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Abstract

Human visual reasoning typically follows a
coarse-to-fine attention process, starting from
global scene understanding and gradually fo-
cusing on question-relevant regions. However,
multimodal large language models may devi-
ate from this pattern due to attention drift and
the underutilization of visual evidence, which
can lead to hallucinations. To mitigate these
issues, this study proposes a Dual-Indicator
Guided Contrastive Alignment (DICA), which
tracks two information-theoretic indicators dur-
ing inference: Visual Attention Entropy (VAE),
which reflects the concentration of visual at-
tention, and Output Image Correlation (OIC),
which measures the dependence of generated
outputs on the visual input. An abnormal in-
crease in VAE or a decrease in OIC corre-
sponds to different failure modes, which trig-
ger targeted contrastive alignment to restore
visual grounding. Experimental results across
multiple benchmarks demonstrate that DICA
consistently outperforms existing approaches
and substantially reduces hallucinations, high-
lighting the effectiveness of indicator-driven in-
tervention in improving multimodal inference
reliability. The code is publicly available at
https://github.com/BGWH123/DICA/.

1 Introduction

For Visual Question Answering (VQA), human vi-
sual attention follows a coarse-to-fine paradigm.
typically begin by conducting a global scan of the
scene to acquire an overall semantic structure and
contextual cues. As the question is progressively
interpreted, attention gradually narrows and shifts
toward the local regions most relevant to the query,
and the final answer becomes highly dependent
on these key visual details (Navon, 1977). This
transition from global context awareness to fine-
grained semantic focus has been repeatedly vali-
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Figure 1: An example of attention drift and underuse of
visual evidence.

dated in cognitive and vision studies (Das et al.,
2017; Yarbus, 2013; Itti and Koch, 2001).

To investigate whether modern Multimodal
Large Language Models (MLLMs) exhibit a sim-
ilar attention pattern, a systematic empirical anal-
ysis is conducted in Section 2. The results reveal
a consistent transition from global attention to lo-
calized focus. As reasoning unfolds, the MLLMs’
visual attention progressively shifts from a diffuse
global distribution to a concentrated focus on re-
gions semantically aligned with the query.

Besides, two major issues are found in the exper-
iments, as shown in Figure 1. (a) Attention Drift:
During reasoning, the model’s visual attention may
suddenly disperse or shift to regions that are se-
mantically irrelevant to the query. (b) Underuse of
Visual Evidence: The model’s reliance on visual
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cues does not consistently escalate as the network
deepens. Conversely, in some cases, the reliance
on visual content even degrades in deeper layers.
These two issues consequently cause MLLMs to
yield incorrect response.

However, existing works, including both
training-based approaches (Cai et al., 2024; Villa
et al., 2025; Liu et al., 2023a; Yu et al., 2024) and
training-free inference-time methods (Leng et al.,
2024; Huang et al., 2024; Favero et al., 2024; Woo
et al., 2025; Chen et al., 2025), generally treat hal-
lucination as a monolithic phenomenon and lack
explicit mechanisms to diagnose its root causes.
They fail to distinguish whether hallucinations arise
from attention drift or from underuse of visual
evidence, and therefore apply uniform correction
strategies that may be misaligned with the actual
failure modes. As a result, these methods are often
unable to perform precise, adaptive interventions
when different hallucination patterns occur during
reasoning.

In contrast, we propose Dual-Indicator Guided
Contrastive Alignment (DICA), which explicitly
diagnoses and addresses different hallucination
sources during inference. Specifically, DICA con-
tinuously monitors two typical failure patterns, at-
tention drift and underuse of visual evidence, via
dedicated indicators. Once either indicator exceeds
a predefined threshold, a targeted correction is trig-
gered. If attention drift is detected, the hidden
states of a neutral query are incorporated to cali-
brate the current hidden states; if underuse of visual
evidence is detected, the original prediction is cali-
brated using the best alternative distribution.

Extensive experiments on multiple benchmarks
show that DICA consistently enhances reasoning
accuracy, validating both our theoretical analysis
and the practical efficacy of the proposed approach.

The contributions are summarized as follows:

* We empirically uncover two key bottlenecks
about MLLM hallucinations: (a) attention
drift and (b) underuse of visual evidence.

* DICA is proposed as a method that can be
applied to different models and performs dis-
tribution correction at inference time, without
requiring retraining or changes to the model
architecture.

 Extensive evaluations demonstrate that DICA
significantly boosts reasoning accuracy and
suppresses hallucinations by effectively

strengthening the model’s reliance on visual
evidence.

2 Motivation

2.1 Indicator Definition

To analyze whether MLLMs exhibit attention pat-
terns similar to human visual attention and whether
their answers remain grounded in visual cues, we
introduce two diagnostic metrics!: (1) Visual At-
tention Entropy (VAE), which captures the con-
centration level of visual attention, and (2) Out-
put-Image Correlation (OIC), which measures
the model’s reliance on visual cues. These metrics
serve as diagnostic indicators for identifying abnor-
mal attention and evidence-utilization behaviors
rather than causal explanations of hallucination.
Visual Attention Entropy. Shannon entropy
(Shannon, 1948) is employed to quantify the con-
centration of attention over visual tokens. Let the
attention weights over all tokens be {agl’t) I at
layer [ and decoding step ¢, and let m € {0,1}7
denote the image token mask, where m; = 1 indi-
cates a visual token. The attention weights corre-
sponding to visual tokens are first selected:

ALY = {0l | m; = 1}. (1)

These are then normalized to form a probability
distribution:

0 _ e

Pi DK
Zj:mjzl aj

The VAE for layer [ at step ¢ is computed as

ie{jlmj=1}. Q)

VARG = — § P logp®. (3)

i:mizl

The sequence {VAE"'D) ... VAE(T)} represents
the evolution of the model’s visual attention across
decoding steps for each layer and token. Higher
entropy indicates more dispersed attention, while
lower entropy indicates more concentrated atten-
tion over a subset of visual tokens.
Output-Image Correlation. OIC measures the
influence of image-conditioned hidden states on
the model’s output distributions relative to uncon-
ditioned hidden states.

Let A1) denote the hidden states at decoding
step ¢ and layer [ when conditioned on both text and

IThe theoretical basis and mathematical proofs for these
metrics are provided in Appendices A and B, respectively.
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Figure 2: Top: Evolution of VAE across layer phases.
Bottom: Evolution of OIC across layer phases.

image, and let hgi’t) denote the hidden states when

conditioned only on text, without image. The cor-
responding output logits are obtained via a linear
projection:

Z(l,t) — h(l’t)WT, (4)
2y =hi W, 5)

where W is the language modeling head parame-
ters matrix. The probability distributions over the
vocabulary are then computed using the softmax
function:

p(lvt) = SOftmaX(Z(l7t))7 (6)

p‘(éi’t) = softmax(z‘(éi’t)). 7

The OIC for each token is defined:

o1ct) = 3~ (1ogpl? ~ 10g i), (®)
v

where v indexes the vocabulary. The sequence
{OIC(“), 0} (G ,OIC(l’T)} then represents
the evolution of the model’s output dependence
on image information across decoding steps for
each layer and token. Higher OIC values indicate
stronger reliance on visual input, while lower val-
ues indicate that the output primarily depends on
text context.

2.2 Findings

Visual attention exhibits a transition from dif-
fuse to more concentrated patterns, as reflected
by a generally decreasing VAE.

We systematically study cross-modal attention in
LLaVA-1.5 (Liu et al., 2024b) across transformer
layers. Specifically, we isolate the attention tokens
aligned with visual tokens and calculate their VAE
to measure the degree of focus or dispersion in the
attention distribution. As shown at the top of Figure
2, it is observed that the downward trajectory of
VAE largely supports hypothesis of a global-to-
local attention evolution.

However, during decoding, VAE occasionally
shows sharp increases. These peaks indicate sud-
den rises in visual attention entropy, meaning the
model’s attention becomes unexpectedly dispersed.
Such behavior typically signals confusion or a dis-
connect from visual evidence and may foreshadow
upcoming hallucinated content, suggesting that fo-
cused visual cues no longer support the generated
output. This anomaly will be further discussed in
2.3.

