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Abstract

Large Vision-Language Models (LVLMs) have made sig-
nificant progress in recent years but are also prone to hallu-
cination issues. They exhibit more hallucinations in longer,
free-form responses, often attributed to accumulated uncer-
tainties. In this paper, we ask: Does increased hallucina-
tion result solely from length-induced errors, or is there a
deeper underlying mechanism? After a series of prelimi-
nary experiments and findings, we suggest that the risk of
hallucinations is not caused by length itself but by the in-
creased reliance on context for coherence and completeness
in longer responses. Building on these insights, we pro-
pose a novel “induce-detect-suppress” framework that ac-
tively induces hallucinations through deliberately designed
contexts, leverages induced instances for early detection of
high-risk cases, and ultimately suppresses potential object-
level hallucinations during actual decoding. Our approach
achieves consistent, significant improvements across all
benchmarks, demonstrating its efficacy. The strong detec-
tion and improved hallucination mitigation not only vali-
date our framework but, more importantly, re-validate our
hypothesis on context. Rather than solely pursuing perfor-
mance gains, this study aims to provide new insights and
serves as a first step toward a deeper exploration of hallu-
cinations in LVLMs’ longer responses.

1. Introduction
Recently, Large Vision-Language Models (LVLMs) [3, 7,
8, 12, 18, 48, 98] have made significant strides in develop-
ing general-purpose foundation models, achieving new, un-
precedented capabilities. These models facilitate dynamic,
context-driven interactions centered on the image content
through open-ended conversations with users, given the in-
put image and user instructions. Their impressive gener-
ative capabilities allow them to address various traditional
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Figure 1. Left: Our three main findings and the three steps of our
HalTrapper method. Right: The distribution of hallucination loca-
tions detected by our HalTrapper is close to the true distribution
of hallucinations, indicating that our method, to some extent, cap-
tures the essence of LVLM hallucinations.

vision tasks [5, 20, 34, 35, 38, 49, 56, 58, 63–65, 88, 95,
96, 99, 100] within a unified framework and seamlessly
handle more comprehensive tasks [15, 16, 23, 51, 60, 79,
86, 93] that require world knowledge and complex rea-
soning, such as visual question answering [2, 26, 59, 62],
video-based reasoning [6, 9, 37, 41] and mathematical rea-
soning [54, 74]. However, LVLMs also grapple with the
hallucination issue [27, 57, 92, 97], a serious and well-
recognized challenge in deploying them in real-world sce-
narios [21, 36, 45, 52], due to their propensity for erroneous
generation.

Hallucination in LVLMs specifically refers to the dis-
crepancy between the generated textual responses and the
actual visual content and user instruction received, result-
ing in the production of irrelevant or non-existent objects,
attributes, and other details. Various approaches have
been proposed to reduce hallucinations, including filter-
ing more reliable training data [46, 90, 97] or using spe-
cialized contrastive training materials [28] to re-fine-tune
the model, thereby minimizing factually incorrect outputs.
Rather than relying on costly, data-intensive solutions, re-
cent approaches propose training-free strategies, such as
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contrastive decoding to contrastive model responses with
their error-prone versions [31, 33, 76], rolling back un-
certain outputs [25], or enhancing attention to visual con-
tent [50]. This has significantly mitigated the hallucination
phenomenon, particularly in answering visual questions and
identifying specific object hallucinations. However, most of
these efforts primarily focus on short responses, while hal-
lucinations in long-form generation remains underexplored.

In this paper, we explore a seemingly straight-
forward—even widely taken for granted—phenomenon:
LVLMs are more prone to hallucinations in longer, free-
form textual responses compared to shorter answers. As
shown in Fig. 1, the frequency of hallucinated objects cor-
relates with their position in the output token sequence, with
a higher likelihood of appearing at later positions. Previous
work [97] has also observed similar phenomena, simply at-
tributing the issue to autoregressive text generation, where
increasing length leads to accumulated hallucinations and
greater uncertainties. However, beneath the intuitive mani-
festation of length (like an iceberg), deeper factors (beneath
the surface) have yet to receive adequate attention: Is the
increased hallucination merely a result of the cumulative
errors due to length itself, or does it arise from a deeper
underlying mechanism?

