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' Introduction
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A collage of pictures of a lion, a giraffe, a bird, a tiger, a monkey There are five people in the image
and a elephant.

Explanation: Contrary to Model's prediction there is no giraffe, or tiger
or a monkey in the original image.

Explanation: There's more than five people in the scene, while the
model predicts only five of them
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' Motivation

Assumption: increased visual uncertainty can amplify the language priors and
statistical biases in LVLMs, thus exacerbating object hallucination

Visual Uncertainty Amplifies Statistical Bias

Top Frequent Objects Top Co-occurring Objects
with “dinning table”

Person Dining Table Car Person Cup Bottle

Hallucination Times

8 Original Visual Input = Distorted Visual Input

Figure 3. The left subfigure shows the correlation between frequent
objects in MSCOCO and their propensity to be hallucinated in the
validation set. Objects with a higher occurrence rate in the dataset
are more likely to be hallucinated by LVLMs under distorted visual
scenarios. The right subfigure charts three objects that often appear
alongside “dining table”, where they are also more frequently hal-
lucinated when presented with distorted visual inputs.

Visual Uncertainty Amplifies Language Priors
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Figure 2. An illustration of visual uncertainty amplifying lan-
guage priors. Given an image featuring a black banana among
other colorful fruits, LVLMs favor more conventional banana col-
ors—such as "yellow™ and “green”, with increasing visual uncer-
tainty. The ground-truth color "black™ diminishes in probability
(logp(y|z,v")) as the distortion escalates, making LVLMs over-
reliant on the language priors from LLM pre-training that typically
associate bananas with being yellow or green.



' Method-visual Contrastive Decoding

Contrasting the Predictions Original Visual Inputs ¥
e - logits(y|x,v)
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Full formulation Figure 1. An illustration of Visual Contrastive Decoding. The hal-
lucinated object “Surfboards” is highlighted in red, and it is elimi-
nated during the generative process by contrasting with the output
distribution that favors hallucinations.

Yy ~ softmax [(1 + a)logity (ys | v, o, y<¢)
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' Experiment

Datasets & Evaluation Metrics:
POPE-the Polling-based Object Probing Evaluation. (Accuracy, Precision, Recall, and the F1 score)

MME-assess LVLMs across multiple dimensions. It comprises ten perception-related subtasks and four cognition-focused ones. (MME Score")

