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Object Hallucination




Hallucination in LLM

LLMs can generate text that sounds plausible but is incorrect.

A
‘3‘ Who was the first person to walk on the moon?

Figure from: https://vivedhaelango.substack.com/p/how-to-dete ct-hallucinations-in-llm?utm_campaign=post&utm_medium=web



Object Hallucination in LVLM

Object Hallucination is when LVLMs generate descriptions that include objects not

present in the image.

Prompt: Describe this photo in detail.

Regular Decoding: The image features a painting of a brown dog
sitting in a chair, with a turkey feather in its mouth, giving it a unique,
conspicuous appearance. The dog's expression is one of mischief as it
looks directly into the camera. The scene is set in a room with a dining
table and a fork next to the table. A rock, likely from the surrounding
landscape, can be seen beside the table. A person's face is visible near
the bottom left corner of the painting, partially covered by the dog's

furry coat.

Figure from: https://arxiv.org/pdf/2311.16922



Why Hallucination Matters?

Hallucination can mislead decision making in healthcare, autonomous driving,

robotics, etc.

Misdiagnosing a tumor

Car that suddenly stops after hallucinating a stop sign

The Is Photo By Photo Author Is Licensed Under CCYYSA.



Existing Solutions & Limitations




What Causes Object
Hallucination



Primary Causes of Object Hallucination

m Statistical bias

W Language priors

E Visual Distortion




Statistical Bias

/

% Frequent objects overshadow actual visual evidence

/

% Frequently co-occurring objects can also cause bias
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Figures from: https://arxiv.org/pdf/2403.07113



https://arxiv.org/pdf/2403.07113

Statistical Bias
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Hallucination of co-occurring objects with “DINING TABLE”.

Figures from: https://arxiv.org/pdf/2305.10355



Language Priors

% VLMs may rely excessively on language patterns.

s Common phrases dominate, even when inconsistent with the image.

Describe this image

\ 4

Figures from: https://arxiv.org/pdf/2311.16922

This is the image of a woman'’s portrait but her
eyes and eyebrows are replaced by eyes and
eyebrows.




Visual Distortion

*» Visual uncertainty (distortion) amplifies statistical bias and language priors.

+ Validation: Incrementally adding noise gradually degrades LVLM performance.

00 800 999
Noise Steps T

s ndnd |

LLaVA-1.5’s performance on the POPE benchmark

Figures from: https://arxiv.org/pdf/2311.16922



Synergy

Factors Leading to Hallucination

Language Statistical Visual
Priors Bias Uncertainty
Mitigation via
Hallucination . Proposed
Method



Proposed Method

Visual Contrastive Decoding
(VCD)



Proposed Method - Visual Contrastive Decoding (VCD)

Original Visual Inputs V

logits(y|x,v)

On the beach, there

¢ Produce logits from the original visual input
% Produce logits from the distorted visual input

* Subtract the distorted logits from the original logits

Figure from: https://arxiv.org/pdf/2311.16922



VCD in Action

Regular Decoding: This is the image of a woman's

Prompt: Describe this photo in detail. Prompt: Describe this photo in detail.

!

portrait but her eyes and eyebrows are replaced by <
eyes and eyebrows.

. J

LVLM: pb(- | z,v) LVLM: pf (- | z,v')

v

Visual Contrastive Decoding: Painting of a dog

wearing a head band and dress.
\ /

Figures from: https://arxiv.org/pdf/2311.16922



Another intuition for VCD

Textual Input X
The color of the banana is ...