Motivated by this, this paper presents the first and pre-
liminary attempt to explore the underlying factors through
a three-step analysis approach:
• Phenomenon discovery to propose hypotheses (Sec. 3).
• Preliminary statistics to analyze hypotheses (Sec. 4).
• Hypothesis application to detect and mitigate hallucina-

tions, thereby re-validating it (Sec. 5).
Phenomenon Discovery: Context may be a potential fac-
tor. Since free-form textual responses lack a predefined an-
swer set or clear response forms, LVLMs rely heavily on
context, including user instructions, visual input, and espe-
cially prior textual outputs. Consequently, we investigate
the effect of context (see Sec. 3), specifically by modifying
either the image or text context and observing marked shifts
in the distribution of the hallucination-length curve, which
indicates that hallucinations appear at earlier positions.
Hypothesis Analysis: Contextual coherence and com-
pleteness induce hallucinations. Based on this observa-
tion, we hypothesize that contextual cues influence halluci-
nations along two key dimensions:
• Contextual coherence drives LVLMs to maintain con-

sistency with prior outputs while avoiding redundancy
through distinct generation. The former focuses atten-
tion on contextual image content, while the latter shifts
it to new information, potentially leading to dispersed
attention, confusion, and hallucinations (see Sec. 4.1).
Non-hallucinated tokens exhibit clear, focused attention,
whereas hallucinated tokens show dispersed patterns. No-
tably, hallucinated tokens share highly similar attention

distributions (see Fig. 3), suggesting LVLMs may be
forced to attend to the same ungrounded, fragmented
regions when balancing contextual and distinct content
fails.

• Contextual completeness requires responses to incorpo-
rate comprehensive content while maintaining a logically
coherent linguistic structure. However, when available
recognized content is insufficient, LVLMs may employ
contextual extrapolation as a compensatory strategy, po-
tentially leading to hallucinated outputs (see Sec. 4.2). As
contextual completeness increases, hallucinations tend to
appear earlier in the response (see Fig. 4). Furthermore,
contextual extrapolation seems to follow inherently fixed
patterns, with different sets of prompts repeatedly gener-
ating overlapping hallucinated tokens.

Application and Re-validation. To further validate the
hypotheses, we propose HalTrapper—a novel “induce-
detect-suppress” framework that directly induces halluci-
nations by applying the two hypotheses, leverages the in-
duced instances to detect high-risk cases early to nip them
in the bud, and ultimately suppress potential hallucinations
during the actual decoding stage.
• Induction: (1) Imposing new, coherent outputs on an al-

ready complete response induces intra-response halluci-
nations. (2) Explicitly guiding imagination both based on
and beyond recognized objects induces external expan-
sion hallucinations.

• Detection: (1) Building on our coherence findings in
Fig. 3, we identify hallucinations by analyzing attention
similarity with induced intra-response hallucinations. (2)
Building on our completeness findings in Fig. 4, we col-
lect potential hallucinations by identifying objects that
frequently appear under different imagination prompts.
(3) Interestingly, our detection results align with the orig-
inal hallucination distribution in Fig. 1, suggesting that
context-induced and detected hallucinations mirror those
seemingly driven by length, re-validating context is one
of the potential factors beneath the iceberg of length.

• Suppression: Given the detected potential hallucinations,
we can directly suppress their likelihood to mitigate hal-
lucinations. Inspired by contrastive decoding [31, 32, 76],
we innovatively treat detected hallucinated objects as con-
trastive context tokens to their probability in the con-
trastive branch, thereby reducing their likelihood in the
original decoding branches.
To sum up, our contributions are as follows:

• We are the first to explore the underlying factors beneath
the intuitive length-hallucination correlations, and iden-
tify context as the potential factor.

• We introduce a novel hypothesis based on coherence and
completeness, and validate it through statistical analysis,
hallucination detection, and suppression.

• Our exploration reveals novel insights, including the sim-
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ilarity in image attention patterns of hallucinated objects
and the repetition of hallucinations across prompts.

• Building on the hypothesis, we propose a novel “induce-
detect-suppress” framework, which re-validates our hy-
pothesis while achieving competitive performance on
public benchmarks.

2. Related Work

2.1. Large Vision-Language Models
The success of large language models (LLMs) [1, 4, 13, 71]
establishes the foundation for the development of large
visual-language models (LVLMs) [3, 17, 47, 98]. Recent
approaches typically adopt a unified framework, where a
pre-trained visual encoder extracts visual features, which
are then mapped to the LLM embedding space via ei-
ther linear layers [12, 47] or Q-Former [3, 17, 98], and
subsequently processed with text inputs. While LVLMs
demonstrates remarkable capabilities in visual understand-
ing [2, 10, 14, 26, 43, 55, 59, 61, 67–69, 80–85, 94] and rea-
soning tasks [29, 53, 89] through supervised fine-tuning [22,
24, 42, 47, 91], hallucinations remains a prominent chal-
lenge [33, 40, 57, 97]. Existing studies [19, 30, 70, 77] on
the internal mechanisms of LVLMs have yet to provide a
thorough explanation of the nature of hallucinations, par-
ticularly in long-form responses. This work sheds light on
hallucinations in long-form generation in LVLMs.