During the reasoning process, the model pro-
gressively increases its reliance on visual infor-
mation, as evidenced by rising OIC values.

The model’s reliance on visual information was
further quantified by the OIC metric, as illustrated
in the bottom part of Figure 2. Under normal rea-
soning, OIC values typically show a gradual in-
crease or remain high, indicating that the model can
consistently and effectively leverage cross-modal
mappings to incorporate image features when con-
structing its answers, thereby ensuring that the gen-
erated text is grounded in visual evidence.

However, at certain moments, the metric exhibits
abnormal sudden drops. Such abrupt decreases
signal a sharp reduction in the model’s dependence
on visual input, with the generation distribution
becoming primarily driven by the internal priors of
the language model. This sudden disengagement
from the visual context often implies that the model
is performing blind inference based solely on its
textual priors, which can easily lead to hallucinated
outputs that are inconsistent with the image content.
This anomaly will be discussed in Section 2.3.
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Figure 3: Evolution of answer log-probabilities and attention maps across layers.

2.3 Anomaly Analysis

In the preceding analysis of indicators, two types of
abnormal phenomena have been identified: sudden
increases in VAE and drops in OIC. To further
investigate the consequences of these two situa-
tions, a step-by-step visualization of the reasoning
trajectories in which such abnormalities occur is
conducted. This includes examining layer-wise
changes in attention heatmaps as well as the evolu-
tion of the answer log-probabilities, as illustrated
in Figure 3. After correction by DICA, the results
are provided in D.3.5.

When a sudden surge in VAE is observed, the
visual attention previously concentrated on relevant
regions abruptly disperses or drifts toward areas se-
mantically irrelevant to the question. Such attention
drift interrupts the expected global-to-local focus-
ing process and prevents the model from maintain-
ing stable reliance on critical visual evidence in
subsequent layers. This phenomenon is referred to
as attention drift. The corresponding answer prob-
ability curves also exhibit pronounced fluctuations,
indicating that the model progressively deviates
from a visually grounded reasoning trajectory and
becomes prone to erroneous or hallucinatory pre-
dictions. The left of Figure 3 shows a representative
example of this phenomenon.

In contrast, when OIC experiences a decline,
the output distribution reflects a clear reduction
in reliance on image information. In this situa-
tion, the generation process becomes increasingly
dominated by language priors, causing the model
to ignore visual evidence and shift toward prior-
driven inference, i.e., underuse of visual evidence.
During this phase, the answer become unstable and

decline, eventually diverging from the actual vi-
sual content. As shown in the right of Figure 3, this
lack of visual grounding similarly leads to incorrect
predictions.

3 Dual-Indicator Guided Alignment

Based on the above analysis, the rise in VAE and
the drop in OIC lead to attention drift and loss of
visual grounding, which in turn cause reasoning er-
rors. Thus, a suitable method should address these
issues and maintain the model’s alignment with vi-
sual evidence. Therefore, the DICA architecture is
proposed, as shown in Figure 4. It is composed of
two components, namely VAE-Guided Drift Cor-
rection and OIC-Guided Grounding Restoration.

At each MLLM layer [ and decoding step %, the
two indicators are computed:

VAEY) = VAE(a(M),
o1ct) = o1C (b, n:H)y,

©)
(10)

where both functions follow the definitions pro-
vided in Section 2.1.

3.1 VAE-Guided Drift Correction

Attention drift is identified when the VAE surpasses
a predefined threshold corresponding to a propor-
tion ayag of its dynamic range, indicating disper-
sion of visual attention at the feature level. In this
state, the hidden representations of image tokens in
the Normal path are contaminated by high-entropy
noise, causing the model to disperse focus toward
irrelevant regions.

To correct this feature-level deviation, we lever-
age the Descriptive path. Due to its inherently de-
scriptive generation process, the Descriptive path
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Figure 4: The overall architecture of DICA.

captures richer fine-grained details (Li et al., 2023a;
Peng et al., 2023; Liu et al., 2023b) and maintains a
more uniform attention distribution across regions.
Based on this property, we perform contrastive de-
coding directly on hidden states to mitigate the
effect of high-entropy contamination.

Specifically, let H™& and H(ilrélsi denote the
image-token hidden states in the Normal and De-
scriptive paths, respectively. We map them to logits
Z and Zgesc via the language modeling projection
layer. Then, a dynamic weight is computed ay
to control the correction strength based on their
distributional discrepancy:

ag = clip (1 — JSD(Z || Zgese), 0, 1), (11)
where JSD(-) measures the Jensen—Shannon Diver-
gence (Lin, 1991) between the hidden-state feature
distributions. The corrected hidden state is then
computed as:

H™Y = (1 4+ ag) H™ — ay4 H™8

desc*®

(12)

3.2 OIC-Guided Grounding Restoration

For step ¢ of a given sample b, if the OIC value
shows a persistent decrease and falls below a thresh-
old defined as a proportion ap1c of its own range,
we consider this an indication of underuse of visual
evidence.

After computing OIC, we further require a met-
ric that explicitly captures whether the model at-
tends to image regions during reasoning. To this
end, we define the image token attention vec-
tor Vorc, which measures the explicit attention
strength that the current language token allocates
to the image tokens.

Formally, let A € RE*HXTXT denote the multi-
head attention scores of a given layer [, where B is
the batch size, H is the number of attention heads,
and T' is the length of the input sequence. Let
m € RZ*T be a binary mask indicating the posi-
tions of the image tokens within the sequence. At
the decoding step ¢, the model uses the last query
position to attend to all key positions. Following
prior findings (Neo et al., 2024; Xu et al., 2025)
that the maximum activation across heads provides
a reliable estimate of the model’s dominant focus,
A is aggregated across the head dimension as:

Ap;; = max

Apnig A € REXTXT(13)
he{l,...,H}

where j indexes the source positions attended to.

The aggregated attention distribution is then re-
stricted to the positions corresponding to image
tokens, as specified by the mask m. For each sam-
ple b, decoding step t and layer [, the raw image-
directed attention vector is

vig = [Ansy [mug=1]. a9
To obtain a normalized attention profile over image
tokens, we apply a softmax operation:

vt _

orc. = softmax (vy ) , (15)

where Vg}’é) represents the relative attention proba-
bility that the model allocates to the image token
at the current decoding step in the [-th layer. For
simplicity, we denote it as V..

The JSD is then computed between this layer
and each preceding layer to quantify the layer-wise
difference in visual attention distributions.

dist(Viic, Vdic) = ISD(Viic || Viie),  (16)
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where L denotes the final decoding layer. The
layer N = 1,..., L — 1. Exhibiting the maximal
divergence is selected as the target intermediate
layer [* :

¥ = arg max dist (V(gjlvc)a V(gf()?)
N=1,....L—1

a7
To adaptively modulate the strength of grounding
restoration, we define a dynamic scaling factor ;
based on the inter-layer divergence of visual atten-
tion distributions:

Ba = clip (JSD(Véic || Viic), 0.1).  (18)

Once the layer [* is selected, intermediate-layer
contrastive decoding is performed by comparing
the predicted token distributions from the final
layer and the selected intermediate layer. Let H. i?ng
and H il;;g denote the vocabulary logits produced by
the final and intermediate layers under image-aware
hidden representations. The contrastive decoding

distribution is then computed as:

Hyow = softmax((l + fa) log Hij,“ng — Balog Hil:ng).
(19)

4 Experiments

4.1 Experiments Setup

Datasets and Metrics. We evaluate DICA on three
benchmarks as follows:

(1) POPE (Li et al., 2023d). The benchmark is de-
signed to test whether MLLMs can correctly judge
the presence or absence of specific objects in an im-
age, thereby identifying object-level hallucinations.
It formulates the task as Yes/No queries based on
object annotations. The dataset is balanced (50%
real objects and 50% non-existent objects) and em-
ploys three sampling strategies: random, popular,
and adversarial. Built from MSCOCO (Lin et al.,
2014), A-OKVQA (Schwenk et al., 2022), and
GQA (Hudson and Manning, 2019), POPE con-
tains approximately 27k query—answer pairs for
evaluation.

