extrinsic field R ∈ R1×H×N×M

2: // Step 1: Construct base distance matrix
3: k← [1, 2, . . . ,M ]
4: vbase ← −k
5: Rtmp ← Repeat(vbase, rows = N)

6: // Step 2: Apply progressive scaling along rows
7: for i = 0 to N − 1 do
8: progress← i/max(N − 1, 1)
9: λi ← 0.01 + progress · (10.0− 0.01)

10: Rtmp[i, :]← Rtmp[i, :] · λi

11: end for

12: // Step 3: Apply head-specific slopes
13: for h = 0 to H − 1 do
14: µh ← 2−8(h+1)/H

15: R[0, h, :, :]← Rtmp · µh

16: end for

17: // Step 4: Broadcast and Concatenate
18: R← R.expand(B,−1,−1,−1) ▷ Match

batch dimension
19: Laug ← Concat([L,R], dim = −1)

20: // Step 5: Compute Attention and Slice
21: Aaug ← Softmax(Laug, dim = −1)
22: Acalib ← Aaug[:, :, :, : N ] ▷ Retain intrinsic

visual attention
23: return Acalib

its performance on hallucination mitigation and
general multimodal capabilities. The benchmarks
are divided into two categories: (1) Hallucination
Benchmarks: To measure the model’s ability to
suppress object-level hallucinations specifically,
we use benchmarks POPE (Li et al., 2023b) and
CHAIR (Rohrbach et al., 2018). (2) General Multi-
modal Benchmarks: To verify that our method does
not compromise—and ideally improves—general
vision-language understanding, we also conduct
evaluations on a series of general multimodal
benchmarks including ai2d (Kembhavi et al., 2016),
ScienceQA (Lu et al., 2022), MMMU (Yue et al.,
2024), MMStar (Chen et al., 2024b), SEED-
Bench (Li et al., 2023a), and MMB (Yuan et al.,
2023).
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Figure 4: Bidirectional visual-semantic interaction between image_newline and standard image content tokens.

Method
Random Popular Adversarial Average

Acc↑ F1-score↑ Acc↑ F1-score↑ Acc↑ F1-score↑ Acc↑ F1-score↑

LLaDA-V 88.67 87.44 86.93 85.79 85.27 84.26 86.96 85.83
+CCA 91.27 91.11 87.57 87.80 82.23 83.43 87.02 87.45
+MCA 91.13 90.73 87.33 87.62 82.83 84.30 87.10 87.55
+Farsight 88.87 88.76 87.43 87.72 83.13 83.76 86.48 86.75
+Ours 89.31 89.97 87.60 87.81 84.77 84.36 87.23 87.38

Table 1: POPE Evaluation Results on MSCOCO. Higher is better (↑).

Method long short

CS↓ CI↓ len CS↓ CI↓ len

LLaDA-V 30.0 7.6 123.4 17.4 6.8 61.8
+ CCA 23.0 5.9 123.7 17.4 5.4 61.3
+ MCA 25.6 5.8 123.6 15.0 5.2 61.2
+ Farsight 28.0 7.7 123.0 13.6 5.5 61.8
+ Ours 25.4 6.7 124.1 11.2 4.3 61.5

Table 2: Evaluation on CHAIR Hallucination Bench-
mark. Lower CS and CI indicate fewer hallucinations
(↓).

5.2 Evaluation Results on Hallucination
Benchmarks

In the POPE (Li et al., 2023b) benchmark (Table 1),
our method demonstrates highly competitive perfor-
mance. Compared to the baseline model LLaDA-V,
EDAR achieves significant improvements across
all three subsets (Random, Popular and Adversar-

ial). Notably, on the more challenging Popular and
Adversarial subsets, our method attains the high-
est scores in both Accuracy and F1-score. This
indicates that by enforcing a more uniform atten-
tion distribution, EDAR effectively addresses the
"semantic blind spot" issue, enabling the model to
perceive and confirm objects present in the image
more reliably.