2.2. Hallucinations in LVLMs
Unlike hallucination in LLMs, which refers to the genera-
tion of factually incorrect or meaningless content, halluci-
nations in LVLMs are more concerned with discrepancies
between the generated content and the provided visual in-
puts. Early studies [40, 57] adapt the definition of halluci-
nations from the captioning task to the context of LVLMs.
Subsequent research [25, 32, 46, 97] conduct preliminary
analyses of hallucinations, investigating factors such as lan-
guage priors [32, 46], co-occurrence patterns [32, 97], un-
certainty [97], and positional dependencies [97].

Several approaches [25, 28, 31, 32, 46, 50, 76, 87, 90, 97]
are proposed to mitigate hallucinations in LVLMs through
training. These methods include curating high-quality train-
ing datasets [97], integrating specialized contrastive train-
ing signals [28], and employing revisor models designed
to correct hallucinated outputs [46, 87]. In contrast, other
studies [25, 31, 32, 50, 76] explore training-free strategies
as alternatives to resource-intensive training approaches.
VCD [32] introduces the contrastive decoding (CD) [39]
method to suppress hallucinations, gaining significant at-
tention in the field. Subsequent methods [31, 50, 76] fur-
ther design various contrastive conditions to induce halluci-
nations from new perspectives. Additionally, OPERA [25]
identifies the overreliance on knowledge aggregation posi-

tions within the text attention mechanism as a key cause of
hallucinations and suggests a rollback strategy to address
this issue. Furthermore, PAI [50] strengthens the impact of
image attention on model outputs, effectively reducing hal-
lucinations.

3. Is Context a Deeper Underlying Factor?

In this section, we conduct exploratory experiments to in-
vestigate the underlying factor influencing hallucination be-
yond generation length. We first introduce PoScore to rep-
resent hallucination positions and reproduce the widely rec-
ognized phenomenon that hallucinations tend to occur in
longer responses (Sec. 3.1). Subsequently, we modify either
image or text context and analyze their effects on hallucina-
tion distribution, thereby identifying context as a potential
underlying factor (Sec. 3.2).
Default Experimental Settings. Our default experimen-
tal setup (in Sec. 3 and Sec. 4) evaluates the LLaVA v1.5
7B [47], Qwen VL Chat [3], and MiniGPT-4 [98] on a ran-
domly sampled set of 500 COCO [44] images for statistical
analysis. Additional experimental details are presented in
Appendix A.

3.1. Hallucinations Linked to Length.
When leveraging LVLMs for dialogue or question-
answering tasks, a notable phenomenon is that hallucina-
tions tend to occur more frequently in the later positions of
the response. To quantitatively analyze this phenomenon,
we define the relative position score for each generated ob-
ject as follows, consistent with previous work [97]:

PoScores,i =
Index(os,i)

Ns
(1)

where os,i denotes the ith object in the response of the sth

sample, and Ns represents the length of the sth sample.
We visualize the PoScore distributions for hallucinated and
non-hallucinated objects for the LLaVA model in Fig. 1,
with additional results from other models provided in Fig. 7
in Appendix. The results reveal a marked increase in the fre-
quency of hallucinations as the response lengthens, aligning
with findings from previous studies [78, 97].

3.2. Hallucinations Beyond Length.
Moving beyond these prior observations, we delve deeper
by posing a critical question: Is the increased hallucination
merely a result of the cumulative errors due to length itself,
or does it arise from a deeper underlying mechanism? In
light of the critical role that context plays in free-form re-
sponses, we design the following two context modification
strategies and analyze the changes in hallucination positions
(PoScore) to investigate the effect of context:
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Figure 2. Statistical analysis of hallucination positions under con-
text modifications. Both cropping the image and enriching the
prompt lead to earlier hallucination occurrences.

• Crop the image input into centered squares, retain-
ing approximately one-third of the original area, and re-
annotate accordingly.

• Enrich the text input by adding two sentences that de-
scribe the image, and then prompt to describe other de-
tails.
The results in Fig. 2 show that hallucinations tend to oc-

cur earlier in the generation process across both settings,
challenging the widely held belief that they are more likely
to appear in the later stages. These findings underscore the
complexity of hallucinations, revealing that context plays a
significant role in their occurrence, rather than attributing
them solely to generation length.

4. Coherence and Completeness
This section delve into the mechanisms through which con-
text influences hallucinations by employing a hypothesis-
verification framework. Our analysis focuses on two key as-
pects: contextual coherence (Sec. 4.1) and contextual com-
pleteness (Sec. 4.2). Finally, we link back to text and image
manipulation experiments in Sec. 3.2, providing explana-
tions with these factors (Sec. 4.3).

