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(2 From visual bias
Xy Image Xq Language Instruction

Compared to visual evidence, there are more easily identifiable shortcuts,
such as context/co-occurring elements, or even the question itself.

What color are
the bananas?

What brand is
the bottle with
red label?




Causes

* Regarding Modal Bias

Visual Contrastive Decoding provides an interpolation paradigm at first
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[1] Visual Contrastive Decoding (VCD) (Leng et al., 2024 CVPR)
[2] Instruction Contrastive Decoding (ICD) (Kim et al., 2024 ICLR)




Negative: <System message> <Query>

Layers

Layers

Causes

« Other interpretable variants

Counterfactual Approach: De-linguistic and De-contextualized

Generation: This is an image features ...
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Input: <System message><Image tokens> <Query>

[3] Visual Information Steering (Li et al., 2025 ICML)
[4] Assembly of Local Attention (An et al., 2025 CVPR)
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GradCAM

Is there a

tennis in
the image?




Causes

@ From Ianguage blas Language Response X, . . .

Language Model f @
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(2) From visual bias

o v
Vision Encoder (\

(3 From attention sink/collapse

- X, Image Xq Language Instruction

Originating from intrinsic structure and modal imbalance

?
Aa Input Image g) Please describe this image in detail.
J

Human

T - aVA- .S
This image shows a stream in snowy T, 2 o N
woods with snow-covered trees. ) Existent objects ()
A small wooden bridge crosses the 3 v
stream, connecting the snowy banks. ) Initial Hallucination €
The bridae’s Aandralls have carvings ~
of pinecones and feaves, adding Snowball Hallucinatior 0
rustic charm to the winter scene
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Causes

(3 From attention sink/collapse

« from intrinsic structure and modal imbalance
« systemor BOS. summary token (, . )
 gQate attention etc.

InstructBLIP: ]
) ) ) Scaled Product Dot-Product Attention:
In the image, a young man is performing a

-1
skateboarding trick in a residential area. He Attention(, K, V') = softmax (Q{X ) V
is riding a skateboard and jumping over a v

tree trunk that is lying on the ... away from

him. Additionally, there are two cars parked I 4
in the area, likely belonging to residents or i attention sink

visitors of the neighborhood.

Q

_away _from _him Additionally there _are ) _car ed 1 1 K

mformation flow

[5] Gated Attention for Large Language Models: Non-linearity, Sparsity, and Attention-Sink-Free

(Qiu et al., 2025 NIPS oral) ,
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Innovations

o Information-theoretic view

Formulates hallucination mitigation as maximizing conditional mutual information

% plylz,v)
I(Y;V | X) =Eyzu, [l(.)g ]
AW, p(y|z)

o CMI-Calibrated Decoding
Contrastive scoring - log pa(y:|z,v,yt) — 7log po(y: |z, y-¢)

o Visual Purifier

[C] System Prompt
D Image Tokens

Enhances the quality of visual information ] User tasruction

06
E] Generated Tokens

Attention Score

System  Image User  Generation
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, Insight

o Standard decoding

Ye ~ po(- | v, T,Y<¢) = softmax(fo(- | v,2,y<t))

-1

(y | v,2) HPO (e | v, y<2) = [ softmax (fo (- | v, 2, y<t)),,

t=0

o Conditional Mutual Information

I(Y;V |X)=H(Y | X)-H(Y | X,V)

max C-PMIy(V =v,Y =y | X = z) = max <10g po(v,y | x) )
. po(v | z)po(y | z)

— y' = argmax [log p(y|z,I) — log p(y|z)]

Penalize language patterns that can be generated even without images, so that the
generated results become more dependent on images.




, Method

max I(Y;V|X) = {(1) maximize visual grounding strength: p(y|z, v)

outer problem

(2) penalize over-confident language prior: p(y|z)

o Quter-level — Global CMI Maximization
Y ~ Pl | v, 2,y<t) = SoftmaX[(l + N fo (- | v,z y<t) — Afo (- | z, y<t)]

o Inner-level — Token-wise Calibration

Attn;(v) = L Z Hz—:l A1 1][v;],  where A; = softmax (QJ\"I-T PeY )
: H e ea ” ' Vi )
Unified Bi-level Optimization:
i
m’f‘xz [(1 +A)logpe (ye | v, 2, y<t) — Alogpa (y: | -’L',y<t)]-,
t=0

*

s.t. 0" = argmax [a - Attn; (v) + log pg (ye | v, 2, y<t) — log pe (y1 Iw,yq)]a

v




Method

Visual Input

Visual Token Purifier

Instruction: Generated text: -
ViT Block e Please describe A man on the court | ! Baseball |
this image in detail. is throwing a... o o
i \ - ! |
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@: (1+2A)logpe(-| v*,x,y<¢) —Alogpe( -l X, y<¢) |
Eo Calibrated Distribution Sampling