(2) MME (Zhang et al., 2021). The comprehen-
sive benchmark is designed to assess MLLM’s per-
formance across multiple dimensions. It covers
ten perception-oriented tasks and four cognition-
related tasks. Object-level hallucination is exam-
ined through subsets evaluating object presence
and counting, while attribute-level hallucinations
are analyzed via subsets focusing on object color
and position.

(3) CHAIR (Rohrbach et al., 2018). In this eval-
uation framework, object hallucination in image
captioning is assessed by prompting MLLMs to
produce descriptive captions for a randomly cho-
sen subset of 500 images from the MS-COCO vali-
dation set. The metric quantifies hallucination by
measuring the fraction of objects referenced in the
generated caption that are absent from the corre-
sponding ground-truth annotations. It provides two
primary metrics: CHAIR; at the object-instance
level and CHAIR; at the sentence level.
Implementation Details. In experiments, we se-
lected the models LLaVA-1.5 (Liu et al., 2024b)
and Qwen-VL (Bai et al., 2023) as the backbones.
The hyperparameters are set as ayag = 0.8, and
aorc = 0.5.2 All experiments were conducted on
an NVIDIA A100 GPU.

Baselines. All baseline methods in our experiments
are selected from VCD (Leng et al., 2024), OPERA
(Huang et al., 2024), M3iD (Favero et al., 2024),
AvisC (Woo et al., 2025), and MoD (Chen et al.,
2025). These methods aim to mitigate hallucina-
tions by reducing reliance on language priors dur-
ing the decoding process.

4.2 Main Results

Results on POPE. Table 1 compares DICA with
representative baselines on the POPE benchmark.
DICA achieves the best performance in nearly
all evaluation settings and datasets. On LLaVA-
v1.5 under the AOKVQA/Popular setting, DICA
reaches an Fl-score of 85.99, outperforming all
baselines. The concurrent improvements in accu-
racy and F1-score indicate that DICA effectively re-
duces false positive predictions, making the model
more conservative in its production of affirmative
answers. This directly alleviates object hallucina-
tion and improves fine-grained object understand-
ing.

Results on CHAIR. Table 2 shows that DICA
substantially reduces hallucinations in generative
tasks. On both LLaVA-v1.5 and Qwen-VL, DICA
achieves the lowest sentence-level and instance-
level CHAIR scores among all methods. On
LLaVA-v1.5, DICA reduces CHAIR, to 41.8 and
CHAIR; to 11.5 while maintaining high recall, in-
dicating that hallucination suppression does not
come at the cost of descriptive coverage. On Qwen-
VL, DICA attains similarly low hallucination rates
with short outputs and preserves reasonable recall.

“Hyperparameter analysis is provided in D.3.2.
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Setting Method MSCOCO AOKVQA GQA
LLaVA-vl.5 Qwen-VL LLaVA-vl.5 Qwen-VL LLaVA-vl.5 Qwen-VL
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
sample 83.80 84.20 84.90 8290 81.80 83.50 86.80 85.80 81.60 83.50 83.30 79.20
AvisC 82.30 83.50 82.90 80.00 79.10 82.10 84.70 83.00 79.00 82.20 80.50 77.80
VCD 85.00 84.20 85.50 83.60 81.20 83.20 87.40 86.60 82.20 84.10 82.00 80.50
Random OPERA 89.20 88.81 87.31 86.92 88.02 84.59 88.19 88.43 88.13 88.91 86.02 85.29
M3ID 86.10 85.00 85.30 83.40 82.90 84.60 87.10 85.90 83.30 84.50 82.40 79.70
MoD 89.20 89.10 86.00 84.10 86.50 87.50 87.80 86.90 86.20 87.40 83.80 82.30
DICA (ours)  89.23 88.82 87.37 85.97 89.23 89.42 89.47 88.93 89.09 88.65 86.67 85.42
w/o VAE-GDC 86.50 85.04 86.01 84.19 88.60 87.78 87.23 86.48 88.40 88.06 83.57 81.93
w/o OIC-GGR 87.76 86.67 86.13 84.24 88.90 89.07 89.15 88.58 88.57 88.11 86.23 84.77
sample 82.00 82.60 84.00 81.90 75.30 78.70 85.60 84.70 73.10 77.50 75.90 74.90
AvisC 78.20 80.50 82.80 80.10 71.80 77.20 83.90 83.40 67.40 74.80 74.20 72.30
VCD 82.10 83.20 84.90 83.60 74.70 78.50 86.30 85.10 71.50 76.80 75.90 75.60
Popular OPERA 86.64 86.62 87.44 86.68 83.22 84.67 87.91 87.13 79.27 82.11 81.97 82.12
M3ID 82.80 84.10 84.20 82.70 75.80 79.40 85.90 84.60 72.30 77.10 76.80 77.00
MoD 85.70 86.10 85.60 83.70 79.50 82.20 86.50 85.60 74.00 78.60 79.80 78.90
DICA (ours)  87.72 86.65 87.50 86.13 86.64 85.99 88.19 87.50 81.88 82.52 82.13 81.72
w/o VAE-GDC 86.40 84.92 85.50 83.57 85.78 85.87 86.97 86.10 79.43 81.08 78.93 77.90
w/o OIC-GGR 86.53 85.06 85.63 83.75 86.46 85.83 87.03 86.19 81.26 82.02 79.13 78.07
sample 75.80 78.10 82.10 80.20 67.40 73.70 80.40 80.50 68.00 74.50 75.50 74.40
AvisC 74.20 77.70 81.20 78.50 64.40 73.00 78.10 77.30 64.10 72.90 75.50 73.40
VCD 76.30 78.70 84.00 82.00 68.10 74.60 80.70 80.80 67.60 74.50 76.70 76.20
Adversarial OPERA 81.24 81.38 84.78 83.45 73.82 7791 80.82 81.54 75.00 78.71 80.24 80.64
M3ID 77.10 78.90 83.20 80.80 68.30 74.60 80.50 80.40 67.20 74.00 77.10 76.70
MoD 79.70 81.30 84.00 82.30 69.10 75.40 81.00 80.90 68.70 75.30 78.90 78.10
DICA (ours)  83.20 82.55 84.80 83.67 77.77 78.63 81.33 80.98 78.40 79.86 79.23 78.21
w/o VAE-GDC 81.40 81.70 83.80 81.98 76.47 76.41 81.07 80.68 77.79 79.37 78.57 78.53
w/o OIC-GGR 82.37 81.94 84.00 82.24 77.47 7645 81.23 81.16 77.53 80.41 78.80 77.89

Table 1: Results on POPE benchmark. Acc and FI denote Accuracy and F1 score, respectively. Bold indicates the

best performance, and underline denotes the second best.

DICA exhibits consistent hallucination suppression
across architectures, demonstrating strong robust-
ness.

Results on MME. As reported in Table 3, DICA
achieves the highest overall scores across all set-
tings. On LLaVA-v1.5, DICA attains a total score
of 661.5, exceeding all baseline methods. It per-
forms best on the all subset and maintains leading
performance on Counting and Position, indicating
reliable perception of object presence and attributes.
On Qwen-VL, DICA again achieves the highest
total score of 648.3, with clear gains on the Exis-
tence, Position, and Color subsets. This suggests
that DICA benefits from stronger visual encoders
and improves cross-modal alignment. While per-
formance on the Count subset is slightly lower than
the best baseline, DICA remains the most stable
method overall.