4.1. Coherence: Avoidance of Internal Repetition
Contextual coherence drives the model to maintain consis-
tency with previous outputs while avoiding redundant rep-
etition of both the input and prior content. Based on this,
we propose and validate a hypothesis on hallucination oc-
currence.
Hypothesis. The two aspects of contextual coherence in
image attention are conflicting: attention is required to fo-
cus on relevant regions for consistency with previous out-
puts, while also shifting to new areas to avoid repetition.
This tension leads to dispersed attention and hallucinations.
Experimental settings. To validate our hypothesis, we an-
alyze both individual attention and pairwise attention com-
parisons. Specifically, we analyze the image attention maps
of hallucinated objects H and non-hallucinated objects N ,
with representative results shown in Fig. 3 (right). Addi-

[book]

[cats]

[chair]

[remote control]

Figure 3. Statistical analysis related to contextual coherence.
Within the same caption, hallucinated object pairs exhibit higher
attention similarity scores than non-hallucinated pairs.

tionally, we quantify the intra-set attention similarity of ob-
jects within the same response, denoted by SH and SN , as
follows:

SH = {sim(As,i, As,j) | os,i, os,j ∈ H},
SN = {sim(As,i, As,j) | os,i, os,j ∈ N}

(2)

where As,i and As,j represent the image attention maps of
the ith and jth objects in the response for the sth image,
and sim(·, ·) denotes the cosine similarity function. Fig. 3
(left) illustrates the distributions of SH and SN .
Results. Qualitative analysis (right panel of Fig. 3) indi-
cates that when the model successfully identifies real ob-
jects, it concentrates on the relevant regions. Conversely,
if the model fails to recognize a novel object, its attention
disperses and distracting information, leading to hallucina-
tions. Quantitative results (left panel of Fig. 3) show a clear
difference between the distributions of SH and SN . Specif-
ically, hallucinated objects exhibit higher attention similar-
ity, while real objects show lower values. This further in-
dicates that hallucinated objects typically manifest diffuse,
noisy attention patterns, making attention similarity a robust
metric for their detection.

4.2. Completeness: External Extrapolation
Contextual completeness comprises two key dimensions:
the informational dimension, which demands a thorough
and comprehensive response, and the structural dimension,
which ensures the response is logically coherent and gram-
matically sound. Building on this, we propose the following
hypotheses regarding the occurrence mechanism and inher-
ent tendency of hallucination.
Hypothesis. (a) Occurrence: When a response includes
correctly identified objects but remains incomplete in infor-
mative or structural aspect, the model compensates by ex-
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(a)

(b)

Figure 4. Statistical analysis related to contextual completeness:
(a) Hallucination positions shift progressively earlier as more im-
age information is included in the prompts. (b) Similar hallucina-
tions consistently recur across varied prompts for the same image.

panding imagined details, i.e., hallucinations. (b) Tendency:
These hallucinations from external extrapolation rely on
multimodal context, particularly visual inputs.
Experimental settings. We conduct two separate experi-
ments for validation as follows:
(a) We validate the role of completeness by analyzing its
correlation with hallucination positions. Specifically, we
extend text manipulation experiment in Sec. 3.2 by incre-
mentally adding image descriptions to the prompt and visu-
alizing the average PoScore in Fig. 4(a).
(b) We further investigate the consistency and image-related
properties of hallucinated objects across different prompts.
Specifically, we apply five prompts to each image and com-
pute the proportion of repeated hallucinated objects. For-
mally, let Hsk represent the set of hallucinated objects gen-
erated by the kth prompt for the sth sample, with the com-
plete hallucination set given by Hs =

⋃5
k=1 Hsk . We

count the occurrence of each hallucinated object h ∈ Hs

as cs(h) =
∑5

k=1 1(h ∈ Hsk), where 1 is the indicator
function. Then we calculate N(k), the number of halluci-
nated objects that appear k ∈ [1, 2, 3, 4, 5] times over all
samples, along with its proportion R(k) shown in Fig. 4(b):

N(k) =
∑
s

∑
h∈Hs

k · 1(cs(h) = k),

R(k) =
N(k)∑5
k=1 N(k)

(3)

Results. (a) The results in Fig. 4(a) indicate that as more
enriched sentences are incorporated, leading to a more com-
prehensive context, hallucinations occur at earlier positions.
This is because the diminishing content available for gener-
ation makes it increasingly challenging for LVLMs to accu-
rately identify details for a complete and coherent response.

