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Abstract

Despite their remarkable potential, Large Vision-Language
Models (LVLMs) still face challenges with object halluci-
nation, a problem where their generated outputs mistak-
enly incorporate objects that do not actually exist. Al-
though most works focus on addressing this issue within
the language-model backbone, our work shifts the focus
to the image input source, investigating how specific im-
age tokens contribute to hallucinations. Our analysis re-
veals a striking finding: a small subset of image tokens with
high attention scores are the primary drivers of object hal-
lucination. By removing these hallucinatory image tokens
(only 1.5% of all image tokens), the issue can be effectively
mitigated. This finding holds consistently across different
models and datasets. Building on this insight, we intro-
duce EAZY, a novel, training-free method that automat-
ically identifies and Eliminate hAllucinations by Zeroing
out hallucinatorY image tokens. We utilize EAZY for un-
supervised object hallucination detection, achieving 15%
improvement compared to previous methods. Additionally,
EAZY demonstrates remarkable effectiveness in mitigating
hallucinations while preserving model utility and seam-
lessly adapting to various LVLM architectures.

1. Introduction
Large Vision-Language Models (LVLMs) [4, 18, 20] have
achieved remarkable advancements, seamlessly integrating
visual recognition and language understanding to produce
outputs that are both coherent and contextually aligned. De-
spite these successes, LVLMs face a critical challenge from
hallucination [21]. Hallucination in LVLMs manifests as
generating incorrect responses that either contradict the pro-
vided image input or deviate from user instructions. This

problem not only compromises LVLMs reliability but also
limits their broader applicability in real-world scenarios.
Among the various forms of hallucination, object hallucina-
tion (OH) [28] is particularly prevalent. This occurs when
LVLMs either misidentify objects or incorrectly perceive
hallucinatory objects (HO) as being present in an image.
Addressing this issue is essential to enhance the accuracy
and trustworthiness of LVLMs for practical applications.

Various studies [9, 28, 29] have been conducted to in-
vestigate the underlying causes of OHs in LVLMs. A sig-
nificant portion of existing research attributes this issue to
the biases from the language part. In [14, 16, 36], the
authors argue that statistical biases in the textual training
data are a major contributing factor. These biases include
the long-tailed distribution of object occurrence frequen-
cies [16] and the co-occurrence relationships between dif-
ferent objects [28, 36]. Some other works [13, 14, 31]
believe that prior knowledge from the powerful language
model overrides input information, resulting in various hal-
lucinations. Consequently, these studies employ contrastive
decoding [15], which achieves decoding correction by com-
paring token probability distributions before and after mod-
ification to image input. Another line of research noticed
that the language model pays less attention to the image to-
kens but more to the most recent text token during the gen-
eration process therefore applying generation backtrack-
ing [10, 32]. While these pioneering efforts have provided
valuable insights into the causes of visual hallucinations, a
key question remains: How does visual input influence the
generation of visual hallucinations? This study aims to ex-
plore this critical aspect in depth to better understand hallu-
cination phenomena from the vision perspective.

To address this gap, we investigated how LVLMs pro-
cess visual inputs and how this contributes to visual OHs.
Although using the distribution of attention weights to in-
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The image showcases a fruit stand at a grocery store, featuring a variety of fruits on display. 
There are several bunches of bananas, with some placed in the foreground and others in the 
background. A large number of apples are also present, with some located near the top left 
corner of the image and others scattered throughout the scene.
In addition to the bananas and apples, there are also a few oranges visible in the middle of the 
scene. The fruit stand is well-stocked, offering a diverse selection of fresh produce for 
customers to choose from.

The image showcases a fruit stand at a grocery store, featuring a variety of bananas and kiwis. 
There are several bunches of bananas displayed in different sections of the stand, with some 
placed higher and others lower. The bananas are arranged in various orientations, creating an 
appealing and colorful display.
In addition to the bananas, there are multiple kiwis on display, with some placed in the middle 
and others towards the top of the stand. The fruit stand is well-stocked, offering a wide 
selection of fresh produce for customers to choose from.

Please describe the image in detail.