4.3 Ablation Studies

To verify the effectiveness of the two key compo-
nents in DICA, we conduct ablation studies on the
POPE benchmark. As shown in Table 1, removing
either module results in a noticeable performance

Method CHAIR, | CHAIR; | Recall T Length
vy sampling 52.8 15.9 71.3 93.4
'; VCD 51.0 149 772 1019
<>C M3iD 56.2 17.0 793  97.1
G AvisC 44.0 13.7 729  89.8
2 MoD 42.6 124 789 976
DICA (ours)  41.8 11.5 77.8 95.8
A sampling 2.8 3.0 31.0 53
> VCD 1.4 1.2 30.8 4.0
£ M3iD 1.7 1.3 318 34
AvisC 1.6 1.6 32.0 4.4
< MoD 0.8 1.0 321 38
DICA (ours) 0.8 1.0 270 5.7
Table 2: Results on CHAIR benchmark. Lower

CHAIR; and CHAIR;, along with higher Recall, corre-
spond to better performance.

drop, confirming that both VAE-GDC and OIC-
GGR are indispensable. The degradation is more
pronounced when VAE-GDC is removed. This is
primarily because attention drift occurs more fre-
quently during inference, as indicated by the trigger
statistics in Figure 6. Moreover, VAE-GDC oper-
ates at the attention level, directly reinforcing the
visual grounding foundation, while OIC-GGR inter-
venes later at the output distribution level. Conse-
quently, VAE-GDC serves a more foundational role
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Method Object-level  Attribute-level

Total
Existence Count Position Color

v sampling 170.0 103.3 108.3 128.3 510.0
—? VCD 180.0 110.0 108.3 133.3 531.7
<>t M3ID 185.0 1183 121.7 128.3 553.3
G AvisC 195.0 116.7 131.7 153.3 596.7
— MoD 195.0 141.7 126.7 175.0 638.3
DICA (ours) 195.0 148.3 143.2 175.0 661.5

B sampling 160.0 143.3 113.3 165.0 581.7
> VCD 165.0 140.0 113.3 175.0 593.3
Qs'=) M3ID 165.0 143.3 103.3 175.0 586.7
3 AvisC 160.0 145.0 113.3 160.0 578.3
< MoD 170.0 160.0 103.3 180.0 613.3
DICA (ours) 170.0 155.0 133.3 190.0 648.3

Table 3: Results on MME benchmark. The performance
is measured by MME Score. The Total column repre-
sents the sum of four individual results in each row.
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Figure 5: The impact of DICA on VAE and OIC within
POPE.

in suppressing hallucinations. When both modules
are jointly enabled, their complementary effects
result in the best overall performance, underscor-
ing the importance of combining attention-level
diagnostics with output-level guidance.

4.4 Analysis and Discussion

The Mean Variations of OIC and VAE Before
and After DICA. Figure 5 presents the average
changes in VAE and OIC across shallow, middle,
and deep layers before and after applying DICA.
Overall, VAE consistently decreases, indicating
more focused visual attention and reduced atten-
tion drift, while OIC increases across all layers,
reflecting stronger reliance on image cues. These
trends demonstrate that DICA effectively enhances
visual grounding and improves the stability of the
model’s reasoning process.

Trigger Ratios and Triggered Layer Distribu-
tion of the Dual Module. Figure 6 shows that
VAE-GDC is triggered more frequently than OIC-

VAE-GDC (Trigger: 15.29%) 100.0%
100 OIC-GGR (Trigger: 1.75%)
~~
§, 80
.S 60 58.0%
=
Q
g
2 40
A~ 26.8%
20 15.2%
0 0.0% 0.0%
Shallow Middle Deep

Figure 6: Trigger frequency and depth distribution of
VAE-GDC and OIC-GGR on POPE.

Repair outcome W—-W W—-R R—-W R—=R

Overall (%) 8.2 4.9 1.3 86.9
Conditional (%) 62.6 37.4 1.5 98.5

Table 4: Repair success distribution on POPE. Here, W
denotes wrong and R denotes right.

GGR, and both modules are primarily activated in
deeper layers. This indicates that attention drift oc-
curs more often than underuse of visual evidence,
with both failure modes emerging mainly in later
reasoning stages. The higher trigger frequency of
VAE-GDC suggests that maintaining focused vi-
sual attention is more challenging for MLLMs than
preserving general image dependence, especially
as decoding progresses.

Triggering Reliability and Correctness Transi-
tion. Table 4, DICA achieves highly precise inter-
ventions, with an R—W rate of 1.3%, indicating
hardly any degradation of correct predictions. At
the same time, it corrects 37.4% of erroneous cases
(W—R), confirming that VAE and OIC reliably
identify hallucination risks and guide the model
back to relevant visual evidence via contrastive
alignment. DICA operates as an on-demand inter-
vention mechanism that strikes a balance between
robustness and hallucination mitigation.

5 Conclusion

This study identifies two prevalent failure modes in
MLLM-based visual question answering: attention
drift and underuse of visual evidence. We pro-
pose the DICA framework, which leverages two
information-theoretic indicators, VAE and OIC, to
dynamically monitor model behavior. During nor-
mal reasoning, VAE decreases and OIC remains
high; abnormal VAE surges or OIC drops trig-
ger hallucinations, which DICA corrects via VAE-
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GDC and OIC-GGR, respectively. Extensive ex-
periments across multiple models and benchmarks
demonstrate that DICA improves accuracy, effec-
tively mitigates hallucinations, and validates the
effectiveness of the proposed dual-indicator guided
alignment.

Limitations

There are three main limitations to our work:

* Like other decoding-time hallucination miti-
gation methods, DICA introduces moderate
computational overhead to enable real-time
monitoring of visual grounding. This leads
to a modest increase in latency compared to
standard greedy decoding.

* The method relies on fixed threshold param-
eters, which may require manual adjustment
for different models or downstream tasks, lim-
iting its generalization across diverse MLLM
architectures.

* DICA cannot compensate for perceptual blind
spots inherent in the pretrained vision encoder
or language model, and its performance is
ultimately bounded by the base model’s visual
and linguistic capacities.
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A Proof of Metric Applicability

To validate that our proposed metrics, Visual Atten-
tion Entropy and Output-Image Correlation, faith-
fully reflect the human-like cognitive process of
Global Exploration — Focal Exploitation, we pro-
vide the following theoretical justifications based
on information theory.

1. Entropy as an Indicator of Visual Exploration
Scope

Claim. The Visual Attention Entropy H"Y serves
as an information-theoretic proxy for the spatial
scope of visual processing, characterizing the tran-
sition from global browsing to focal attention.
Proof. LetV = {1,..., M} be the set of visual
token indices, and the attention distribution be p €
AM=1_Consider two extreme cognitive states:

* Global Browsing (Exploration): p; = 1/M
for all ¢, entropy is maximized:

M1
VAE(p) = _ZMIOgM = log M.
i=1
(20)

* Focal Attention (Exploitation): p; = 1 for
some token k, others 0, entropy is minimized:

VAE(p) = 0. (21)

Since Shannon entropy (Shannon, 1948) is con-
cave and uniquely maximized by the uniform distri-
bution, a decreasing sequence {H (")}, indicates a
reduction in the effective receptive field, i.e., cog-
nitive narrowing from scene-level to object-level
focus.

2. OIC as a Measure of Visual Evidence Contri-
bution

Claim. The OIC quantifies the information gain
from visual tokens over the textual prior, measuring
reliance on visual evidence.

Proof. Recall

orct? = va log P
v

)
DPwi,v

(22)

which is the Kullback-Leibler divergence (Kull-
back and Leibler, 1951) Dk (P(-|Text, Image) ||
P(-|Text)). From a Bayesian view, text is the prior,
image is the observation:

P(v | Text, Image) ]

oict) =k, _p [log P(v | Text)

(23)

* If visual info is redundant or ignored: OIC —
0.

e If visual info provides critical evidence:
OIC > 0.

Hence, OIC directly measures the informational
contribution of visual perception to the decision-
making process.

3. Modeling the Cognitive Evolution

Based on the above analysis, the human VQA
process can be described as a trajectory in
(VAE, OIC) space:

PhaseI: ¢ small, VAE® ~ log M,
0IC™® moderate,
Phase II: ¢ 1, VAE®) |
Process :
context accumulates,
Phase III: ¢ = tans, VAE® — 0,
0IC™®) maximized.

\

This trajectory describes an idealized and inter-
pretable pattern of cognitive evolution rather than
a deterministic cognitive law.