(b) The proportion presented in Fig. 4(b) demonstrate that
all models exhibit a high degree of repetitiveness in halluci-
nated objects, with objects appearing in only one response
accounting for merely 30% on average. Given the variations
in both questions and preceding responses, the repeated hal-
lucinated objects are often closely tied to the image context,
aligning with our qualitative analysis in Appendix E.

4.3. Link Back to Phenomenon in Sec. 2.2
Explaining Text Manipulation Experiments. Revisiting
the text manipulation experiments, we find that contextual
coherence and completeness provides an intuitive explana-
tion for this behavior. When additional descriptions of real
objects are incorporated, the model tend to avoid redun-
dancy and maintain coherence, thereby reducing the num-
ber of objects to describe. Consequently, the model turns to
uncertain or unverified objects more quickly to ensure com-
pleteness, leading to earlier hallucinations.
Explaining Image Manipulation Experiments. Contex-
tual completeness offers a compelling explanation for the
image manipulation experiments. Similarly, cropping im-
ages systematically reduces the number of recognizable ob-
jects, forcing the model to hallucinate earlier in order to
maintain contextual completeness.

5. Re-Validation via Detection and Suppression
To rigorously validate our hypothesis, we extend the find-
ings from Section 4 to practical application of halluci-
nation detection and suppression. Specifically, we pro-
pose HalTrapper, which introduces a novel “induce–detect-
suppress” strategy (see Fig. 5). The induce–detect stages
leverage Internal Grounding (IG) and External Expansion
(EE) techniques for hallucination detection (Sec. 5.1), and
can be easily adapted with Contrastive Contextual Decod-
ing (CCD) for suppression (Sec. 5.2).

5.1. Hallucination Induction-Detection
5.1.1. Internal Grounding
In Sec. 4.1, we demonstrate that the attention similarity be-
tween paired objects serves as an effective indicator for dis-
tinguishing hallucinated pairs from non-hallucinated ones.
Building on this insight, we propose the Internal Grounding
(IG) method, which adopts an induce-then-detect paradigm
to detect hallucinated objects in model responses.
Induction. A key component of IG is the selection of ref-
erence objects, which serve as anchors for similarity com-
putation. Instead of using naturally generated objects, we
induce the model to generate additional objects following
the initial response, which are more prone to hallucination.
Specifically, given an input image and the model’s initial
response, we replace the EOS token in the generated out-
put with an additional cue, “There is also”. Since the ini-
tial responses inherently covers a considerable number of
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Decoding Step n
✅

top-1: book  (0.15)

top-2: TV  (0.13)
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top-1: book  (0.12)
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Three-Step Strategy for Hallucination: Induce (See Sec. 4) Detect (See Sec. 5.1) Suppress (See Sec. 5.2)

Figure 5. Overview of HalTrapper: It consists of two branches leveraging coherence and completeness insights. One generates captions
with an appended “There is also” prompt to induce potential hallucinated objects, detected via high attention similarity between caption
and induced tokens. The other prompts the LVLM to imagine surrounded content beyond the image to identify consistent hallucinations.
With detected hallucinated objects, HalTrapper further suppresses hallucinations through Contrastive Contextual Decoding.

the identified objects, when completeness is compromised,
the model tends to externally extrapolate to compensate,
thereby restoring completeness (see Sec. 4.2). The result-
ing object serves as the reference object and is denoted as
orefs for the sth sample.
Detection. We then compute the attention similarity scores
IGScore between the induced hallucinated objects orefs and
the preceding objects, filtering out potential hallucination
candidates SIG with high similarity:

IGScores,i = sim(Aref
s , As,i)

SIG = {os,i | IGScores,i > θIG}
(4)

where θIG denotes the threshold. Notably, the proposed
method remains robust even when the reference object is
real, as the similarity scores between non-hallucinated ob-
jects are typically low, effectively preventing real objects
from being misclassified as hallucinations.

5.1.2. External Expansion
Another observation is that hallucinated objects exhibit con-
sistency across identical visual inputs (Sec. 4.2). Based
on this property, we propose the External Expansion (EE)
method, explicitly inducing the imagination related to the
image, treating them as detected potential hallucinations.
Induction. Considering that hallucinations from external
extrapolation rely on image context, we first prompt with
“Please imagine what object might be outside the frame”
to induce image-related associations and capture potential
hallucinations. However, directly extracting hallucinated
objects from the response leads to false positives, as the
model might imagine objects present in the image. To ad-
dress this, we design a reason-then-imagine prompt to filter
out such existing objects (see Appendix C.2). It explicitly
guides the model in distinguishing between recognized ob-
jects and imagined ones. Furthermore, it utilizes reliable in-
termediate steps to enable context-driven reasoning, thereby
improving response fidelity.
Detection. We introduce EEScore, based on the principle
that an object’s presence in the imagination set improves the

likelihood of it being perceived as a hallucination, while its
presence in the reason set reduces this likelihood. Specif-
ically, we define the imagination set and the reason set at
direction d ∈ D as SI,d and SR,d, respectively. The final
set of potential hallucinations is formulated as follows:

