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Abstract

Mulrimodal Large Language Models (MLLMs) have re-
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L 12, 19,27,29,42, 51). By connecting visual signals and
Large Language Models (LLMs). MLLMs show unprece-
dented capabilities in mul dal under: 4 2asoning,

cently de trated impressive cay s in
wndersianding, reasoning, and interaction. However, ex-
isting MLLMSs prevalenily suffer from sertous hallucination
problems, generating text that is not factually grounded in
assoctated images. The problem makes existing MLIMs un-
rrusiworthy and thus impractical in real-world (especially
high-stakes) applications. To address the challenge, we
present RLHF-V, which enhances MLIM rrusiworthiness
via behavior alignment from fine-grained correctional hu-
man feedback. Specifically, RLHF-V collects human pref-
erence in the form of segment-level corrections on halluci-
narions, and performs dense direct preference optimization
over the human feedback. Comprehensive experiments on
five benciunarks in both and huoman eval

show that, RLHF-V can enable substantially more trustwor-
thy MLIM behaviors with promising data and computation
efficiency. Remarkably, using 1.4k annotated data sam-
ples. RLHF-V significamly reduces the hallucination rare
of the base MLLM by 34.8%, maperforming the concur-
rent LLaVA-RLHF trained on 10% annotated data. The final
model achieves state-of-the-art performance in trustwor-
thiness among open-source MLLMSs, and shows better ro-

bustness than GPT-V in preventing hallucinations aroused
Sfrom over-generalization.

1. Introduction

The recent success of Multimodal Large Language Models
(ML s) marks a significant milestone in Al research [2, 4,

*Coerespondiag authoes

and interact [ 4]. The models are typically pre-
trained on large-scale image-text data to leam the founda-
tional multimodal knowledge and capabilities [2.4, 12, 19].
To steer the model behavior, most MLLMs are further fine-
tuned with instruction tuning (also known as supervised
fine-tuning). which supervises models to clone the behav-
ior from demonstration data, enabling MLLMs to engage
users in various open-world tasks [4, 11, 25, 27 47).

However, current MLLM behaviors are not well aligned
with human preferences. A glaring issue is their tendency
to produce hallucinations — responses that are not factu-
ally grounded in the associated images [21, 25, 20, 37).
This typically includes descriptions of non-existing visual
contents and errors in descriptions. As shown in Figure 1.
current MLLMs can hallucinate about objects, attributes,
numbers. positions, actions, etc. Quantitatively, our hu-
man evaluation shows that the problem is previlent among
state-of-the-art MLLMs, where even the most advanced
GPT-4V [29] contains obvious hallucinations in 45.9% re-
sponses. The problem makes existing MLEMs untrust-
waorthy and thus impractical in real-world (especially high-
stakes) applications, such as guiding visually impaired in-
dividuals [29] or autonomous driving systems [43].

We argue that the problem arises from the lack of posi-
human feedback in instruction-tuned models,

making it challenging to leam the precise behavior bound-
aries to exclude hallucination. To address the problem. we
propose RLHF-V, i novel framework that aligns MLLM be-
havior by leaming from human feedback. However, sim-
ply applying traditional Reinforcement Leaming from Hu-
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The image shows a boy crying on
a bench. He seems sad because
he lost his parents. A swing set is
visible in the background.