B Proof of Metric Validity

To understand the relationship between VAE and
OIC, and how they reflect human-like cognitive
processes in VQA, we analyze their theoretical
connection through the lens of Information Theory
and Transformer dynamics.

OIC as Information Gain. First, we observe that
the definition of OIC(Y) is equivalent to the KL

divergence between the image-conditioned output
(Lt).
e

w

distribution p(“?) and the text-only prior p

orctt — DKL(p(l,t) [ p(lft)).

w1

(24)

This quantity measures the information gain pro-
vided by the visual context at step ¢. A high OIC im-
plies that the visual features significantly alter the
model’s prediction away from the pure language
prior.

Attention Entropy as Feature Selectivity. The
visual context vector c¢(!) entering the feed-
forward network is a weighted sum of visual tokens
V=A{v;}:

= 3 i,

im;=1

(25)
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We analyze two limiting cases of the attention en-
tropy HY) to demonstrate the evolution process:

Phase 1: High Entropy (Global Exploration).
During the initial stages of reasoning high VAE®H),
the attention distribution is dispersed, approximat-
ing a uniform distribution where pgl’t) ~ 1/N,
where IV, is the number of visual tokens. The con-

text vector becomes an average of the visual scene:

VAESVA By o = ]\lfy Z Vi = Velobal,  (26)
(2

where Vgioba represents generic scene semantics.
While this informs the global context, it rarely con-
flicts strongly with the language before specific to-
kens, resulting in a moderate divergence OIC. This
mirrors the human cognitive phase of scanning for
global semantics.

Phase 2: Low Entropy (Focal Exploitation). As
the model resolves the semantics low VAE®*Y)| the
attention distribution becomes peaked and sparse.
In the limit where VAE(:Y) — 0, the probability
mass concentrates on a single critical token k:

L,t)

lim cf (27)

= V.

VAE—0 F
In VQA, the visual token v typically contains
specific evidence (e.g., color, count, text) that is
orthogonal to the text context. The injection of this

highly specific feature v}, causes the logits z("*) to
(1)

shift significantly from z;",

divergence:

maximizing the KL

Olc(l,t) x Hz(l,t) (Vk:) _ Z(l,t)

wi

@)

This corresponds to the human cognitive phase of
focusing on key details to formulate an answer.

Conclusion. Therefore, the temporal evolution
from high entropy to low entropy, accompanied
by a rise in OIC, mathematically formalizes the
cognitive strategy:

(1,t) time (L) (L,t) time (1,t)
VAEhigh —VAE, )/ = OIC,/ — OIChigh .

/

Attention Focusing Evidence Integration

(29)
This inverse correlation validates that the model ac-
curately mimics the human VQA process, starting
with global perception and narrowing down to the
extraction of specific visual evidence.

C Related Work

Multimodal Large Language Model. Inspired by
the success of LLMs (Touvron et al., 2023), recent
research has extended their capabilities to the multi-
modal domain, leading to the rapid development of
MLLMs (Liu et al., 2025b; Bai et al., 2023). With
the introduction of LLLMs, MLLMs have increas-
ingly adopted unified generative frameworks (Liu
et al., 2024b; Zhu et al., 2023), which significantly
enhance reasoning, generalization, and adaptabil-
ity across diverse vision-language tasks. Typically,
MLLMs are trained via a two-stage paradigm, in-
cluding vision-language feature alignment pretrain-
ing followed by instruction-based fine-tuning (Dai
et al., 2023). Recent studies have further incorpo-
rated human preference optimization techniques,
such as RLHF (Sun et al., 2024) and preference
fine-tuning (Zhou et al., 2023). Despite these ad-
vances, MLLMs still suffer from pervasive hallu-
cination issues, where generated responses deviate
from visual evidence, posing critical challenges
to their reliability in real-world applications. This
limitation underscores the need to develop more
robust mechanisms to enhance visual grounding
and factual consistency in MLLMs.
Hallucination in MLLMs. Hallucinations, which
generate content inconsistent with visual inputs or
factual reality, have been widely studied in both
language-only and vision-language settings (Yuan
et al., 2026, 2025; Ji et al., 2023; Yao et al., 2023;
Liu et al., 2024a; Li et al., 2023c; Yang et al.,
2025b; Zheng et al., 2025, 2024; Liu et al., 2025a).
Due to the requirement of precise visual-textual
alignment, hallucinations in MLLMs are often
more severe, particularly in tasks such as visual
question answering and image captioning, where
models tend to over-rely on linguistic priors when
visual grounding is unreliable or ambiguous (Biten
et al., 2022; Wang et al., 2024; Zhou et al., 2023).
Existing hallucination mitigation methods in
MLLMs can be broadly categorized into two
classes according to whether they require addi-
tional training. Training-based approaches aim to
suppress hallucinations by modifying model archi-
tectures or training objectives. Typical strategies
include supervised fine-tuning on carefully curated
anti-hallucination datasets, reinforcement learning
with hallucination-aware rewards, or contrastive
and counterfactual data construction that explicitly
penalizes hallucinated outputs (Liu et al., 2023a;
Cai et al., 2024; Yu et al., 2024; Villa et al., 2025).
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While effective in controlled settings, these meth-
ods are often costly in terms of data annotation and
computation, and may compromise generalization
when deployed beyond the training distribution.

In contrast, training-free inference-time meth-
ods attempt to regulate hallucinations without up-
dating model parameters. A representative line
of work leverages contrastive decoding, where
hallucination-prone predictions are deliberately in-
duced and contrasted against the original decoding
stream to suppress spurious generations (Li et al.,
2023b; Chuang et al., 2023). In the multimodal
domain, such hallucination-inducing signals are
constructed through noisy or removed visual in-
puts (Leng et al., 2024; Favero et al., 2024), ad-
versarial or negative prompts (Woo et al., 2025;
Kim et al., 2023), or attention manipulation and
decoding heuristics (Huang et al., 2024). These
approaches are attractive due to their flexibility and
low deployment cost, and have shown promising
empirical gains across benchmarks.

However, despite their differences, both training-
based and training-free methods generally treat
hallucination as a monolithic phenomenon and
lack explicit mechanisms to diagnose its under-
lying causes. In particular, they fail to distinguish
whether hallucinations arise from attention drift,
or from underuse of visual evidence. As a result,
existing methods tend to apply uniform correction
strategies, such as globally suppressing language
bias or enforcing stronger visual grounding, which
may be misaligned with the actual failure mode
and can even degrade correct predictions.

Motivated by this limitation, our proposed DICA
departs from one-size-fits-all correction by explic-
itly diagnosing hallucination patterns during infer-
ence and performing targeted, adaptive interven-
tions. By jointly monitoring VAE and OIC, DICA
identifies whether hallucinations are caused by at-
tention drift or underuse of visual evidence, and
accordingly activates distinct mechanisms to recal-
ibrate the reasoning process.

D More Eexperimental Details

D.1 Metrics

Metrics on MME. In the MME benchmark, each
image ¢ € [ is paired with two similar questions
designed to elicit “yes” and “no” responses, de-
noted as {q/, ¢"}. Two metrics are used to evaluate
model performance: the question-level accuracy
(Acc) and the image-level accuracy (Acc™).

Table 5: CHAIR hallucination results on LLaVA-1.5.
Cs / C (lower is better).

Method LLaVA-1.5 (512) LLaVA-1.5 (64)
Cy Cr Cs Cr
Greedy 45.0 147 206 6.2
Nucleus 488 142 262 85
Beam Search 48.8 139 188 59
DoLA 478 13.8 204 6.3
OPERA 446 128 142 52
DICA 41.8 115 104 43

The question-level accuracy (Acc) is defined as:
> ier IMLLMs(i, ¢} ) = "Yes"|
|| x 2
> ier IMLLMs(i, ¢f') = "No"]
|I| x 2 '

Acc =

(30)
The image-level accuracy (Acc™) is defined as:

S e IIMLLMs (i, ¢¥) = "Yes"]

Acct =
1]
(31)
I[MLLMs(i, ¢/') = "No"|
1 )
The final MME Score is computed as:
MME Score = Acc + Acct. (32)

Metrics on CHAIR. The CHAIR benchmark eval-
uates hallucinations in image captioning using two
metrics: CHAIR,; and CHAIR.