EEScores,i =
∑
d∈D

[
1(os,i ∈ SI,d)− 1(os,i ∈ SR,d)

]
SEE = {os,i | EEScores,i > θEE}

(5)

Finally, we combine the potential hallucinations detected
by the IG and EE methods as follows:

Sinduction = SIG ∪ SEE (6)

5.2. Hallucination Suppression

Preliminaries. Let θ denote the parameters of an LVLM.
Given an input image v and a text prompt x, the model au-
togressively generates a response y of length L. Formally,
the decoding process can be formulated as follows:

pθ(y|v, x) =
L∏

i=1

pθ(yi|v, x, y<i) (7)

where yi and y<i represent the token at position i
and preceding tokens before position i, respectively, and
pθ(yi|v, x, y<i) ∝ exp logitθ(yi|v, x, y<i) denotes the con-
ditional probability distribution of the next token yi given
the preceding tokens y<i.

Based on this formulation, we introduce contrastive de-
coding (CD), originally proposed by [39]. CD utilizes an
amateur model as a contrastive reference to optimize the de-
coding objectives while maintaining plausibility constraint.
Recently, [31, 32, 76] apply CD to LVLMs, leveraging
hallucination-amplifying branches as contrastive signals to
mitigate hallucinations. Specifically, the CD process, with
the new model θ′ as the contrastive branch and all other in-
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Model Metric AUROC TPR5%FPR F1max Acc.

LLaVA v1.5

PoScore 70.7 4.3 38.3 70.7
Top Logit 64.0 13.0 32.2 61.9
Logits’ Entropy 67.7 16.6 36.6 71.4
Image Attn. Ratio 44.9 6.0 27.3 32.0

IG Score 82.3 43.3 54.8 86.3
EE Score 77.5 - 46.1 72.9

MiniGPT 4

PoScore 70.5 12.2 35.4 66.2
Top Logit 65.6 22.9 37.0 76.5
Logits’ Entropy 65.5 22.1 35.3 75.9
Image Attn. Ratio 64.3 7.7 31.9 57.9

IG Score 76.6 34.0 48.6 80.7
EE Score 60.5 - 30.0 46.5

Qwen VL

PoScore 71.1 4.8 34.4 65.8
Top Logit 71.5 19.6 36.1 77.7
Logits’ Entropy 70.7 23.3 36.6 73.9
Image Attn. Ratio 57.3 6.8 26.9 41.4

IG Score 76.2 33.3 43.8 84.6
EE Score 81.3 - 46.3 73.0

Table 1. Quantitative results for hallucination detection. The best
performances within each setting are bolded.

puts unchanged, is expressed as follows:

pcd(yi|v, x, y<i) = softmax[(1 + α)logitθ(yi|v, x, y<i)

− αlogitθ′(yi|v, x, y<i)]
(8)

where pθ′(xi|v, x, y<i) ∝ exp logitθ′(xi|v, x, y<i). It also
employs a truncation of the probability distribution follow-
ing [32].
Contrastive Contextual Decoding (CCD). Building on the
previously introduced induce-detect stages, a simple CD-
based extension CCD enables hallucination suppression.
Unlike previous CD methods, CCD explicitly integrates a
prior for potential hallucination objects, aiming to reduce
their likelihood in response. Specifically, we encode poten-
tial hallucinated objects as text tokens, referred to as Con-
trastive Contextual Tokens (CCT) xcct. We then concate-
nate CCT with the image input to construct a contrastive
branch, with model parameters and other inputs unchanged.
The CCD process can be formally expressed as follows:

pccd(yi|v, x, y<i) =

L∏
i=1

pccd(yi|v, xcct, x, y<i) (9)

We then detail the modifications applied to the CD pro-
cess as follows:

pccd(yi|v, xcct, x, y<i) =

softmax[(1 + α)logitθ(yi|v, x, y<i)

− αlogitθ(yi|v, x, xcct, y<i)]

(10)

By treating CCT tokens as complementary to image con-
tent, the model naturally increases the likelihood of poten-
tial hallucinated objects and their associated terms in the
contrastive branch, thereby effectively reducing their occur-
rence in the final generation.