-

R

Original Visual Distorted Visual
Input V loput V'*

logits(ylx,v) logits(y|x, v")

Black 1672 Black 12.57

Dark 1445 Dark 11.84

Yellow 1127 Yellow 14.74 1

Green 12.30 . Green 13571
WV

Figure from: https://arxiv.org/pdf/2311.16922



Understanding VCD Mathematically

PocaV |V, V', x) = softmax[(1 + a)|logite(y |v, x)

N ‘ e

Distorted image

Original image

Next Token

Equation from: https://arxiv.org/pdf/2311.16922

Logits for actual image

allogity(y | v', x)]

Logits for distorted image



Role of a (Contrast Strength)

Pucay | v, V', x) = softmax|

(1+a)

% a = 0 disables contrastive decoding;

logitg(y |v,x) —

logite(y | v',x)]

% More about tuning this parameter will be explained in the ablation studies

Equation from: https://arxiv.org/pdf/2311.16922



Pros of VCD

¢ Penalizes hallucination-prone tokens.

+ Grounds output to visual content.

s Offers a training-free method avoiding extra data or models.
* Lowers over-reliance on language priors.

* Maintains minimal computational overhead.



Proposed Method
Adaptive Plausibility Constraints




A challenge in VCD!

* Penalizes entire model's output based on distorted image's results.
% Indiscriminate penalization of correct tokens might lower the performance.
% Distorted visual inputs do not always lead to incorrect responses.

% VCD can introduce improbable tokens



Intuition for Adaptive Plausibility Constraints

After VCD

car 0.70 car

0.60 car 0.10
cat 0.20 - cat 0.10 cat 0.10

dog 0.03 dog 0.02 dog 0.01

Equation from: https://arxiv.org/pdf/2311.16922



Adaptive Plausibility Constraints

% Create a set of tokens that have a high enough confidence with original image

Vheaa (V<e) = (vt € Vipg(yel v, x,y<e) 2 B maxpg(w| v, %, y<)}

R/

«» Probabilities of tokens not in the set are setto O

Pyca (el v, v, x) =0, ify: Vheaa V<t)

X/

% Ensures that VCD does not introduce improbable tokens

Equation from: https://arxiv.org/pdf/2311.16922



Combining VCD with Adaptive Plausibility Constraint

y ~ softmax[(1 + a) logity(y:|v, x,y<r) — alogite(y:| v',x, y<)],

subject 10 y; € Vpeaa (V<t)

Equation from: https://arxiv.org/pdf/2311.16922



Experimental
Setup

&
Results



Datasets & Metrics

+» Datasets:

o POPE (Polling-based Object Probing Evaluation)
o MME (covering perception and cognition tasks)

o LLaVA-Bench (open-ended vision—language testing)

% Metrics:
o Accuracy, Precision, Recall, F1 for POPE

o Accuracy/Accuracy+ in MME’s official framework

o GPT-4V-based Accuracy and Detailedness on LLaVA-Bench



What is POPE

X/

s POPE benchmarks how well an LVLM discerns if a specified object is present or

absent, capturing its tendency to hallucinate objects.

POPE

Random settings

2750\ ; Iz there a bottle in the image? |

. s
. e )
~
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[ch,mﬂcisabaultinmcinugr. ]

Popular sefiings

"- ; [ Is there a knife in the image? l

[‘l’ﬁ.mtrcisnkml'tinm:inugr. ]i

Adversarial settings

. ’n‘ i[lsth:mam:rhlﬁrhmgc? |

[ch,mﬂcisapcﬂhllh:lmagc. ]i

Equation from: https://arxiv.org/pdf/2311.16922



POPE Results

\/
0‘0

VCD outperforms baselines in random, popular, and adversarial tasks.