Dutaset  Setting  Model  Decoding Accuracy]  Precision  Recall | Fl Score]
LLaVALS chulnr 83.29( +1.35) 92.13(,“.5‘, 7’.7.&0(*0.57, 8133( £0.41)
VCD 37.73( 30,‘0) 91.42( 3()_5&) 83.28( 10.19) 87.l6| L0.41)
chular 8‘.73( 141.30) 9—561( 441,45) 7281 (40.0% 32.67, 011
Random wen-V1. - : ; 1=0-28) (20.41)
Q vCD 88.63(,“' 10) !.M.G-'( +.25) 81 .91|_-t0 19) 87.8](-“) 1)
InstructBLIP chular &].71(.}("7.1) ?-‘1.67(,0.57, 7910( +1.14) 80.41( £0.50)
VD s"s\‘(:u.:bi() 58-55(20,54) 7932(&0 1) &‘-“(,za)m)}
LLaVALS Rtglll:ll’ 8!.88‘ +).48) 88.93( +0.00) 72.80‘ +0.57) 80.06,. £0.05)
vep 8538 a5 8692505y 832811042y | 85061047,
Regular 84134004 M3 a0ay 726400045 | 82.06(c0.23)
MSCOCO  Popular Qwen-VIL. ~
i vCD 87.12(,(.,.,7, 91.49(1(“0) 81 A85[ £0.19) M( +0.09)
Regular 73.22‘“[3‘] 77.87( +1.08) 78.&5| +0.52) 73.36(7‘0 T6)
InstructBLIP S : X ]
VCD B1AT g4z 8289061 793200040y | 81074040
LLaVALS Rts“lﬂr 78.9“( +0.52) 83.06( 4.58) 72.75(+0r,9) ':7.57( £0.57)
V€D 8088, 04y TO45(4029) 832901043 | 8133110
Regular 82.26, 4, 39.97 72,61 80,37,
Adversarial  Owen-VL (+0.30) (40.33) {+0.50) ($0.37)
’ Q vCD 84.26(:0.30) 858403945 82.05(10.39) | 83.90(10.49)
Regular 75.84< +0.45) 74.30( 410.63) 79.03| +o.68) | 10.59 40 40) Regular . B3.73isnar 87.10:40 « 012 10 n | B2.05, 10 war
InstructBLIP o ; ? (20 , sular Tdanarn BTG99 1204035 (40 28;
VCD 79562041y T9.67(0080) 79394000 | 7952040 LLaVALS  vep B665 10y SK5iang 5924 a5 | 86994040
Regular 834540 48) 87.%( 44,68) 78.36(10,5.“ 82.56( £0.50) Regular 8097 span  SB0Tunay  TL6d 4057 | 790140 00
LLQVA l -5 vCD “.15( £0.23) 85. 18( 40.34) 87.53( +0.14) 86.34‘ +0.21}) Rendows Q‘\tn‘ h vep ssso(i 0.38) m-m( 10.44) ”';'Ml'i(l 36) “33( 10.38)
Regulur 8667‘ 410.48) 93. 16( 10.58) 79.16(10_.—», 8-5.59( £0.53) InstructBLIP Rtgl.ll:ll‘ 7".).65( L34) 7. !4( L0.43) 84,29| 10.) 80""("( 1018}
Ronom Q\Nﬂ'l VL vCD 8‘).22( L£0.34) 9()77( 40.04) 3732[ 10.14) 89.0][ 10.10) vCb &z-“gul 1) 81‘“\'1 0.42) 866140 =) | 8"‘l‘l 10.01)
Ios Regular 809134034y 77975059 86.16(1055) | 81.86(1032) LLavAls  Regolar  781Ts0am) TT64020  T12G0) | 8371018
nstructBLIP \ e vCD 0735047y T6.200 500 392401051 | 82241504
VCD  8dllaz) 8221i0a;) 87.05i05) | 84.56(,0.2s) Regular 750042 7862100 T1A0(0ss | 7684 1030
LLaVALS Regular 79.90< +0.33) S0851081) 18360084y | 79992037 GOA Popular Qwen-VL veD K183, :u :H) 80.45,, "-‘” 8408, ’.an. 32'23[;‘1':2‘
’ VCD BL85.0.44) T860s05s) 87531004 | 82.82(10.5 inrucBitp RS T38TGogn 096305 34090a | 64205
Regular 855604030 90444056 79530k | B46320.42) s vCD 7857 T4.62 86,61 80.17,,
AOKNQA  Popular Qwen-VL = (40.18) (40.22) {1015 (40.16)
vCD 8785 .00y 881004030 l_‘h I3 +a.47) 8'.7.81(.“3.5“, LLaVA1.S Regular 508 cna3y T3 14040y 71613035  T6.060 4094
InstructBLIP Regular 76.19( 10.80) T2 16( +0.69) 85.”( +0.79) 78.17(“1,73) ) vCD T6.09 43y TOE 045 3870400 | 7&73( +0.308)
. VCD  T9.MBiaazy 760004053 87051005y | 8115104y Adversarial Qwen-VL  Regular 754600y T70ua7y 7107097 | T833u0m
Llavals  Regular Td08i050 72082058 B.d00m | 7515202 ¥ 8001 0an  T786ip020) 338510 | 80.75(s00m)
¥ VCD 7497 s000) T00Ls040) B7.36(10.5) | 77.7310.0) InstructBLIP I\t':.fgll;h’ ;‘;"’6“""” ?:;,1‘3‘ 0.2} i;'g‘“m' ‘ ;;;slgl“’ v}
Adversarial Qwen-vL  Regular 95730 797703y 79-2gory | 7950008 esaan T05%010 8591010 140¢8)
Vb 8127 10.m) .‘_”"79("“3") 37'5‘?”04"" 82.38( 0.1 Table 1. Results on POPE. Regular decoding depotes direct sampling. whereas VOD refers 10 sampling from our proposed contrastive
InstrucBLip  Regular  T0.715076) 6591(3074) 85.83(5050) | 75.56(2057) distribution .y, The best performances within each setting are bolded.
' veo M43 067 6946107y 808710 | T709(4047)