In the CHAIR (Rohrbach et al., 2018) bench-
mark (Table 2), our method performs equally well.
For long descriptions, our method significantly out-
performs the baseline and Farsight. For short de-
scriptions, our method achieves state-of-the-art per-
formance among all methods on both the CHAIRs
and CHAIRi metrics. This proves EDAR can effec-
tively reduce the model’s tendency to invent objects
during text generation. Some cases can be seen in
Table 6 and Table 7.
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Method
General Multimodal Benchmarks Hallucination Benchmark

ai2d↑ SQA↑MMMU↑MMStar↑ SEEDimg↑ SEEDvid↑MMB↑ CHAIRS↓CHAIRI↓ POPE-A↑ POPE-F1↑

LLaDA-V 77.8 88.89 48.6 60.1 74.8 53.7 82.9 17.4 6.8 86.96 85.83
+ CCA 61.3 79.90 39.33 53.3 75.3 52.9 75.4 17.4 5.4 87.02 87.45
+ MCA 62.7 77.05 40.7 45.98 65.8 49.2 76.2 15.0 5.2 87.10 87.55
+ DoPE 78.5 89.12 51.2 60.5 74.9 53.9 85.5 16.4 6.6 86.85 85.98
+ Farsight 78.1 89.2 48.8 61.2 73.6 53.2 83.2 13.6 5.5 86.48 86.75
+ EDAR 80.6 89.74 49.8 62.2 75.8 54.9 84.5 11.2 4.3 87.23 87.38

LaViDa-D 71.5 83.6 42.6 54.8 69.3 47.5 73.8 18.2 7.1 85.2 84.5
+ EDAR 73.8 85.1 43.5 56.9 70.1 49.6 74.9 14.4 5.8 87.0 86.2

LaViDa-L 73.2 85.4 43.3 56.5 71.2 49.8 70.5 17.5 6.2 85.8 85.2
+ EDAR 75.9 87.2 46.9 58.7 74.8 52.1 75.4 13.5 5.1 87.5 87.1

Table 3: Aggregated Evaluation Results on various multimodal discrete diffusion model variants.

5.3 Evaluation Results of EDAR on General
Vision-Language Tasks and Benchmarks

As shown in Table 3, to verify whether our method
mitigates hallucinations at the cost of general ca-
pabilities, we conducted evaluations on multiple
general-purpose vision-language benchmarks.

Our method achieves the best performance
across multiple general benchmarks, outperform-
ing the baseline and all other compared methods.
This result is highly significant. Unlike methods
such as CCA (Xing et al., 2024a) and MCA (Zhao
et al., 2025), which reset positional IDs to mitigate
hallucinations, these methods lead to noticeable
performance degradation in general benchmarks
because this drastic alteration of positional IDs
damages the image’s structural integrity, despite
being effective in specific hallucination metrics.
In contrast, EDAR not only excels in hallucina-
tion tasks but also comprehensively enhances the
model’s general multimodal capabilities.

5.4 Ablation Study

We conduct ablation studies to verify the effective-
ness of our semantic blind spot elimination and
analyze hyperparameter sensitivity.

Elimination of Semantic Blind Spots. The Orig-
inal baseline (Fig. 1c) exhibits clear semantic blind
spots in the thumbnail. Fig. 4 compares the in-
formation flows across different methods. While
CCA (Xing et al., 2024a) and MCA (Zhao et al.,
2025) partially mitigate the global semantic blind
spots, they cause significant disturbance to the Lo-
calized tiles. In contrast, both Farsight (Tang et al.,
2025b) and our method maintain the stability of

the localized tiles. Crucially, our method achieves
a more uniform thumbnail information flow than
Farsight, making it the most effective method for
eliminating semantic blind spots and preserving the
information flow of localized tiles.

Columns (M ) α β CHAIRS↓ CHAIRI↓
N 0.01 5.0 12.8 5.3
N 0.01 10.0 11.2 4.3
N 0.01 15.0 12.5 4.6

N/2 0.05 5.0 13.4 5.4
N/2 0.05 10.0 13.8 5.3
N/2 0.05 15.0 13.6 5.4

Table 4: Ablation on hyperparameters: columns M
and decay bounds α, β. N denotes the sequence token
length. The default setting is highlighted.

Ablation Study on Hyperparameters. As
shown in Table 4, we have conducted an ablation
study on the hyperparameters of columns M and
decay bounds α, β across CHAIR (Rohrbach et al.,
2018) benchmarks. The analysis reveals two key
findings. First, setting the number of columns M
to the full sequence length N yields significantly
better performance than using a shorter length. Sec-
ond, the model is sensitive to the decay bounds,
with performance peaking at β = 10.0 and de-
grading for both lower and higher values. This re-
sult suggests that a moderate, well-balanced decay
bound is optimal, avoiding values that are either
too restrictive or too permissive. Based on these
observations, we selected the optimal configuration
(M = N,α = 0.01, β = 10.0), highlighted in the
table, as the default for all our experiments.
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6 Conclusion