Prompt : Please describe eA young boy is sitting alone on a
the image in detail. bench outdoors. He is crying, and
a woman is standing near the
Inputs swings watching him. Trees and a
swing set can be seen in the
background.
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The image shows a boy crying on
a bench. He seems sad and is
looking down at his hands. A
swing set is visible in the
background. l
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A young boy is sitting alone on a
bench outdoors. He is crying, and
the swing set behind him is
empty. Trees and a swing set can
be seen in the background.
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Model Object HalBench | MHumankEval | MMHal-Bench LLaVA Bench VQAv2
Resp. Mention Object Position Number All Info. Resp.] Conv. Detail Comp. testdev
LLaVA [27] 63.0 295 46.6 21.2 19.9 80.8 31.9 70.8 85.4 74.3 96.3 -
Muffin [47] 50.5 245 33.6 16.4 26.0 7477 334 68.8 89.3 79.7 97.7 -
LRV [25] 32.3 223 43.2 11.6 19.2 829 222 78.1 61.7 47.3 55.0 -
LLaVA-RLHF [37] 38.1 18.9 37.7 17.8 18.5 726 399 65.6 93.8 74.3 111.4 -
InstructBLIP [11] 259 14.3 30.8 15.1 17.1 63.7 295 64.4 83.2 67.6 90.6 -
Qwen-VL-Chat [4] 438 20.0 349 16.4 15.8 61.0 385 52.1 81.9 77.1 92.3 79.5
LLaVA 1.5[26] 46.3 22.6 30.8 17.8 17.1 61.0 39.2 52.1 81.6 75.5 95.2 80.0
RLHF-V 12,2 7.5 219 7.5 14.4 555 40.0 521 93.1 75.3 91.6 80.0
GPT-4V [29] 13.6 7.3 22.6 12.3 11.0 459 476 313 96.0 1025 106.7 77.2%
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Abstract

Large Vision-Language Models (LVIMs) have advanced
considerably, intertwining visual recognition and language
understanding to generate content that is not only coherent
but also contexiually attuned. Despite their success. LVLMs
sull suffer from the issue of object hallucinations, where
models generate plausible yet incorrect outputs that incliede
objects that do not exist in the images. To mitigate this is-
sue, we introduce Visual Contrastive Decoding (VCD), a
simple and training-free method thar contrasts outpur dis-
tributions derived from original and distorted visual inputs.
The proposed VCD effectively reduces the over-reliance on
statistical bias and unimodal priors, two essential causes of
object hallucinations. This adjustment ensures the generated
content is closely grounded 1o viswal inputs, resulting in con-
textually accurate outputs. Our experiments show thar VCD,
without either additional training or the usage of external
100ls, significantly mitigates the object hallucinarion issue
across differens LVLM families. Beyond mitigating object hal-
lucinarions, VCD also excels in general LVIM benchmarks,
highlighting irs wide-ranging applicabiliry.

L. Introduction

Large Vision-Language Models (LVLMs) have become in-
tegral in the intersection of computer vision and natural
language processing, enabling a range of applications due
to their ability to generate contextually relevant textual de-
scriptions from visual inputs. These models are charac-
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Figure 1. An illustration of Visual Contrastive Decoding. The hal-
locinated object “Swrfbounds” is highlighted in red, and it is elimi
nated during the generative process by contrasting with the output
distribution that favors hallucimations.

LVLM:s is marked by ongoing impeovements in model archi-
tecture, training methodologies, and data diversity, leading
1o enhanced performance and application versatility. Despite
these advancements, specific challenges persist. with the
issue of object hallucination [20, 38, 43, 48] being a promi-
nent concern that impacts the reliability and applicability of
LVLMs across domains.

Object Hallucination in this context refers to the phe-
nomenon where LVIMs generate textual content that is
semantically coherent but inconsistent with ground-tuth
objects in the given image. This challenge not only reveals
fundamental issues of LVLMs, such as over-reliance on sta-
tistical bias [1, 2, 19, 35] and unimodal priors [21, 22, 51,
68, 70, 75]. but also has direct implications for the practi-
cal deployment of LVLMs. In applications where precision
and reliability of generated content are paramount, object

can lead to misinformation, misinterpreta-
tion, and subsequent erroneous decision-making. In domains

terized by their effectiveness in capturing and lating hallucinati
complex visual patterns into coherent linguistic representa-
tions [5, 12, I8, 33, 45, 49, 71, 73, 78]. The lution of

*Equal contribution. Sicong Leng Is undes the Joint PhD Program be-
ween DAMO Acadensy and Nanyang Technological University
"Correspondence: x 1

x@alibaba

like health [26, 66]. autc s systems [¥, 69], and
robatics [46, 50]. such inaccuracies are not just undesirable
but could have significant consequences. Addressing the hal-
lucination issue is therefore essential 1o enhance the integrity,
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Prompt: Describe this photo in detail.