' Experiment

Z Object-level Attribute-level
Magel Decoding Existence? Countt Position? Colort Toual Goarest
LLaVAL.5 Regular 175'67{i7.5l) 124.67( +19.59) 1 14.00(*9.32. 151.0()'11"_45) 56533( +32.92)
VCD 184.66, .51 13833111568, 128,67 1721 153.000 1755 6046615 76
QWCI’I-VL Regular ]55.00(;{:3.54) 127-67(*13.35) 131.67(3:7_73) 173.00(19.7!,) 587.33(131_()(,-)
VCD 156-00(1(;_52) 131.00(_,_.5_|9) 128'00(13.(5” 181.67(_'_5_[4] 596.67(1“‘(;”
InstructBLIP Regular 1'“.00(5._13.97) 75.33(;{:“_1(;) 66.67(1.3.9” 97.33[115.94) 380.33(140_2(1)
VCD 1683341155 92.33(45.47) 64.00; 4673y  123.00(4 5127y 447.67 41330

Table 2. Results on the hallucination subset of MME. Regular decoding denotes direct sampling, whereas VCD refers to sampling from our
proposed contrastive distribution p,..4. The best performances within each setting are bolded.
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Figure 4. MME full set results on LLaVA-1.5. VCD leads to consistent enhancement in LVLMs® perception capacities while preserving their
recognition competencies.



' Further Discussions
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Figure 6. Performance of LLaVA-1.5 on the POPE benchmark
across varying noise levels with regular decoding. We visualize
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Table 3. Results of GPT-4V-aided evaluation on open-ended gener-

ation. Accuracy measures the response’s alignment with the image

the distorted visual inputs subjected to different levels of Gaussian

noise at the bottom.

Prompt: Describe this photo in detail,

Regular Decoding: The image festures a painting of a brown dog
sitting in & chair, with a turkey feather in its mouth, giviog 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 Tork next to the table, A rock, likely from the surrounding
landscape, can be soen 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.

Visual Contrastive Decoding: The image features » unique and nmusing painting of a dog with a large
brush mustache, giving it an artistic human-like appearance. The dog is sitting on & couch, with a red
background behind it, adding to the antistic flair of the painting. The couch has an orange and green tint o
it. In addition to the dog's human-like mustache, the painting alzo includes 8 monochromatic style with
the background, giving the painting o stoking visual appeal, The dog appears to be wearing & hat, further
cmphasizing the artistic interpretation of the scene. Overall, the painting captures the dog's whimsical and
charming personality.

content, and Detailedness gauges the richness of details in the re-
sponse. Both metrics are on a scale of 10.

Prompt: Describe this photo in detail.

Reguiar Decoding: In the image, a man is standing on the back of a
Suban in a city with the color of & Ford SUV parked in the background,
He appears to be ironing clothes while standing on n wine rack located
under the vehicle. He is wearing a yellow shirt. There is a white and
blue taxi parked nearby the yellow Subaru, Additionally, there are
several buildings located in the cityscape, perhaps in the background of
the Subaru and the taxi, and possibly overlapping with the yellow Subaru,

Visual Contrastive Decoding: In the photo, a man s ironing clothes on a table placed on the back of a taxi
in & busy city street, The man is wearing a yellow shirt, suggesting be is a taxi driver or a part of the yellow
cabs' team. The yellow vehicle in the background is an SUV-like vehicle, which is not a typical yellow cab,
The table on the back of the car is set up with a pile of clothes, which the man is ironing. The man is
working hard to get the clothes ns wrinkle-free as possible,

Figure 5. Illustration of hallucination correction by our proposed VCD with two samples from LLaVA-Bench. Hallucinated objects from

LVLM'’s regular decoding are highlighted in red.
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' Introduction

Problem:

VCD eliminate language priors to reduce the
model’s over-reliance on text modality

The language prior that identifies Curry as a
basketball player is removed. This language prior is
valuable for achieving an accurate interpretation.