In this paper, we analyzed the internal mecha-
nism in iffusion-based Multimodal Large Language
Models. Through our analysis of the internal in-
formation flow, we identified attention concentra-
tion and semantic blind spots, which contribute
to hallucinations. To address this issue, this work
introduces Extrinsic Distance-Aware Regulariza-
tion (EDAR), a novel training-free strategy that
effectively reduces hallucinations in dMLLMs by
calibrating attention to ensure a uniform informa-
tion flow. By alleviating key issues like attention
concentration and semantic blind spots, the method
enhances factual consistency and ensures compre-
hensive information aggregation from the entire
visual canvas. Our method not only significantly
reduces hallucinations but also enhances perfor-
mance on general multimodal benchmarks.

7 Limitations

While EDAR is an effective training-free strategy,
its primary limitation is the introduction of com-
putational and memory overhead during inference.
This overhead stems from the need to construct
an extrinsic regularization matrix and to concate-
nate it to the key space for each attention computa-
tion. This process enlarges the dimensionality of
the softmax operation, resulting in increased infer-
ence latency and memory consumption. A detailed
quantitative analysis of this overhead is provided in
Appendix B. Consequently, this efficiency trade-off
may hinder its practical application, suggesting a
direction for future work in optimizing the regular-
ization process.
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A Information Flow Analysis on LaViDa

To verify that the two bottlenecks we identi-
fied in Section 3 (attention concentration on
image_newline anchors and RoPE-induced se-
mantic blind spots) are not specific to LLaDA-V,
we replicate the same information-flow analysis on
LaViDa. Following the protocol in Section 3.2, we
randomly sample 1000 examples from MSCOCO
and track the attention dynamics across all layers
during inference.

Figure 5: Visual-to-text information flow on LaViDa.
The image_newline tokens act as semantic anchors,
mirroring the phenomenon observed on LLaDA-V.

Figure 6: Bidirectional information flow between
image_newline anchors and visual tokens on LaViDa.
(a) The original model suffers from the same semantic
blind spots on the thumbnail as LLaDA-V. (b) After
applying EDAR, the information flow becomes notably
more uniform, effectively eliminating the blind spots.

Figure 5 visualizes the visual-to-text informa-
tion flow on LaViDa. Consistent with the ob-
servation on LLaDA-V, text tokens attend only
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sparsely to standard visual content tokens, while
the image_newline anchors absorb a dispropor-
tionately large share of the attention budget, ex-
hibiting a pronounced attention sink.

Figure 6 further illustrates the bidirectional infor-
mation flow between the image_newline anchors
and the visual tokens. The thumbnail region again
exhibits a clear long-range decay pattern: tokens
appearing earlier in the flattened sequence receive
markedly lower bidirectional attention than later
tokens, forming the same "semantic blind spots"
as in LLaDA-V, while the localized tiles remain
relatively uniform.

Moreover, Figure 6(b) shows that after apply-
ing EDAR on LaViDa, the bidirectional informa-
tion flow between the image_newline anchors
and the thumbnail becomes substantially more uni-
form: the previously under-attended tokens at the
beginning of the flattened thumbnail sequence are
now activated with comparable intensity to the later
ones, while the localized tiles remain stable. This
mirrors the improvement we observe on LLaDA-
V (Figure 4), indicating that EDAR consistently
eliminates the semantic blind spots across different
dMLLMs.

These results confirm that the attention-sink and
semantic-blind-spot issues are not idiosyncratic to
LLaDA-V but appear to be general bottlenecks
in dMLLMs, motivating the need for a generic
remedy such as EDAR.

B Computational Overhead of EDAR

As noted in our limitations, although EDAR is
training-free and requires no additional parame-
ters, the explicit attention re-distribution introduces
extra computation at every decoding step, lead-
ing to moderate increases in inference latency and
GPU memory consumption. To quantify this over-
head, we benchmark the original LLaDA-V and
LLaDA-V+EDAR on a single NVIDIA RTX PRO
6000 GPU under two input lengths: N = 1674 and
N = 3888. In the experiment, we use the original
inference method without fast_dllm.

Table 5 reports the per-token latency and peak
GPU memory usage. EDAR incurs a 1.16× la-
tency overhead and a 1.03× memory overhead at
N = 1674, and a 1.39× latency overhead with
a 1.11× memory overhead at N = 3888. The
overhead grows mildly with sequence length. Nev-
ertheless, the absolute memory increase remains
small, and the latency cost is a reasonable trade-off

given the consistent accuracy gains reported in the
main paper. We leave further optimization (e.g.,
fused kernels) to future work.