Dataset Setting Model Decoding Accuracy? Precision Recall F1 Score?
LLaVALS Regu]a.r 83.29(;|;0.35} 92.13{;|;0.54] 72.80{ig_57) (£0.41)
VCD 87.73(:|;{},4(}} 91.42(10_55] 83.28{ig_42] 87.16“:0_41)
Regular 84.T3 (10360 99.61 (4045 T2.8141p.3s 82O L0 1
Rand en-VL (+0.36) ( ) (£0.38) (£0.41)
andom Qwi VvCD 88*63(:|:0.10} 94.64(10.25) 8l.9110.19) 87.81[4__0_11)
Regular 80.7T (xo.73) 8L6T 1067 79.19+1.14) | 80414080
InstructBLIP o : : '
VCD 84.53(:“;.33} 83.55{10.54] 79'32{:|:0.44] 83.68[5:0_40)
LLaVALS chu]ﬂr 81.88(10.43} 88.93(10_60] 72.80{10_57] SD.Uﬁ(in,{}m
VCD 85.38(*{}‘33} 86.92{:&]_53] 83.28{i9_42) 85.06[4_.9_37)
Regular 84.13(10.18) 94.31(1043) T2.64(10.45) | 82.06(10.23)
MSCOCO  Popular Qwen-VL (
P VvCD 87121007y 91.491010) BL-85(10.19) | 86.40(10 o9)
Regular 78.22 TT.87 T8.8D+0.5 78.36
InstructBLIP (£0.84) (£1.03) (+0.52) (£0.76)
VCD 81-47(:|;(}42} 8289{i064] 7932{:“]44) 81.0?(4__03(]}
LLaVAL.5 RCng]HI TS.Qﬁ(inlﬁg} 8306{1058) 72'75{:|:0.59] ?T'57(i0.57}
. Regular  82.26, .. 89.97 4 - 72614050y | 80.37
Adversarial wen-VL (+0.30) (£0.33) (£0.50) (£0.37)
Q VCD 84.26(*{}3(}} 85.84{i0_45] 82.05(:|:0_3g) 83.90“:0_39)
Regular 75.84 5 430 79.03 76.59
InstructBLIP (£0.45) (+0.63) (+0.68) (£0.40)
VCD 79‘56(:H}41J 7967{;|:05'—]] 7939{:|:050] 79'52[4_-038]

Table from: https://arxiv.org/pdf/2311.16922




What is MME

 MME is a benchmark for assessing LVLMs in both perception (e.g., object

existence, counting, attributes) and cognition tasks.

Perception (Coarse-Grained Tasks)

Existence &

y * [Y] Is there o elephant in this ]
! image? _
s [N] Is there a hair drier in this

image?

[Y] Is there a refrigerator in
| this image?

[N] Is there a donut in this

| image?

Count &

~ [Y] Is there a total of two
person appear in the image?
[ 38 [N] Is there only one person

appear in the image?

4 [Y] Are there fwo picces of

| pizza in this image?

[N] Is there only one piece of
pizza in this image?

Position §

i [Y] Is the motorcycle on the
right side of the bus?
2 [N] Is the motorcycle on the left

[Y] Is the baby on the right of
the dog in the image?
[N] Is the baby on the left of

Z side of the bus. the dog in the image?
Color &
[Y] Is there a red coat in the [Y] Is there a red couch in the
image? image?
£ 3 [N] Is there a yellow coat in the [N] Is there a black couch in
image? the image?

Figure from: https://arxiv.org/pdf/2311.16922




MME Results

*» VCD outperforms regular decoding on object- and attribute-level tasks.

s LLaVA-1.5’s score jumps from ~565 to ~605.

s Strong color accuracy gains.

. Object-level Attribute-level

Model Decoding Existence? Count? PositionT Color? Total Scorest
LLaVALS Rﬂgular 175.6?{17_51] 124-6'?{;!-19_55}] 114.ﬂﬂ{ig;_;;g] 151.(}(}{11{].45} 565.33{1—32_5;2}
' VCD lﬁd.ﬁﬁ(ium} 133.33&151;5}, 128.5’?'&?.21} 153.“1]&?_53} ﬁﬂd.ﬁﬁiimm}
QWE]’I-VL REEI.]]EI ].EI'EI'(}(}{ +3.54) 12?6?{ +13.36) 13].'5?{_1__7_?3} 1?3(}0{ +9.75) 58?33{ +31.06)
vCD 156.00(1652) 13L00(1619)  128.00(1361) 18L67(1514)  596.67 (11161

InstructBLIP Regular 141-(}(}{11:1_5}?] ?5-33& 14.16) 56-57{13.91} 97-33[—1- 16.94) 380.33 £40.20)
vCD 168.33 11155 92331847 64.00(+6.73) 123.00( 11107y  447.67113.36)

Table from: https://arxiv.org/pdf/2311.16922



What is LLaVA-Bench

* LLaVA-Bench is a small, diverse set (24 images, 60 questions) for testing open-

ended vision—language capabilities.