Contrastive Decoding

Methods (e.g. VCD) forward Pass Decoding
What does the man
in the picture do b "
\ for a living? 3 ,,‘;A ," basketball golf soccer X % baslmball golf soccer
= AN ; L
\ o ___—]_ ' 7 - ‘ ‘\_ / =
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J Pay more attention
to visual information

No additional
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Figure 1. Comparison between Contrastive Decoding (top) and
our proposed ICT (bottom). In the top example, Contrastive De-
coding indiscriminately removes both beneficial and detrimental
language priors, leading to hallucinations. In contrast, our ap-
proach enhances the model’s attention to visual details while pre-
serving useful language priors, allowing it to correctly identify and
describe obiects in the image.



' Method

Vanilla: The table || Ours: Thereisa
+ |holds a lamp with | lamp with a lamp-
/ \ / \ . L atelephone ...... shade and a book

/Eu [‘"“‘i:ﬂ"' [‘“"g"]"'[‘""i\?ﬂ L3 {(hnl‘] [lmuu ’] [\: nu] Ln [A" 1 kmmJ [“ m] : /r N
e , E i : " = — o0 o . Heads in
f G [‘"'I‘i‘ {““’3'] [‘""ﬂ] w‘uonT L" {‘"‘"? [‘ ?'J P\ . ] > 1 L Z‘E 16 ] [’“ (MJ E (’;‘j Mﬁvaﬁ(?lnT Lu- Au_;ml...unm(:m Attrime
i = Ewy f] AT L - [‘ 4 “"] 9 : e, 41 shift ., g L)

1) tin, ttn., ttn! tin te Attn) Attn ttn . H
== = | w2 R O L] o e
Ls [Aun n] {mmlul] [Am 33] La (A u.',:'] Fu;':’] [Ann"".:.‘] AL’ ; Lg [.Mm'l‘:']‘“ [Aun;’:’]"'[m\n;?] Head-wi E |

K LavAts m‘:;;‘;::’;m, \  uavais / T Lavaas j ‘;i;‘:{f,"m:‘e’ | | L iteia) .m .,r;a:f,::mg
" - i n E\ LLaVA-1.5 / and Attn,,;
What is it in What s it in What s itin| : r Please
the picture? the picture? the picture? 'describe this
Bus. Bus. Bus. image in
. v detail.
q+ 0 v q+ 0 v q+ 0

Figure 2. Overview of our proposed ICT method. ICT consists of two levels of intervention: Image-Level and Object-Level. The Image-
Level module enhances the model’s focus on the overall scene to reduce reliance on language priors, while the Object-Level module focuses
on fine-grained details to mitigate hallucinations. We apply targeted activation shifts to selected attention heads identified through binary
classifiers trained to distinguish trusted and untrusted data pairs.