6. Experiments
Datasets and Benchmarks. To demonstrate the effective-
ness of our HalTrapper, we use images from COCO [44]

Figure 6. Comparison between the positional distribution of hal-
lucinations detected by our method and the overall hallucination
distribution, demonstrating a high degree of alignment.

and AMBER [72] datasets. Detailed descriptions can be
found in the Appendix C.1.
Base Models. We select LLaVA v1.5 7B [47], MiniGPT-
4 [98], and Qwen VL Chat [3] as our main baselines for
our study. We also evaluate more recent models Qwen2
VL 7B [75] and Janus Pro 7B [11] on AMBER, which has
higher annotation qualities.
Implementation Details. For all experiments, the maxi-
mum number of newly generated tokens is set to 512. Fol-
lowing prior mainstream studies on CD [32, 76], we adapt
α = 1.0 and β = 0.1. See Appendix C.3 and C.4 for details
on CCT construction and more hyperparameters.

6.1. Detection
Metrics. Inspired by [66], we adapt AUROC (Area Under
the ROC Curve) and TPR@5%FPR (the True Positive Rate
at 5% False Positive Rate) as our primary metrics for hal-
lucination detection. AUROC quantifies the model’s over-
all discriminative ability across all classification thresholds,
while TPR@5%FPR is suitable for scenarios with strict re-
quirements on the false positive rate. We also report the F1
Score and Accuracy at the threshold that maximizes the F1.
Baseline Methods. For each generated object os,i, we first
employ PoScore [97] as a basic metric. We also propose
two uncertainty-based metrics: Top Logit and Logits’ En-
tropy. The Top Logit is the maximum value of the logits
when generating os,i, while Logits’ Entropy refers to the
entropy of the logits at that moment. Additionally, we em-
ploy an Attention-based metric called the Image Attention
Ratio, defined as the ratio of the model’s attention score on
the image to its total attention score when generating os,i.
Results. The quantitative results of hallucination detec-
tion are presented in Table 1. As shown, our approach
demonstrates significant improvements across all evalua-
tion settings. For IG, in terms of the AUROC metric, our
method outperforms the best baseline PoScore by 5%–12%.
This indicates that our method enhances performance across
the entire classification curve. Considering that our IG
method originates from within the model, this indicates that
the model indeed exhibits significant similar attention pat-
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Decoding Method LLaVA v1.5 7B [47]
CS↓ CI↓ Prec. Recall F1 Len

Greedy
ICD [76] 51.4 14.7 73.4 81.0 77.0 102.1
CODE [31] 50.0 13.7 75.8 76.9 76.4 88.3

Vanilla 52.2 14.6 73.7 80.3 76.9 100.8
Ours 41.6 11.9 78.7 80.1 79.4 100.0

10.6 ↓ 2.7 ↓ 5.0 ↑ 0.2 ↓ 2.5 ↑

Nucleus

VCD [32] 58.2 16.9 70.8 78.8 74.6 103.2
ICD [76] 55.0 16.5 70.9 77.9 74.2 102.1
CODE 54.2 16.4 72.3 76.2 74.2 91.6

Vanilla 58.6 18.8 68.1 76.4 72.0 105.2
Ours 48.6 14.5 74.6 77.7 76.1 100.9

10.0 ↓ 4.3 ↓ 6.5 ↑ 1.3 ↓ 4.1 ↑

Beam Search
OPERA [25] 53.6 15.7 72.4 77.6 74.9 98.8

Vanilla 55.6 15.8 72.8 81.0 76.7 104.2
Ours 45.2 12.1 78.9 81.2 80.0 101.8

10.4 ↓ 3.7 ↓ 6.1 ↑ 0.2 ↓ 3.3 ↑

Table 2. Results on CHAIR. Lower CHAIRS , CHAIRI , and
higher precision, recall and F1 indicate fewer hallucinations. The
best performances within each setting are bolded.

tern in certain hallucination scenarios. Additionally, for
TPR@5%FPR, our method improves by at least 10% com-
pared to the baselines. This highlights the substantial poten-
tial of the EE metric in inducing hallucinations. Given that
MiniGPT 4 is trained only on the image interface, its abil-
ity to follow instructions is relatively limited, which may
account for the lack of improvement in the EE metric.

We also visualized the qualitative results of hallucina-
tion positions distribution detected by our method, with the
overall distribution of hallucination positions, as shown in
Fig. 6. It demonstrates that our method accurately cap-
tures the hallucination distribution, closely aligning with the
overall pattern observed in captions. This further indicates
that although we claim that our method is designed for long-
text scenarios, its effectiveness is not merely dependent on
the length of the generated text. Instead, our approach effec-
tively captures an intrinsic mechanism underlying LVLM
hallucinations, which is beyond text length. Therefore, our
study not only validates the applicability of our method but
also provides a new perspective for understanding the for-
mation mechanism of LVLM hallucinations.