Regular Decoding

Zero-out Hallucinatory Image Tokens

Zero-Out Image Region

Text Hallucinated Objects

Text Ground-Truth Objects

LLaVA-1.5

LLaVA-1.5

User

Figure 1. Removing three image tokens results in the elimination of the hallucinated objects, "apples" and "oranges", and reveals the real
object "kiwis".

terpret visual token contributions is a straightforward ap-
proach [8, 24, 33], many layers exhibit noisy attention pat-
terns with no clear correlation between generated object-
related tokens and specific image regions. Through a com-
prehensive analysis of different layers, as shown in Figure 3,
we found that LLaVA and similar models predominantly ex-
tract object information in their middle-to-late layers. For
example, in LLaVA-1.5 (7b), a 32-layer transformer model,
we reveal that in the middle layers, such as Layer 15, the
generated object tokens assign a large proportion of their at-
tention weights to their visual grounding regions, as shown
in Figure 2. This phenomenon effectively links generated
object-related tokens to precise regions in the input image
and is notably absent in the earlier and final layers. This in-
sight allows us to pinpoint where the model “looks” in the
input image while generating text tokens.

Equipped with this analytical tool, we found that real ob-
jects tend to focus their attention on their corresponding im-
age anchor regions. In contrast, hallucinatory objects, lack-
ing a true image anchor, concentrate their attention on vi-
sually related regions. For example, a nonexistent baseball
glove could focus its attention on the baseball in the im-
age. This finding highlights the critical role of visual bias
in generating object hallucinations. When the image anchor
of a real object is masked, the model fails to recognize the
object. Inspired by this, we apply a zero-out operation to
the top-K image tokens with the highest attention scores
for hallucinated objects, replacing them with zero embed-
dings. Surprisingly, these hallucinated objects disappear
from the new response. We further identified certain image
tokens among the top-K zeroed-out tokens—termed Hal-
lucinatory Image Tokens (HITs)—that play a key role in
generating object hallucinations. As shown in Figure 1, the

hallucinated object could be eliminated by removing even
two or three HITs. In contrast, we found that real objects
remain largely unaffected by the zero-out operation. This
distinction shows a promising way to both detect and miti-
gate object hallucination.

To evaluate the generalizability of this finding, we cu-
rated a dataset of hallucination cases and applied the top-K
candidate HITs zero-out operation. The results show that
we can successfully reduce most OHs while preserving ac-
curate predictions for real objects. We extended these find-
ings and proposed a novel method, EAZY, which can detect
and Eliminate object hAllucination by Zeroing-out halluci-
natorY image tokens. EAZY first identifies hallucinated ob-
jects in the generated text by removing object-specific top-
K candidate HITs, with a detection rate up to 80%. After
the hallucination detection stage, the EAZY will rectify the
generated response by zeroing out the aggregated HIT can-
didates from all the detected HOs. Our experiment results
show that EAZY surpassed the performance of state-of-the-
art (SOTA) training-free methods.

Our contributions can be summarized as below:

• We show that the LVLMs extract object-related informa-
tion from the visual input in the early middle to late mid-
dle layers. This relationship builds strong connections be-
tween visual regions and generated object tokens, allow-
ing object localization via attention distribution.

• We discovered an interesting and significant phe-
nomenon: Most HOs generated by LVLMs are directly
linked to only a subset of image tokens receiving high at-
tention scores. By zeroing out these hallucinatory image
tokens, the associated HOs can be eliminated.

• By further validation of the HITs phenomenon, we found
that zeroing out top-K candidate HITs not only removes
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the majority of HOs but has minimal impact on real ob-
jects. We propose to use the HITs phenomenon for OH
detection, achieving nearly 80% accuracy and precision
for both real and hallucinatory objects.

• We propose a method named EAZY for detecting and mit-
igating OH by zeroing out candidate HITs. Our experi-
mental results demonstrate that the proposed method can
adapt to various LVLMs and outperforms state-of-the-art
baseline approaches across most evaluation metrics.

2. Connecting Generated Object Token with
Its Image Anchor via Attention

We consider LVLMs represented by LLaVA[20], with a
model architecture consisting of a vision encoder, a vision-
text connecting module, and a transformer-based large lan-
guage model as the text decoder. An input image I is first
divided into N fixed-size patches and then processed by ViT
fV and a linear projector or MLP into a sequence of image
tokens. For LLaVA-1.5, a single image will be mapped as
576 image tokens for the LLM decoder.

Given an input sequence x = (x0, x1, . . . , xM+N−1),
the text decoder p(xt|x<t) = fT (x<t|θ) gives the proba-
bility distribution of next token over the vocabulary space.
Here, M is the text token number; θ are the model parame-
ters; x<t is the input sequence that contains the tokens prior
to the t-th token xt. The complete generated token sequence
xoutput is obtained via FT (x|θ). We denote xV as input im-
age tokens and xT as the input text tokens.