' Method--Intervention at Image-Level

(t) (t— 1) (t). (t—1)
R . (V) S MVSVIZAVER A

: (3)
aV¢ | Vi) = [Jav® | V&),
t=1

/7 -
L"”[ e o foe 'nJ l [ (£ i) ‘

j‘\jﬁéﬁﬂ *@iﬁﬂ{%/ﬁﬂ{%i&%&xq' ( + O V) dnd ( + O’l,’ ‘/7,,) 1124[\ m] [\" = ,}_ [‘"“,.,"1 AL rLu L\m.'i"]"'.{:vu'“]"'[m-f{'j
) : Activation . = —> ‘o
A; = {Attn) H OYN4 EB-EEE |~ ot Lw[u~t‘-‘l B | .0
]_ activations
SLEURE 1 T4 Sk (3 5 ) B (1 " =l e | R
{ Aft’n(l) H ’ (l) }n Li=1 "‘\..\ LLaVA-1.5 =4 “;::‘:‘;:x,ﬂ) \\ LLaVA-1.5 <74
& =
Whatisitin Whatis it in
B the picture? the picture?
Bus. Bus.
g TR R S0 = }j(?ﬁ AQ). S J
im=1 g+ 0 v q+0
VERE 3L S S T Attnime = {AttnD |Az‘fn(” € TopK (Accuracy(f" ()}, H" = HY + Z (A”"(”(Hm) 8)
VEE 7=k mik E . I n=1
H(1+1) H(l)+z (Aun(l)(H(”) I[.(,;)g n® Sﬁtl)) 'I/Vé”! BT S + Jllmg n S(l) H(()g 72‘331(){3)1 n) ) ‘/chl)'

n=1

(5)



Dataset Setting Method LLaVA-vLS Qwen-VL
Accuracy F1 Score Accuracy F1 Score

Regular 83.29 81,33 8437 82.67

vCD 87.73 87.16 88.63 87.81

Rand OPERA 89.20 88.81 8731 £6.92
1CT w/o image 89.70 (+6.41) 89.93 (+8.60)) 88.76(+4.39) R7.84(+5.17)
1CT w/e object 88.50 (+5.21) 88.81 (+7.48) 89.13(+4.76) B8.20(+5.63)
ICT 90.11 (+6.52) 90.03 (+8.70) 89.461+5.09) 89.200+6.63)

Regular 8188 80.06 413 82.06

veD 8538 85.06 87.12 £6.40

OPERA 86.64 86.62 8744 £6.68
Q000 Fopwlar ICT whoimage  87.43(+5.55)  B7.09(+7.03)  87.63+350)  86.78(+4.72)
1CT w/o object 87.30 (+5.42) 86.65 (+6.59) 87.10(+2.97) 86.28(+4.22)
1CT 87.50 (+5.62) 87.60 (+7.54) S8.161+4.03) 87.33(+5.27)

Regular 896 7137 8236 8037

VCD 80.88 81.33 8426 83.90

Advirasial OPERA 81.24 81,38 84.78 8345
1CT w/o image 84.13(+5.17) 83.31 (+5.74) 85.13(+2.87) 84.35(+3.98)
1CT w/o object 83.63 (+4.67) 82.13 (+4.56) 85.23(+2.97) 84.62(44.25)
ICT 8443 (+547) 83.74 (+6.17) 84.96(+2.70) 84.42(+4.05)

Regular 8345 82.56 86.67 £5.59

vep 86.15 86.34 8922 £9.01

i OPERA 88.02 84.59 88.19 88.43
1CT w/o image 89.60 (+6.15) 89.75 (+7.19) 89.46(+2.79) 89.281+3.69)
ICT w/o object 89.00 (+5.55) 88.91 (+6.35) 89.26(+2.59) 88.95(+3.36)
ICT 89.20 (+5.75) 89.41 (+6,85) 89.461+2.79) 89.03(+3.44)

Regular 79.90 79.59 85.56 84,63

vCD 81.85 32.82 87.85 £7.81

AOKVOQA Popular OPERA 8322 84.67 8791 £7.13
1CT w/o image 85.36 (+5.46) 85.34 (+5.75) 87.70(+2.14) B7.68(+3.05)
1CT w/o object 84.65 (+1.75) 8432 (+4.73) 87.90(+2.34) B7.48(+2.45)
ICT 85.73 (+5.83) 85.34 (+5.75) 88.13(+3.57) 87.83(+3.200

Regular TE0 513 TO5T 7930

veD 74.97 7773 81.27 82.38

Adversarial OPERA 7382 7791 80.82 81.54
1ICT w/o image 79.26 (+5.22) 80.14 (+4.99) S1.50(+1.93) B2.10(+2.64))
1CT w/o object 7779 (+3.75) 79.53 (+4.38) B1L40(+1.87) B218(+2.68)
ICT 79.60 (+5.56) 80.43 (+5.28) 81.94(+2.37) 82.44142.94)