The instance-level hallucination rate is:
|{hallucinated objects }|
|{all mentioned objects}|

CHAIR,; = (12)

The sentence-level hallucination rate is:
{sentences with hallucinations }|

|
CHAIR; =
|{all sentences}|

(13)
Recall measures caption completeness:

Recall |{accurately mentioned objects}|
ecall =

|{ ground-truth objects}|
(14)

D.2 Results

D.2.1 Additional Results on CHAIR

Table 5 presents hallucination evaluation results
on LLaVA-1.5 using the CHAIR benchmark, com-
paring various decoding strategies under two vi-
sual token settings: 512 (standard) and 64 (com-
pressed). Lower CHAIRg and CHAIR; scores in-
dicate fewer hallucinations. DICA consistently
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Figure 7: Top: VAE changes across layers phase on
DICA. Down: OIC change across layers phase on
DICA.

achieves the lowest hallucination rates among all
methods, demonstrating its effectiveness in ground-
ing model outputs in visual evidence. Notably,
DICA maintains strong performance in both the
512-token and 64-token settings, indicating its ro-
bustness regardless of whether standard or com-
pressed visual representations are used.

D.2.2 Additional Results on POPE

Table 6 reports the complete experimental results
on the POPE benchmark. DICA consistently out-
performs nearly all existing methods, including
VCD, M3ID, and other training-free and training-
based baselines. On LLaVA-1.5 under the MS-
COCO Popular setting, DICA achieves 87.7%
accuracy, outperforming Sample (82.0%), VCD
(82.1%), M31ID (82.8%), AVisC (78.2%), and MoD
(85.7%). On Qwen-VL, DICA exceeds all com-
petitors across all nine accuracy metrics. Overall,
DICA achieves the strongest performance, partic-
ularly under adversarial and popular conditions,
demonstrating superior visual grounding and effec-
tive hallucination mitigation during inference.

D.3 More Analysis and Discussion
D.3.1 VAE and OIC Performance Changes
with DICA

Figure 7 illustrates the evolution of VAE and OIC
across shallow, middle, and deep layers after ap-
plying the DICA intervention. The corrected tra-

Hyperparameter Grid Analysis

622.5
04 61333
620.0
617.5
031 61333 613.33 613.33 613.33 2
615.0 3
= >
> Q
g 6125 5
02{ 60333 603.33 608.33 608.33 ﬁ
r610.0
F607.5
0.14 60333 603.33 603.33 603.33
I 605.0
0.1 0.2 0.3 04 -
aoic
Hyperparameter Grid Analysis
660
0.9 61333 603.33 60333 60533 60333
650
640 2
G
>
o]
630 E
[5)
=

o
o
=]

F 610

0.5 0.6 0.7 0.8 0.9
aoic

Figure 8: The upper figure corresponds to thresholds
0.1-0.4, and the lower figure to thresholds 0.5-0.9.

jectories demonstrate that VAE steadily decreases.
Meanwhile, OIC consistently increases, reflecting
a reasoning process that aligns with the human-
like cognitive pattern of shifting from global ex-
ploration to focal exploitation. In contrast, the
uncorrected anomalous steps reveal instances of
attention drift, abnormally high VAE, and under-
use of visual evidence, as well as abnormally low
OIC. DICA effectively suppresses these anoma-
lies, ensuring that visual attention remains focused
and that model predictions stay grounded in image
evidence throughout inference.

D.3.2 Analysis of ayvar and aoic

The sensitivity of DICA to the drift and grounding
thresholds ayagr and apic is evaluated through
a grid search on the MME benchmark. Figure 8
top presents the results when both thresholds range
from 0.1 to 0.4. In this low-threshold regime, per-
formance remains at a relatively low level, with
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Dataset Setting Method LLaVA-vl.5 Qwen-VL
Acc Pre Rec F1 Acc  Pre Rec F1

sampling 83.8 824 861 842 849 960 729 829
VCD 850 827 86.1 842 855 960 71.1 836

randonm M3ID 86.1 832 868 850 853 951 742 834
AvisC 823 784 893 835 829 962 685 80.0

MoD 892 900 882 89.1 860 970 743 841

DICA (Ours) 89.2 94.1 837 888 874 969 774 86.0

sampling 820 797 859 826 840 947 721 819

VCD 82.1 785 883 832 849 945 749 836

MS-COCO | M3ID 82.8 80.1 885 841 842 941 738 827
popuiar AvisC 782 727 903 805 828 955 689 80.1
MoD 857 84.1 88.1 86.1 856 963 740 837

DICA (Ours) 877 90.6 83.1 867 875 967 776 86.1

sampling 758 713 863 781 821 900 723 802

VCD 763 715 873 787 840 90.6 749 820

adversarial M3ID 771 718 876 789 832 904 73.1 808
AvisC 742 684 899 777 812 919 685 785

MoD 797 754 882 813 840 924 742 823

DICA (Ours) 832 886 762 820 848 931 7521 83.7

sampling 81.8 764 921 835 868 932 795 858

VCD 812 752 930 832 874 929 81.1 866

randonm M3ID 829 768 941 846 87.1 924 803 859
AvisC 79.1 719 955 821 847 930 749 83.0

MoD 86.5 813 947 875 878 944 804 869

DICA (Ours) 89.2 879 91.0 894 895 943 843 889

sampling 753 69.1 915 787 856 90.6 795 84.7

VCD 747 682 925 785 863 895 812 85.1

A-OKVQA | M3ID 758 698 92.1 794 859 907 792 84.6
popuiar AvisC 718 647 956 772 839 909 755 824
MoD 795 726 945 822 865 916 803 856

DICA (Ours) 88.6 908 81.7 860 882 931 85 875

sampling 674 618 912 737 804 80.1 809 80.5

VCD 68.1 619 938 746 807 80.1 81.6 80.8

adversarial M3ID 683 62.1 934 746 805 807 802 804
AvisC 644 588 961 730 781 80.1 747 7713

MoD 69.1 62.6 947 754 810 812 806 809

DICA (Ours) 77.8 757 818 786 813 817 808 813

sampling 81.6 756 932 835 813 888 715 792

VCD 822 760 941 841 8.0 876 745 805

randonm M3ID 833 768 940 845 8.4 881 728 797
AvisC 790 714 967 822 805 899 686 77.8

MoD 862 808 951 874 838 903 757 823

DICA (Ours) 89.1 926 851 887 867 945 78.1 854

sampling 731 667 925 775 759 781 720 749

VCD 715 647 945 768 759 766 747 156

GQA ' M3ID 723 649 948 77.1 768 789 752 77.0
popuiar AvisC 674 609 97.1 748 742 719 615 723
MoD 740 668 953 786 798 824 757 789

DICA (Ours) 819 794 855 825 821 864 776 817

sampling 68.0 620 934 745 755 778 712 744

VCD 67.6 615 944 745 767 7118 747 762

adversarial M3ID 672 61.0 939 740 771 786 749 767
AvisC 64.1 585 967 729 755 805 674 734

MoD 68.7 622 953 753 789 810 754 78.1

DICA (Ours) 784 748 859 799 792 828 745 78.2

Table 6: Detailed evaluation results on POPE benchmark (Acc, Pre, Rec, F1) for LLaVA-v1.5 and Qwen-VL.
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metric values concentrated between 603.33 and
608.33, showing no clear improvement.

When the thresholds are set below 0.5, DICA
becomes overly sensitive, causing the intervention
mechanisms to be frequently triggered. Normal
fluctuations and minor noise in the reasoning pro-
cess are often misidentified as abnormal signals,
leading VAE-GDC and OIC-GGR to apply unnec-
essary corrections. Such over-correction disrupts
otherwise stable inference trajectories and degrades
overall performance.