Why introduce
the Visual
Token Purifier

computationally expensive and non-differentiable




, Method

o Visual Token Purifier Input  z = [z, 2z, 2.,

] ' LayerNorm
Visual mask M= {argmax mij |i€{0,1,...,N — 1}} P
je{0,1}
GelU

differentiable sampling | G = GumbelSoftmax(r, 7) %

G[;,1] = M, € [0,1]¥

Training Objective:

Liotal = (10gpe(’yt\'b’= $,y<t) - logpg(ytkn,yd)) Loeos

+ a-Attn (v) + B+ ||sum(M,) /N — v||r
Output

7 = softmax(P(z)) € [0, 1]V*?
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Experiment

o CHAIR metric

Table 1: Comparison of the proposed CMI-VLD with SOTA baselines on the CHAIR metric. We
evaluate the performance on MSCOCO. The T indicates decoding strategies based on beam search.

Meiticd LLaVA-1.5 InstructBLIP Shikra LLaVA-Next
Csgl Crl | Csdl Cil | Csd ©Crd | Csd ©€rl
Sampling 32.2 15.8 55.0 25.3 56.2 15.8 34.8 9.4
ICD 51.0 15.2 64.0 20.2 56.6 155 334 8.7
VCD 50.4 15.6 57.6 19.2 56.2 155 36.0 9.3
VTI 37.2 11.4 49.2 21.9 47.0 14.1 32.2 7.8
SID 49.2 14.5 58.0 18.7 54.4 14.4 394 9.9
CMI-VLD 30.2 9.3 51.0 16.1 38.2 10.1 30.6 7.6
Greedy 45.0 13.5 5202 21.8 54.8 15.8 31.6 8.2
ICD 44.8 12.8 48.8 14.1 55.0 14.0 32.8 9.1
VCD 49 .4 14.0 46.6 13.3 55.8 15.3 36.8 9.4
HALCT 33.2 10.3 61.4 20.0 554 14.7 36.7 9.5
OPERAT 394 10.3 48.2 13.8 36.8 11.7 33.6 8.3
VTI 30.6 10.1 48.3 20.7 44.6 13.7 30.1 7.6
SID 42.8 121 56.2 15.8 51.2 13.6 38.0 8.9
VASparse! 49.6 14.2 53.6 14.9 51.6 14.8 33.6 9.1
CMI-VLD 29.9 8.9 43.2 12.9 30.6 8.9 272 6.8




Experiment

) Table 2: Comparison of the proposed CMI-VLD with SOTA baselines on the POPE metric. The |
o POPE metric indicates decoding strategies based on beam search.

Random Popular Adversarial

Model Method

Accuracy Fl score  Accuracy F1 score Accuracy  F1 score
Sampling 82.53%  79.19%  81.57%  7831%  80.30%  77.16%

ICD 82.77% 7957% 8197% 7881% 81.03%  77.95%
VCD 83.67% 80.80% 82.17% 79.40%  80.90%  78.25%
VTI 8270% 79.45% 81.43%  7825%  80.10%  77.05%
SID 84.67% 8220% 8357% 81.16% 81.60%  80.27%
CMI-VLD 85.17% 83.02% 84.10% 82.03% 82.30%  80.40%
LLaVANex  Greedy 83.40% 8032% 82.60% 79.55% 81.77% 78.77%
ICD 8347% 8041% 82.60% 79.56% 81.90% 7891%
VCD 84.43% 81.85% 8330% 80.77% 82.33%  79.88%
HALC! 8334% 8036% 8233% 7948% 8140% 7892 %
OPERA!  8350% 80.46% 82.70% 79.69% 81.87%  78.91%
VTI 84.70%  82.09% 83.67% 81.11%  8290%  80.40%
SID 84.97% 82.53% 8393%  81.56% 82.97%  80.67%
VASparse!  8347% 8052% 8224% 79.69% 8133% 7888 %
CMI-VLD  86.43% 84.52% 85.07% 83.22% 83.90% 82.14%
Sampling  82.03% 81.30% 78.77% 78.66% 76371% 7681%
VTI 83.50% 8201% 80.83% 79.70%  79.13%  78.29%
ICD 83.20% 82.29% T19.87% 79.51% 71.63%  77.74%
VCD 83.43% 8249% 19.70% 7936% 71.53%  77.65%
SID 85.43% 84.81% 8243% 8224%  7947%  79.84%
CMI-VLD 8633% 8541% 84.60% 83.87% 81.57% 81.29%
Greedy 87.27% 8591% 8487% 8372% 8297%  82.04%
InstructBLIP oy 87.23%  85.82%  84.90% 83.68% 83.13% 82.11%
VCD 86.73%  8530% 84.37% 83.16% 8247%  81.49%
HALC' 87.30% 85.96% 84.83% 83.70%  83.00%  82.08%
OPERA!  87.53% 86.26% 85.07%  84.00% 83.07%  82.24%
VTI 85.73%  83.86% 84.13%  82.36%  82.50%  80.89%
SID 88.10% 87.15% 85.87%  85.10% 82.90% 82.52%