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking area

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

Context type 2: Boxes

person: [0.681, 0.242, 0.774, 0.694], backpack: [0.384, 0.696, 0.485, 0.914], suitcase: ...<omitted>

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV) ...<omitted>

Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip. ...<omitted>

Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings ...<omitted>

Figure from: https://arxiv.org/pdf/2304.08485




LLaVA-Bench

s GPT-4V checks accuracy/detail, and VCD raises scores for LLaVA-1.5,

InstructBLIP, Qwen-VL, cutting hallucinations.

s Qwen-VL’s accuracy jumps from 4.76 to 6.69 under VCD, showing strong

impact.
Meodel Decoding Accuracy? Detailedness?
s R P
InstructBLIP E,‘;fsl” iﬁ; 12;
et Rl [T

Table from: https://arxiv.org/pdf/2311.16922



Results - overall Performance

% Consistent Gains: VCD cuts hallucinations on POPE, MME, and LLaVA-Bench.
% No Trade-Off: It preserves or improves recognition/reasoning.

s Model-Agnostic: Works well on LLaVA-1.5, Qwen-VL, InstructBLIP.

% Stable: Ablations show robustness to hyperparameters and decoding strategies.

% Training-Free: Effectively boosts faithfulness without harming broader abilities.



Ablation Studies
&

Discussion



Ablation Studies — Noise Steps (T)

X/

% Higher T increase visual uncertainty.

% Too much distortion harms performance.

T Hallucination Subset  Perception Subset  Recognition Subset
Total Scores Total Scores Total Scores
200 | 386.67 111 67 | 1311.47 44 33 338.69.419 87
500 591.67 £36.06 1340.894 55 01 323.4545 a0
700 278.89110.17 1339.04 5 40.40 320.95414.18
999 55T.?Sil.92 13-—1531.}:1!-,-11 Sﬂl.gﬂim_m

Table from: https://arxiv.org/pdf/2311.16922



Ablation Studies — Effect of «

* Moderate a give the best trade-off between correctness and coherence.

Puca(y | v,v',x) = softmax|((1 + a)|logite(y |v,x) — a|logity(y | v',x)]

5 Hallucination Subset ~ Perception Subset ~ Recognition Subset
' Total Scores Total Scores Total Scores
0.25 58389419 92 1322.25439 58 330.24 415 6o
0.5 580.56417.11 1315.49 497 2 333.45.45 77
0.75 578.33 12949 1312.93..39.31 330.95.415 =5
1.0 591.67 +36.06 1340.89455.01 | 323.4545 50 I

Table & Equation from: https://arxiv.org/pdf/2311.16922



Ablation Studies - Effect of g

s B filters out low-confidence tokens to protect valid content from over-penalization.

X/

Vhead WV<t) = (Ve € Vipg(ye| v, %, y<) =

% Moderate B give the best trade-off between correctness and coherence.

f maxpe(wl v,x, y<0)}

Hallucination Subset

Perception Subset  Recognition Subset

2 Total Scores Total Scores Total Scores
0 HT7.22411.10 1299.04 £30.30 3029841982
0.001 5?4.4415.31 lggﬂ.?li.m.g,] Qﬁg.aailg_ug
0.01 H83.33 11878 1324.44 157 84 327.38417.11
0.1 H91.67 196 06 1340.89 55 01 323.45 15 g9
0.2 591 .ﬁTi 7.26 1343. ﬂﬁi—l 3 (6 328.57 114 a7
0.5 6:35.0047 64 1474.02415.53 3314341303

Table & Equation from: https://arxiv.org/pdf/2311.16922




Ablation Studies — sampling Strategies

* VCD maintains or boosts performance under diverse sampling strategies.