In contrast, the moderate-to-high threshold
regime shown in the down part of Figure 8 ef-
fectively alleviates this issue. With ayag = 0.8
and aprc = 0.5, interventions are activated only
when substantial attention drift or insufficient vi-
sual grounding occurs. This selective activation
avoids noise-induced corrections while enabling
targeted adjustments, resulting in the best per-
formance of 661.53. These results indicate that
slightly higher threshold values strike a better bal-
ance between intervention frequency and correc-
tion strength, which is crucial for DICA to achieve
optimal effectiveness.

D.3.3 Analysis of oy

The value of a4 exhibits a pronounced bimodal dis-
tribution during inference on the POPE benchmark
Figure 9, with most values concentrated near O or
1. This shows that VAE-GDC’s contrastive correc-
tion is selectively activated, either fully engaged
or nearly inactive—rather than applied uniformly.
Values in [0.0, 0.1) occur when the Normal and
Descriptive paths produce highly divergent outputs,
typically during stable, visually grounded reason-
ing. Here, the Descriptive path which generates
open-ended descriptions naturally differs from the

46 CHAIR,
. aq (CHAIR,)
=
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2
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= 14
<
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O
12
0.1 02 03 04 05 06 07 08 09
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Figure 10: Performance with fixed oo on CHAIR.

task-specific Normal path, and the low a4 prevents
unnecessary correction, preserving fluency. Con-
versely, values in [0.9, 1.0) arise during attention
drift: both paths yield diffuse, high-entropy distri-
butions due to lost visual focus, making their out-
puts unusually similar. The near unity oy triggers
strong contrastive decoding to recover a grounded
prediction. The scarcity of intermediate values
confirms that DICA acts as a sparse, decisive inter-
vention, activating only when clear anomalies are
detected.

We further fix o4 to a constant value « and con-
duct experiments on the CHAIR dataset. As shown
in Figure 10, our results reveal a clear relation-
ship between the blending weight o and halluci-
nation behavior. When « is close to 0, the model
heavily relies on the Normal path, which is tightly
grounded in visual input for the specific task. This
leads to strong visual alignment and the lowest
CHAIR scores, indicating minimal object halluci-
nation. As « increases toward 1, the influence of
the Descriptive path grows, introducing more open-
ended and fluent language patterns but also increas-
ing the risk of describing non-existent objects, as
reflected by rising CHAIRs and CHAIRi. The best
performance is consistently achieved at small «
values, confirming that precise visual grounding
enabled by prioritizing the Normal path is crucial
for hallucination suppression in captioning. This
empirical trend validates the design of the adap-
tive oy, which automatically favors the Normal
path during stable reasoning and only invokes the
Descriptive path when attention drift necessitates
corrective intervention.

D.3.4 Analysis of 3,

The value of 3, exhibits a pronounced bimodal
distribution during inference on the POPE bench-

38813



104
>
Q
=]
2
=
2
1071
10'
D N N )
o 9’.9 NP BRI b@\ «g.b 99‘ S
RN IR R RSN
fa range
Figure 11: The change of 34 on POPE.
665
660 --=- f4=66153
6551
2
= 650
>

645

640

635

04 05 06 07 08 09 I

p
Figure 12: Performance with fixed 5 on MME.

01 02 03

mark. As shown in Figure 11, the majority of 5,4
values are clustered near the extremes of 0 and 1,
rather than being uniformly distributed. Specifi-
cally, the high-density peak near O corresponds to
stable reasoning phases where the model maintains
a high correlation between its output and the rel-
evant visual evidence, indicating that the internal
attention mechanism is functioning correctly with-
out excessive intervention. Conversely, the sharp
peak near 1 signifies instances where the OIC drops
significantly, reflecting potential attention drift or
underuse of visual evidence. The fact that 3, effec-
tively polarizes these two states demonstrates that
DICA can act as a precise binary-like trigger. This
adaptive mechanism ensures that contrastive align-
ment is only aggressively applied when a deviation
from visual evidence is detected, thereby suppress-
ing hallucinations while preserving the linguistic
fluency of the model in normal states.

We fixed the original 54 value from the paper
and replaced it with a unified constant hyperpa-
rameter 5. As shown in Figure 12, the evalua-

tion on the MME benchmark shows that the orig-
inal setting with ; achieves a score of 661.53,
which significantly outperforms all configurations
using fixed [ values. Specifically, across the tested
range of 3 from 0.1 to 1.0, the best performance is
only 648.33, which is clearly lower than the score
obtained with (4. This result demonstrates that the
dynamic design of 5; more effectively balances
generation fluency and visual grounding, leading
to superior overall performance and further validat-
ing the effectiveness of the OIC-GGR module in
DICA.

D.3.5 Effectiveness of DICA in Visible

Without DICA, the model exhibits clear signs of
attention drift and underuse of visual evidence
as illustrated in Figure 3. For instance, when an-
swering “Is there a sports ball in the image?”, the
attention map becomes diffused in deeper layers,
shifting away from the relevant object region; si-
multaneously, the log-probability of the correct
answer drops sharply, leading the model to output
an incorrect “No”. A similar failure occurs for
the query “Is there a truck in the image?”, where
visual cues are largely ignored despite their pres-
ence, resulting in hallucinated responses. ““‘ In
contrast, after applying DICA see Figure 13, our
dual-indicator monitoring detects these anomalies
in the middle-to-late decoding stages: a sudden
rise in VAE triggers VAE-Guided Drift Correction.
Meanwhile, a drop in OIC activates OIC-Guided
Grounding Restoration. As a result, the model’s
attention is realigned to the semantically relevant
regions, and the answer log-probabilities stabilize
and converge toward the correct label. The final
predictions become both visually grounded and
accurate, demonstrating DICA’s effectiveness in
restoring faithful cross-modal reasoning.

D.3.6 Efficiency Analysis

We analyze the computational overhead introduced
by DICA and compare it with the total time cost of
alternative hallucination mitigation strategies, in-
cluding training-based and data-engineering-based
approaches. During inference, standard autore-
gressive decoding requires one forward pass per
token. In contrast, DICA computes lightweight
indicators from three computational streams: the
normal path, the text-only path, and the descrip-
tive path, which yields a theoretical upper bound
of approximately three forward passes per token.
However, the actual wall-clock latency increase is

38814



-14.5

logio Probability

@ Token: 'Yes'
»  Token: 'No'

o Token: 'Yes'
2 »  Token: 'No'

Shallow layers Middle layers Deep layers Shallow layers Deep layers

Middle layers

i 5 T b Wy il
l[_ Attention Map Change

Figure 13: Evolution of answer log-probabilities and attention maps across layers applying DICA.

Approach Training Time Data Prep Overhead Inference Cost Deployment Agility
Retraining / RLHF High High 1x Low

Data Engineering Medium (fine-tuning required) Very High 1x Low

Beam Search (k = 5) Zero Zero 5x High

DICA (Ours) Zero Zero ~2.5% Very High

Table 7: Comparison of time and deployment costs across hallucination mitigation paradigms. Training Time
is measured in GPU-hours. Data preparation overhead refers to the qualitative human and computational effort
required to curate or generate additional supervision signals before training or inference. The inference cost is
reported as a multiplicative factor relative to standard greedy decoding.

significantly smaller. This is because the vision
encoder, the heaviest module in MLLMs, runs only
once. Meanwhile, subsequent computations oper-
ate solely within the decoder layers and therefore
benefit heavily from KV-cache reuse. Moreover,
the additional streams are executed within the same
decoding iteration. They are processed jointly on
modern GPUs, whose parallel throughput leads to
sub-linear latency growth relative to the number
of streams. Another important observation is that
DICA activates its computationally expensive cor-
rection modules only when the VAE or OIC indi-
cators exceed their respective thresholds, meaning
that the overhead is sparse rather than incurred at
every decoding step. For example, on LLaVA-1.5,
DICA adds roughly 0.04-0.08 seconds per token
relative to greedy decoding. For typical VQA out-
puts under 20 tokens, the end-to-end delay remains
below 1.5 seconds, which is well within the inter-
active latency tolerance.