VASparse!  87.33%  86.00% 84.87%  83.74%  83.00%  82.09%
CMI-VLD 8837% 87.50% 86.10% 8540% 8287% 82.64%




Experiment

o  GPT-4 assisted evaluation

LLaVA-1.5 InstructBLIP Shikra LLaVA-NeXT
SHR SHR SHR SHR

// 394
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Ours
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Sampling OPERA

Figure 3: GPT-4o assisted benchmark. We calculate the Sentence-level Hallucination Ratio (SHR) as
the major metric for hallucination degree, along with 1&2-gram, the number of sentences per image
(SPI), and the number of words per image (WPI). A larger radar area indicates better performance.




Exploration

70%

90%

Q: Please describe the content of this picture.

A: The image features a woman sitting on a chair in a park, accompanied by her dog. The
dog is lying on the grass next to the woman, enjoying the outdoor setting. The woman is
holding a guitar, possibly playing or preparing to play.

In the scene, there are several potted plants scattered around the area, adding to the park's
ambiance. A basket can be seen on the ground, possibly containing some items for the
woman and her dog to enjoy during their time in the park.

Q: Please describe the content of this picture.

A: The image features a woman sitting on a chair in a park, accompanied by her dog. The
dog is lying on the ground, close to the woman, and appears to be enjoying the outdoor
setting. The woman is holding a guitar, possibly playing or preparing to play a song.

In the background, there is a basket filled with flowers, adding a touch of color and beauty
to the scene. The park setting and the presence of the dog create a relaxed and pleasant
atmosphere.

Q: Please describe the content of this picture.

A: The image features a man sitting on a chair in a grassy field, holding a guitar. He is
accompanied by a dog, which is lying on the ground nearby. The man appears to be
enjoying his time outdoors, playing his guitar while the dog lays down, possibly resting or
observing the man's performance.

In the background, there is a basket filled with flowers, adding a touch of color and beauty
to the scene. The combination of the man, the dog, and the flowers creates a peaceful and
relaxing atmosphere.

Blurring images can induce illusions but has benefits.
Blurring simple backgrounds (redundant tokens) promotes focus on details. ﬂ




Exploration

The model possesses recognition capabilities for task-specific problems,
but becomes confused when faced with general problems.




Exploration

The model possesses recognition capabilities for task-specific
problems, but becomes confused when faced with general problems.

v" Distracted Attention in Challenging Scence T o . W v
- < 'L; w
v’ Attention dilution caused by the long context E ﬂ% f”a
required for general task generation ; ,d-;_‘:,(

v' The image itself possesses recognition capabilities, and when a token
is input individually, it will pay attention to its surrounding areas.

Plan:

»  Maintain t-1 step image evidence approximation for t-step token usage
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»  Evidence Information from image Re-injection LLM attention block

»  Separation of image evidence information and text during softmax processing

QK1
Attention(Q, K, V') = softmax ( 2\{ ) vV
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, Other insight

Q: Please describe the content of this picture.
i, Parmas) DAy A: The image depicts a woman sitting on a park bench, accompanied by her dog. The dog
is lying on the grass beside her, and the woman is holding a guitar. The scene appears to be
set in an outdoor park, with a chair placed nearby. The woman is preparing to perform a
song, and the guitar is placed in front of her, ready for her to play.

ul potted plants
0

Kaly hokdiny
chairs are pre:
the ather siightly farther away

Q: Please describe the content of this picture.

A: Aman is sitting on a park bench, accompanied by his beloved cat. The cat
lies on the ground beside him, enjoying the outdoor environment. The man is
holding a guitar, perhaps playing music while spending time with his pet.
There are two more chairs in the scene, one near the man and the other slightly
farther away. In the background, potted plants can be seen, adding a pleasant

| atmosphere to the park. On the ground, there is also a vase, possibly holding
fresh flowers or other decorative items.
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What is the gender of the person in the picture?
: The person in the picture is a woman.

---vn-\n_.lhhm-
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: Awoman is playing the guitar.

. What animal is near the basket?
: Adog is beside a basket.

A man s % @ B barEn acTompan et by fie betreed ot |

Q
A
Q: Who's playing the guitar?
A
Q
A

Text within images receives higher attention in LLM models, but certain local issues can be avoided. ﬂ
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