/

% Stable gains persist even with temperature adjustments, reflecting robust

hallucination reduction.

Sampling Strategy w. VCD  Accuracy  Precision Recall | F1 Score

No 84911005 94.731030 73.93+0.52 || 83.0540.32
Yes 8782, 066 91171057 83.7640s7 187.3110.72
e

No 83.041016 91844015 72034044 || 81051004

Top P

Top K
P Yes 8749, 056 91091553 83.11ig71 || 86.92. 060
Greedy No 87104000 97334000 76.2940.00 | 85.5410.00
Yes 8849, 005 91781028 84.5610.44 | 88.0210 5
5 -
Top K+Temperature 0.7 No 85174012 94824012 74404035 | 83.384007

Yes 8794051 91214049 83984060 | 87454054

No 79281020 86481112 69424001 | T7.0140.22
Yes 8697050 90961064 82.0940.41 || 86.30L05;

Top K+Temperature 1.5

Table from: https://arxiv.org/pdf/2311.16922



Ablation Studies — Model Scale

% Scaling up models still benefits from VCD, showing no drop in effectiveness.

Dataset POPE Model Decoding Accuracy  Precision  Recall |F] Score
Regular 83314030 91d6ig5s 73484075 | 81494043
o LLaVALS(13B) 5 873905 9268.05 8119065 | 865504
InstructBLIP(13B) Regular ~ 82.361050 86931085 76.19+105 § 8120006
. VCD 8453038 88551054 T79.3240.44 || 83684049
Regular 82474055 89.554000 T73.531078 [ 80.754061
LLaVAL.5(13B

MSCU‘CD P{) u!ﬂr ( ] '\.I'CD 85,741{]_25 89331052 Sl.lgiﬂ_ﬁﬂ 85-ﬂﬁiﬂ_29
' InstructBLIP(13B) ~egular - 7074066 8L1lioro  75.79:107 | 78.355078
| VD 8147040 82895061 79924040 || 81071030
Regular 8”'[}01:0.52 84.4510_73 T3.53ig_75 ?8.5210_53
. LLaVAL.5(13B) VCD 81924044 82404042 811740465 || 81781047

Adversarial _ .
InstructBLIP(13B) Regular  76.5740.75  T7.002083  75.7920.80 || 76.3940.75
L vCD 79'561:&41 719.674050 79394050 79'52tﬂ.38

Table from: https://arxiv.org/pdf/2311.16922



Future Directions

)/

%

Advanced Distortion Techniques: Investigate object-level or region-wise perturbations

>

J/
*

Video & Multimedia Expansion: Adapt VCD to temporal domains (e.g., videos)

X/

%

Hybrid Approaches: Combine VCD with retrieval or RLHF for enriched factual grounding

RY

*

Cross-Modality & Cross-Lingual: Explore more diverse modalities and languages




Limitations
&
Conclusion



Limitations

X/

%

Currently relies on Gaussian noise for distortion, leaving room for more nuanced methods.

>

J/
*

Primarily tested on single-image tasks; extending to video or other modalities remains unexplored.

% Requires strong visual encoding; performance may vary with different vision backbones.

% Further analysis needed to refine adaptive constraints and handle subtle visual cues.




Conclusion

)/

%

VCD yields +7.4 F1 improvement on POPE and +18% on MME, demonstrating robust performance.

>

J/
*

VCD is training-free and lightweight, eliminating the need for additional datasets or models.

X/

%

VCD generalizes across LLaVA-1.5, InstructBLIP, and Qwen-VL, highlighting its wide applicability.

o
*

*

VCD also simultaneously improves general perception tasks (e.g., object existence, color).




Q&A

Thank you for listening!
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