Seq Len (N ) Method Latency (ms/tok) GPU Mem (GB)

1674
Original 148.4 26.1
+EDAR 173.2 (1.162×) 27.0 (1.034×)

3888
Original 267.2 38.2
+EDAR 371.7 (1.391×) 42.2 (1.105×)

Table 5: Computational overhead of Extrinsic Distance-
Aware Regularization on LLaDA-V.

19372



User Please describe the image in detail.

Image

LLaDA-V In the heart of a bustling city, a daring skateboarder is caught in a moment of pure
exhilaration. The skateboarder, clad in a white t-shirt and gray pants, is suspended
in mid-air, arms outstretched in a display of balance and control. His skateboard, a
testament to his skill, is poised above an orange and white barrier, its vibrant colors
contrasting against the muted tones of the background buildings.

+CCA The image captures a dynamic moment of a skateboarder performing a trick over a
striped barrier. The skateboarder is in mid-air, with the skateboard visible beneath
them. The background is a street scene with a clear blue sky and a few clouds. The
building in the background has large windows and a sign with a green and white logo.
The skateboarder is wearing a black shirt and gray pants, and the skateboard is orange
and white striped.

+MCA In the heart of a bustling city, the athlete leaps above a yellow and white barrier, wearing
a black t-shirt and gray pants. His helmet shines under sunlight, with spectators and
tall beige buildings forming the lively urban background. The scene is a symphony of
motion and energy, set against the backdrop of the urban landscape.

+Farsight In the heart of a bustling city, a skateboarder is caught in a moment of pure exhilaration.
The skateboarder, clad in a black t-shirt and gray pants, is suspended in mid-air, his
arms outstretched in a display of balance and control. His skateboard, a testament to his
skill, is directly beneath him, hovering above the orange and white striped construction
barrier he’s jumping over. The skateboard is seen on the ground, and a red brick
building glows behind under a blue sky.

+Ours In the heart of a bustling city, a daring skateboarder is caught in mid-air, defying
gravity with an impressive trick. The skateboarder, clad in a black t-shirt and gray
pants, is suspended above a red and white striped concrete barrier. His skateboard,
a loyal companion in this daring feat, is visible beneath him. The backdrop to this
thrilling scene is a beige building, its windows reflecting the clear blue sky. A crowd
of onlookers watches intently, their attention riveted on the skateboarder’s airborne
performance.

Table 6: Case Study (1)
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User Please describe the image in detail.

Image

LLaDA-V In the heart of the action, a baseball player in a blue and white uniform is captured
mid-swing, his body twisted in a powerful arc as he attempts to hit the ball. The ball,
a pristine white, is frozen in mid-air, positioned slightly above and to the right of the
player. Behind him, a catcher in a green and black uniform is crouched in anticipation,
ready to catch the ball. The field itself is enclosed by a chain link fence, providing a
stark contrast to the lush green of the field.

+CCA The image captures a moment during a baseball game. The batter is in the process of
swinging the bat, while the catcher is crouched behind him, ready to catch the ball.
The batter is wearing a green and white uniform, while the umpire is in a red and black
uniform. The scene is set on a baseball field, with spectators visible in the background.
The lighting is dim, and the atmosphere is focused on the intense moment of the game.

+MCA The batter, wearing blue and white, swings forcefully as the catcher crouches in the
dirt. Several players running across the grass under bright daylight add an energetic
mood, though inaccurate. Other players and spectators can be seen in the background,
adding to the lively atmosphere of the game.

+Farsight This image captures a dynamic moment in a baseball game. The central figure is a
batter, dressed in a blue and white uniform, who is in the midst of swinging his bat.
The ball is frozen in mid-air, indicating the force of the swing. The catcher stands
upright, ready to catch the ball. The ball has hit the ground, raising a small cloud of
dust. The image beautifully encapsulates the intensity and dynamism of a baseball
game.

+Ours In the heart of the action, a young baseball player, clad in a vibrant blue and white
uniform, is captured mid-swing. His body is coiled with energy, his bat poised to
strike the ball. The ball, frozen in mid-air above the batter, mirrors the intensity of the
moment. The catcher, dressed in a contrasting red uniform, crouches behind the batter,
ready to catch the ball. The field itself is enclosed by a chain-link fence, providing a
stark contrast against the green of the field.

Table 7: Case Study (2)
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