The more substantial efficiency advantage of
DICA appears when considering the full lifecy-
cle cost of deploying a hallucination mitigation
method. Unlike approaches requiring supervised
fine-tuning, RLHEF, or counterfactual data construc-
tion, DICA introduces zero training cost and zero

data preparation cost. In comparison, beam search
incurs a 3-5x inference multiplier. Table 7 sum-
marizes the comparison across methods. Despite a
moderate increase in inference-time computation
(approximately 2.5 x), DICA eliminates the signif-
icantly higher cost associated with retraining or
building large-scale, curated datasets.

D.3.7 Performance on Qwen3

To further verify the generalization ability of our
method, we conducted supplementary experiments
on a more recent backbone model, Qwen3 (Yang
et al., 2025a), under the POPE benchmark. Specif-
ically, we compared the original Qwen3 baseline
with Qwen3 enhanced by our DICA framework.

Table 8 presents the detailed results. Across all
datasets and evaluation settings, DICA consistently
improves both Accuracy and F1 score over the orig-
inal Qwen3 model. Notably, performance gains are
observed not only under Random splits but also
under more challenging Popular and Adversarial
settings, which are designed to evaluate robustness
against hallucination biases.

These results indicate that DICA is not tightly
coupled with a specific architecture but instead acts
as a general and transferable hallucination mitiga-
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Dataset Setting Qwen3(Base) Qwen3(DICA)
Acc F1 Acc F1
Random 89.50 88.67 91.73 91.15
MSCOCO Popular 87.47 86.73 89.13 88.68
Adversarial 85.70 85.11 87.23 86.95
Random 92.80 92.71 94.10 94.07
AOKVQA Popular 89.00 89.35 90.30 90.50
Adversarial 82.70 84.14 84.37 85.52
Random 91.70 91.55 92.77 92.59
GQA Popular 87.60 88.01 89.37 89.48
Adversarial 83.87 84.77 85.00 85.80

Table 8: Performance comparison on the POPE bench-
mark. Base denotes the original Qwen3 model.

tion framework.

E More Case Studies

Figure 14 presents a qualitative comparison of dif-
ferent decoding and alignment methods on a repre-
sentative indoor scene involving children and adults
sharing food. As shown, baseline methods such as
VCD, M3ID, VCD, and OPERA tend to introduce
inconsistent or hallucinated details when generat-
ing descriptions, for example, misidentifying the
event as a birthday party, adding non-existent dec-
orations, or over-specifying social activities that
are not visually grounded. These errors indicate
that the models are overly influenced by spurious
correlations or high-level priors rather than the ac-
tual visual evidence. In contrast, DICA produces
a more faithful and conservative description that
remains closely aligned with the image content,
avoiding unsupported assumptions while preserv-
ing key visual elements. This case study demon-
strates that DICA effectively mitigates attention
drift and reduces semantic hallucination by correct-
ing intermediate representations, leading to more
reliable image-grounded generation.

Figure 15 presents a qualitative comparison of
image description results generated by different
decoding methods on the same input image. As
shown, baseline methods tend to introduce vary-
ing degrees of hallucination or over-interpretation.
Some outputs incorrectly infer specific cuisines,
misidentify ingredients, or add contextual assump-
tions such as restaurant settings or instructional
purposes that are not supported by the visual ev-
idence. These errors indicate that the models are
overly influenced by language priors, leading to
semantic drift during decoding. In contrast, DICA
produces a more faithful and conservative descrip-
tion, accurately reflecting the observable content
in the image without introducing unsupported de-

tails. This case study highlights the effectiveness
of DICA in suppressing hallucinated information
and improving visual grounding.
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: This image depicts a lively birthday party taking
place indoors, with many children gathered
together to celebrate. Colorful balloons and party
decorations surround the group, enhancing the
festive atmosphere. The children are enjoying cake
and snacks while adults take photos and supervise
the celebration. The overall scene strongly

| resembles a cheerful birthday event.

| This image shows young children sitting on the

| floor in a classroom or daycare setting. They

| appear to be participating in a structured group

| activity, possibly related to learning or storytelling.
| Adults are nearby, likely acting as teachers guiding
| the session. The overall scene reflects an

| educational environment focused on group

| instruction.

| The image shows a group of children and adults

| indoors, interacting within a shared space. The

| individuals appear calm and engaged in a

| supervised group setting. The environment looks

| organized and safe, suggesting a general group

| activity. No specific action or event is emphasized.

The image shows a group of people gathered
indoors around a long eating area, sharing a meal
together. Both adults and children are present,
suggesting a community or school-related event.
The environment appears similar to a cafeteria or
classroom, where people are seated closely and
interacting in a casual manner. The scene conveys a
general sense of social dining and group
interaction.

|
|
| The image shows a group of children attendinga |
| special indoor celebration. Various party elements |
| such as desserts, gift items, and festive accessories |
| can be observed. The children appear excited as |
| they sit together eating sweets, while adults |
| document the moment. This scene likely represents |
| a formal celebration organized for children. |

I

|

|
The image captures a daycare environment where |
children are gathered indoors on the floor. Some |
children appear to be eating snacks, while others |
seem to be playing or interacting with toys. Adults |
supervise the children and manage different |
activities occurring at the same time. The scene |
combines elements of playtime and snack time. :

|

|
The image shows a group of young children sitting :
closely together on colorful floor mats indoors, |
each eating slices of pizza from blue plates. The |
setting resembles a daycare or children’s activity |
room rather than a formal classroom. Several adults |
are standing or kneeling around the children, |
supervising them and taking photos. The |
atmosphere is lively and informal, indicating a |
group meal or small children’s gathering. |

|

Figure 14: Case study of generative on CHAIR. We compare responses generated by sampling, VCD, M3ID, AvisC,
MoD, and OPERA. Hallucinated content is highlighted red, while more detailed and accurate content is marked in

green.
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LTextual input: Please describe this image in detail. | I

|
|
|
The image shows a plate of food placed on a |
wooden table. The dish appears to contain rice |
along with various cooked ingredients mixed |
together. Some vegetables and pieces of meat are |
visible, suggesting a balanced meal. A glass of |
water can also be seen in the background, |
indicating a casual dining setting. |

I

|

|

| This image depicts a Western-style dinner plate

| featuring grilled steak served with mashed potatoes
| and mixed vegetables. The meal appears to be

| professionally plated, resembling a restaurant-style
| dish. The warm tones and tableware further

| enhance the impression of a formal Western meal

| setting

: The image shows a plated meal consisting of rice

| accompanied by curry sauce and vegetables. The
dish appears to be a form of curry rice, commonly

| found in South or Southeast Asian cuisine. The
sauce generously covers the rice, giving the meal a

rich and flavorful appearance.
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I

I

I

I

I

I

This image shows a prepared meal used for
demonstration or instructional purposes. The food
appears carefully arranged, suggesting it may be

I

| : :

| | The image presents a meal that could be either a

I
part of a cooking lesson or food presentation. The :

I

I

I

I

| homemade lunch or a restaurant dish. It includes
| rice, vegetables, and possibly chicken or tofu. The

|

|

|

|

. : |

Sl rlles s s veEsles, amneedl i | vegetables appear both steamed and fried, while the |
|

|

|

|

showcase balance and portioning rather than casual
dining.

| protein is unclear. The scene may represent either
| casual home dining or a plated food sample.

: DICA (ours)

| The image shows a plate of food placed on a

| wooden table, consisting of a serving of white rice
| alongside a stir-fried dish made with sliced chicken
| and mixed vegetables such as broccoli and carrots.

|

|

|

The image shows a plate containing food placed on :
|

| The food appears freshly cooked, with the rice kept |
|

|

I

|

|

I
I
I
I
a table. The contents are arranged neatly, and the :
environment appears calm and ordinary. The scene |
represents a typical dining situation without |
I
I
I
I

eesliZing iy §IEEEs (e e Grisin @r G | separate from the stir-fry. A glass of water is

| visible in the background, suggesting a casual
| dining setting, possibly at a restaurant or café.

Figure 15: Case study of generative on CHAIR. We compare responses generated by sampling, VCD, M3ID, AvisC,
MoD, and OPERA. Hallucinated content is highlighted red, while more detailed and accurate content is marked in
green.
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