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Mitigating Object Hallucinations in Large Visual Language Model Through Image Contrast
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Abstract: Large visual language model (LVLM) demonstrate remarkable capabilities in understanding visual information
and generating verbal expressions. However, LVLM are often affected by the phenomenon of object hallucinations, where
the outputs appear plausible but do not align with the visual information in the images. This discrepancy between the
generated text and the images presents a significant challenge in achieving accurate image-to-text alignment. To address
this issue, this study identifies the lack of object attention as a key factor contributing to object hallucinations. To mitigate
this, the proposed image contrast enhancement (ICE) method is introduced. ICE is a simple, user-friendly approach that
compares the output distributions from both the original and the augmented visual inputs. This method enhances the
model’s ability to perceive images more accurately, ensuring that the generated content aligns closely with the visual input
and produces contextually consistent outputs. Experimental results demonstrate that the ICE method effectively mitigates

object hallucinations across various LVLM without requiring additional training or external tools. Furthermore, the
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method performs well on the MME benchmark test for large-scale visual language models, indicating its broad

applicability and effectiveness. The code will be released at ChangGuiyong/ICE.

Key words: large visual language model (LVLM); object hallucination; image contrast enhancement (ICE); artificial

intelligence
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FH AR, 5548 LVLM MiLG, VCD JiETEHEFLfE Srp I TERE N B X GIA T — A R A AL
M3 L RABUNA IR, JF AR BAL B S 2 o AN R AT BT R e N P RG]t e I 45
HIL T PERE T . BEAN, 2 Qwen-VL F8 EFHA, R, AR i AT AE DR AR AL B 4k 2 T BRSO
VCD 1E AL B R e Ik LK B e v AR A IR, AT 20 T PR RE L AR,

F 1 MAULE POPE U EF R4 R (%)

o ey LLaVAL.S wen-VL

LSRR HH ik Accuracy Precision Recall F1 Accuracy Pre(c)ision Recall F1
Default 83.29 92.13 72.80 81.33 84.73 95.61 72.81 82.67
Random +VCD 87.73 91.42 83.28 87.16 88.63 94.64 81.91 87.81
+Ours (ICE) 88.12 92.34 84.27 88.12 90.28 96.31 83.54 89.47
Default 81.88 88.93 72.80 80.06 84.13 94.31 72.64 82.06
MSCOCO Popular +VCD 85.38 86.92 83.28 85.06 87.12 91.49 81.85 86.40
+Ours (ICE) 86.92 88.12 84.44 86.24 88.24 93.38 83.53 88.18
Default 78.96 83.06 72.75 77.57 82.26 89.97 72.61 80.37
Adversarial +VCD 80.88 79.45 83.29 81.33 84.26 85.84 82.05 83.90
+Ours (ICE) 80.34 81.11 85.73 83.36 86.10 87.21 83.83 85.47
Default 83.45 87.24 78.36 82.56 86.67 93.16 79.16 85.59
Random +VCD 86.15 85.18 87.53 86.34 89.22 90.77 87.32 89.01
+Ours (ICE) 89.72 87.40 90.84 89.08 91.72 93.27 89.22 91.20
Default 79.90 80.85 78.36 79.59 85.56 90.44 79.53 84.63
A-OKVQA Popular +VCD 81.85 78.60 87.53 82.82 87.85 88.10 87.53 87.81
+Ours (ICE) 82.74 80.50 89.66 84.83 89.41 90.26 89.13 89.69
Default 74.04 72.08 78.49 75.15 79.57 79.71 79.23 79.50
Adversarial +VCD 74.97 70.01 87.36 77.73 81.27 77.79 87.53 82.38
+Ours (ICE) 76.33 71.49 88.91 79.70 82.37 79.62 90.01 84.50
Default 83.73 87.16 79.12 82.95 80.97 88.07 71.64 79.01
Random +VCD 86.65 84.85 89.24 86.99 85.59 86.88 83.84 85.33
+Ours (ICE) 88.10 86.35 91.61 88.47 86.41 88.64 85.23 86.90
Default 78.17 77.64 79.12 78.37 75.99 78.62 71.40 74.84
GQA Popular +VCD 80.73 76.26 89.24 82.24 81.83 80.45 84.09 82.23
+Ours (ICE) 82.24 78.25 91.63 84.41 83.14 82.27 86.52 84.34
Default 75.08 73.19 79.16 76.06 75.46 77.92 71.07 74.33
Adversarial +VCD 76.09 70.83 88.75 78.78 80.01 77.86 83.85 80.75
+Ours (ICE) 75.69 72.15 90.47 80.28 81.09 79.13 85.22 82.06

2 i MME JRAHRAE S5 IS5 R

B 771 I i (A Bt 3k EPN b b 2R OCR 4y
Default 170.00  113.33  111.67 150.00 123.13  102.94 138.00  128.39 108.50  87.50  1233.46
LLaVA-1.5 +VCD 175.00 11642 11033  153.67 124.15 108.00 14550  130.90 110.05  87.50  1261.52
+Ours (ICE)  175.00 11833  116.67 156.67 130.78 115.29 14725 11250 11475  92.00 1279.24
Default 15833  150.00 98.33 173.33  158.16 89.41 15225  101.76 107.50  57.50  1246.58
Qwen-VL +VCD 170.00  150.00 95.33 16450  160.54 112.50 15425  110.30 11450  55.00 1286.92

+Ours (ICE)  175.00  150.00 113.33  170.00 16599 117.24 153.00 107.79  119.75 57.50 1329.60

P e [FJ B, EAREREME, 2Lh Qwen-VL Ay AL LAl
3 MME 94 N o DN .
__ ®3 HMMEEBRXES ISR B, %0 TSR bR s B L S R
it Jrvk RN BUE ORI R AL HE R S " . R R D N
LLaVA-15 +VCD 9762 4500 5500  50.00 247.62 FFFC A B, JRA {5 1 o AR T ), S5 25 T A 7
+Ours (ICE) 9929  45.00  55.00  50.00 249.27 i N X e
Default 10929 42.50 6250 5250 266.79 SO M RE, (AR AR E RS I, e T e A —
Qwen-VL  +VCD 11571  40.00 6500 5250 273.21 EREIWER, & EEEAE AL, X — Ky —3

+Ours (ICE) 118.57  52.50 77.50 62.50 311.07 (ORI 5T R AL 54 T 2 35 1) 5 BLEES
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