Regular Decoding: The image features a painting of a brown dog
mgwnchnrmthnmtcyfaﬂummmomh.gmngulume.

P The dog's expression s one of mischicf as it
bdsdumlymi&mmmummamm&ndlnng
table and a fork next to the table. A rock, likely from the surrounding
landscape, cun be seen beside the table. A person's face is visible near
the bottom left comer of the painting, partially covered by the dog's
furry coat.

-

Visual Contrastive Decoding: The image features 2 unique and amusing painting of a dog with a large
beush mustache, giving it an artistic buman-like appearance. The dog s sitting on a couch, with a red
background behind it, adding 10 the amistic flair of the painting. The couch has an orange and green tint 1o
it. In addition to the dog's human-like mustache, the painting also inchodes @ monechromatic style with
the background, giving the painting a striking visual appeal. The dog appears to be wearing a hat. further
emphasizing the antistic interpretation of the scene. Overall, the painting cap the dog's whimsical and
charming personality.

Of VCDO A= A A E

Prompt: Descnbe this photo in detail.

Regular Decoding: In the image, a man is standing oo the back of a
Subaru in a city with the color of a Ford SUV parked in the background.
He appears to be ironing clothes while standing on a wine rack located
under the vehicle. He &s wearing a yellow shint. There s a white and
blnl-upnrhndnenbylheyellude-m.Addnmnl!v there are

k d in the city perhaps in the background of
hSduu-dlheInLndpmMymwhppngmﬂnhe}dlowSlhnL

Visual Contrastive Decoding: In the photo, 2 man is ironing clothes on a table placed on the back of o taxi
m a busy city strect. The man is wearing a yellow shirt, suggesting he is a taxi driver or a part of the yellow
cabs' team. The yellow velscle in the background & an SUV-like vehicle, which is not a typical yellow cab.
The table on the back of the cur is set up with a pile of clothes, which the man is woning. The man is
working hard to get the clothes as kle-frec as possibl
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Abstract

Hallucinations tn Large Vision-Language Models (LVLMs)
significantly wndermine their rellabiliry, monvarng re-
soarcher 1 explove the causes of hallucinarion. However
most studies primarily focus on the language aspect rather
than the visual. in this paper; we address haw LVLMs pro-
cess visual informaiion and whether this process couses
hallictnarion. Firsily, we wie the attention lens o idennify
the srages ai which LVEMs handle viswal data, discovering
thar the middle Lovers are crucial. Moreover, we find thar
these layers can be further divided tnre twe stages: “visnal
infermation enrfchmien ™ and *semantic refinement” whick
respectively propagate visnal data o obfect tokens and in-
revprer it through rexr. By analvzing amentton parerns dur-
ing the viseed information enrichnent stage, we find thar
real tofens consistently receive higher attention welghrs
than hallicinared ones, serving as a stroug indicator of
hallectnarion.  Further examinanion of muli-Fead arten-
tent inaps reveals thar halluetnarion tokens offen result froum
heads imteraciing with inconstsrent odyjects. Based on these
insights, we propoie a stmple fferemnce-time method thar
adfusts visual artention by integrating informarion acmss
verrois freads. Extensive experiments demonstrale thar this
approach efectively mitgares halluctnanions in mainsrream
LVEM: witheut addinional trating costs.

L. Introduction

Building on the foundations of Large Langunage Mo mh_l;.
ILL\'i-.l Large Vision-Language Models (LVLMs) [4,
51, 54] have emerged as powerful tols for un-
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Figure | Hlustration of our findings: (i) visual information is pri
marily processed in the middle kryers where {2) the model extracts
the visual information and then (b) intexprets the semantics em:
bedded in image wkens: (ii) for real tokens like “cat”, the atention
weights over imape tokens are generally higher than hallucinated
ones like TV im (a); (ifi) the model may combine the visual fea
tures extracted from multiple objects o prodsce hallecinations.

derstanding visual inpuis and generating texiual responses
aligned with user intent. Their multi-modal namre has en-
abled a large variety of vision-language tasks, «.g.. image
captioning. visual question answering, and visual dialog.
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