Regular 8373 8295 %097 79.01

veD 86.65 #6.99 85.59 85.33

it OPERA #E.13 8891 $6.02 85.29
1CT wifor bimsage RO.03 (+5.30) BRY9 (264 85.200+4.23) BS.XK+6.89)
1CT wios object BR.O7 (+524) $9.30 (+6.15) 87.200+6,23) 86.80+7.79)
IcT 89.60 (+557) $9.44 (46,49 86,38(45,41) §6.96(+7.95)

TRAT 7837 7509 TARA

VeD 80.73 8224 8183 §223

GQA OPERA .27 8211 8197 82.12
AP, ICT woimage  B423(+606)  8392(+555)  BIAIASAE)  BOB64602)
ICT w/o ohject BAT0 (653 $4.45 (+6.0) 83.93.+7.94) 82.95(+8.11)
Icr 84.70 (+6.53) 8478 (+6.41) 82.63(46.64) 82.22(47.38)

Regalar 7508 7606 7546 7433

vCD 76409 7878 $0.01 80.75

ki OFERA 1500 7871 80.24 #0.64
ICT w/o image 81.92 (v 84) B2.11 (46.085) 80,0344 57) TO.MK+5.47)
1CT wifor object BLOS (+0.57) 8200 (+5.9M4) 8160 +6.14) BLS3T.100
IcT B150 (+46.42) 8227 (+6.21) BO.83(+5.17) BO.6IK+6.17)

Table 1. Main results on POPE tasks. We evaluate the accuracy of various LVIMs on the POPE task across the MSCOCO, A-OKVQA,
and GQA datasets. Regular represents the setting where direct sumpling is applied. 1CT w/o image and ICT w/o object correspond to
the exclusion of image-level and object-level interventions, respectively. The bold and underlined values indicate the highest and second-
highest metrics under each setling, respectively.



' Experiment
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Figure 3. Comparison of ICT with baseline methods (Vanilla and
VCD) on the MME benchmark. The radar chart illustrates im-
provements across various evaluation categories, including exis-
tence, position, count, color, and commonsense QA (CSQA).




' Analysis

Method 20-Token Le 50-Token L. 80-Token L
s SN e e s Setting Method Accuracy F1 Score
[LLLaVA-vl.5 405.3 tx1.0 934.6 Tx1.0 1440.0 tx 1.0 _
+VCD 98891 x 2.4 2031.71x22 3077.5% x 2.1 i Rf/%'l')‘" gg'zg ;2(3);
: 1% 3 + x 3.5 3t%x3 ; :
+ OPERA 137171 %34 320411 %38 SINT3T %36 ICT 36.96 36.38
+I1CT 4159 1 x 1.0 93191 x 1.0 148551 x 1.0 ICT-LLaVA-vl1.5 85.10 83.27
Table 2. Comparison of the efficiency of different methods in gen- Regular 75.99 74.84
erating tokens of varying lengths on an NVIDIA H800 GPU. In- Popular VCD 81.83 82.23
ference times are recorded in milliseconds. ICT 82.63 82.22
ICT-LLaVA-vl.5 81.50 80.10
Image-Level Accurac Object-Level Accuracy 2
"= Al . ‘ Regular 75.46 7433
e Adversarial VCD 80.01 80.75
" ICT 80.83 80.60

ICT-LLaVA-v1.5 79.73 78.68

Layer
Layer

Table 3. Cross-model generalization of ICT. Performance of
Qwen-VL on GQA after applying activation shift from LLaVA-
vl.5. ICT-LLaVA-v1.5 refers to the results obtained by applying
LLaVA-v1.5’s activation shift vectors to intervene in Qwen-VL.

AR RRAO ARG PR R A% I8 20 20 ba P D0 1T A8 29 WD 01 BRI T
Head Head

Figure 7. Heatmap of classification accuracy for Image-Level
(left) and Object-Level (right) features of LLaVA-v1.5.



' Case Study and Error Analysis
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Figure 5. Case Study and Error Analysis of ICT.