6.2. Suppression
Metrics. CHAIR [57] is commonly used to quantify hallu-
cinations in model-generated captions based on COCO. Be-
sides CHAIR, we also report several classic metrics, includ-
ing Precision, Recall, F1, and the average length of the cap-
tions. For AMBER [72], following the approach outlined in
their paper, we report CHAIR, Cover, Hal, and Cog. As we
primarily focus on long context scenarios, we conduct full
evaluations only on its generative subset and reported the
results accordingly. We also conduct experiments on POPE
and GPT-4o, please refer to the Appendix D.2 and D.4.
Baseline Methods. We compare our HalTrapper with
VCD [32], ICD [76], CODE [31], and OPERA [25].
CHAIR Evaluation. As shown in Tables 2 and 3. HalTrap-
per significantly reduces CHAIR while maintaining Recall

Decoding Method MiniGPT 4 [98] Qwen VL Chat [3]
CS↓ CI↓ Prec. CS↓ CI↓ Prec.

Greedy
Vanilla 39.6 14.7 76.6 43.4 13.5 75.8
ICD [76] 42.6 14.7 76.3 50.4 14.4 73.7
CODE [31] 32.8 13.6 81.2 40.4 12.5 78.9
Ours 28.6 10.7 83.1 38.6 10.2 80.9

Nucleus
Vanilla 37.2 14.6 77.1 44.8 13.6 76.3
VCD [32] 39.6 14.9 76.6 47.4 14.1 74.3
ICD 41.4 14.9 76.1 52.6 15.0 73.0
CODE [31] 36.6 14.0 79.5 43.6 14.5 75.4
Ours 29.0 11.5 82.1 42.4 11.3 79.3

Beam Search
Vanilla 38.8 13.8 78.0 41.4 11.6 79.0
OPERA [25] 43.0 14.9 75.8 42.8 12.5 76.9
Ours 37.6 13.7 78.3 34.2 9.7 82.7

Table 3. More results on CHAIR with MiniGPT-4 and Qwen VL.

Model / Method CHAIR↓ Cover↑ Hal↓ Cog↓
LLaVA v1.5 7B [47] 11.2 50.2 47.9 4.6
+ VCD [32] 8.9 51.2 38.1 4.4
+ ICD [76] 8.6 51.1 37.3 3.9
+ CODE [31] 9.0 51.1 39.5 4.3
+ Ours 8.0 (3.2↓) 51.5 (1.3↑) 36.3 (11.6↓) 3.8 (0.8↓)

Qwen2 VL [75] 6.6 71.8 50.3 4.6
+ VCD 7.3 70.6 53.2 4.6
+ ICD 8.2 74.9 74.9 9.1
+ CODE 7.6 71.6 56.3 5.1
+ Ours 5.6 (1.0↓) 70.9 46.1 (4.2↓) 3.8 (0.8↓)

Janus Pro 7B [11] 6.3 65.6 37.5 2.0
+ VCD 5.5 66.2 32.5 2.1
+ ICD 6.1 67.1 36.3 2.5
+ CODE 6.0 65.3 33.6 1.6
+ Ours 5.4 (0.9↓) 66.5 (0.9↑) 32.7 (4.8↓) 1.8 (0.2↓)

Table 4. Results on AMBER [73] generative task. ↓ indicates
lower is better.

with minimal negative impact. Across all experiments on
CHAIRS and CHAIRI , HalTrapper achieves significant im-
provements. Notably, in Table 2, our approach consistently
improves CHAIRS by over 10% and CHAIRI by 2.5%.
This demonstrates that the hallucination candidates identi-
fied by our IG and EE metrics are of high quality, enabling
the inclusion of a large number of hallucinated objects while
minimizing the presence of non-hallucinated ones. This, in
turn, provides validation of the effectiveness of our IG and
EE metrics in detecting hallucinations, further highlighting
the universality and practical significance of our findings.
AMBER Evaluation. As shown in the Table 4, HalTrap-
per continues to demonstrate performance improvements on
latest models. Ablation Study. See Appendix D.1 for more
details on the ablation study.

7. Conclusion
In this paper, we propose a novel method for eliminating
hallucinations in Large Vision-Language Models through
two mechanisms: external spatial expansion and internal vi-
sual grounding. Our HalTrapper introduces a simple, zero-
shot hallucination detection and suppression technique that
achieves significant improvements across all benchmarks,
with no additional training required. Our approach consis-
tently delivers substantial improvements across all bench-
marks, validating its effectiveness.
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