For a token xi, its representation hl
i ∈ Rdm at the layer

l of the text decoder is updated through multi-head self-
attention (MHSA) and feed-forward(FF) sublayers with
residual connection. Specifically, for the MHSA sublayer
with H heads, each head applies self-attention as:

Attention(Q,K, V ) = softmax(
QKT

√
dh

+M)V (1)

Here Q,K, V ∈ Rn×dk are the query, key, and value ma-
trices linearly projected from the input; M ∈ Rn×n is the
casual mask. We utilize the average softmax output of the
self-attention al = softmax(QKT

√
dh

+ M) as the attention
scores at layer l. We denote the casual self-attention scores
from the token xi to xj at layer l as alij .

2.1. Evaluating Object Localization Performance
among Model Layers.

Understanding how LVLMs process visual input is still in
its early stages. Recent studies [8, 33] have preliminarily
revealed that models such as LLaVA assign a higher propor-
tion of attention weights over the image tokens in their mid-
dle to late layers. However, these analyses fail to identify a
clear dependency between the generated object-related to-
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Figure 2. Average OL-VAR over 500 randomly selected
MSCOCO images of LLaVA-1.5(left) and LLaVA-Next(right).
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Figure 3. The token-wise attention heatmap of layer 32 and 15
from the LLaVA model. The attention distribution in layer 15 il-
lustrates the connection between the generated object tokens and
image tokens, indicating the model extracts object information
from the image at the middle layers.

kens and specific image regions within the cluttered, layer-
by-layer attention distributions.

To explore where the model establishes connections be-
tween the generated object text tokens and their correspond-
ing image regions, i.e., image anchors, we evaluated the per-
formance of object localization using token-to-token atten-
tion relationships at each layer. To quantitatively assess the
relationship between generated object tokens and their cor-
responding image regions, we introduced a new metric, the
Object Localization Visual Attention Ratio (OL-VAR), to
represent the ratio of attention scores over the object bound-
ing box region to all the image tokens by generated object
token xi in layer l:

OL-VARl
i =

∑
xk∈xVO

alik∑
xj∈xV

alij
. (2)

Here, xV represents the set of all the image tokens and xVO

is the set of image tokens contained in the ground truth
bounding box of the target object O. We randomly se-
lected 500 MSCOCO images containing annotated objects
and their corresponding bounding boxes and show their av-
erage OL-VAR over each layer of LLaVA-1.5 and LLaVA-
Next in Figure 2. It can be seen that the model assigns more
than 55% of the visual attention weights on the anchors of
the object-related image from layer 10 to 25, where layer
15 obtained the highest score OL-VAR. This result offers a
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new perspective on understanding how LVLMs extract ob-
ject information from visual inputs, revealing that the model
primarily extracts and comprehends object information in
the early-middle to later-middle layers. In addition, it pro-
vides an effective analytical tool for establishing connec-
tions between visual inputs and generated tokens.

We further validated this finding through the visualiza-
tion of attention heatmaps. In Figure 3, we present two rep-
resentative token-wise attention heatmaps of LLaVA-1.5 7b
with 32 transformer layers. The top panel shows the at-
tention distribution for Layer 32, while the bottom panel
depicts the distribution for Layer 15, the layer with the
highest OL-VAR on objects. For any given image input,
the attention heatmaps of most layers exhibit patterns sim-
ilar to those of Layer 32. Specifically, the attention scores
from generated tokens to the image tend to concentrate on a
few specific image tokens, forming an attention sink pattern
[34]. In contrast, the attention heatmap of Layer 15 exhibits
a markedly different distribution. The amount of attention
sink pattern is significantly diminished. Instead, multiple
distinct attention spots emerge, connecting the generated
text tokens with various image tokens. This indicates a
more distributed attention mechanism at layer 15, enabling
richer interactions between text and visual elements.

3. Object Hallucination from Image Tokens.
This section presents a new perspective on the causes of
hallucinations. We found that the presence of hallucinated
objects in the generated text is directly correlated with the
few image tokens that receive the highest attention scores.
We illustrate more details about the distribution of text-to-
image token attention in Appendix H.

3.1. Identify Hallucinatory Image Tokens
We begin with a case study where the model is prompted
to describe an image of “a fruit stand with bananas and
kiwis", as shown in Figure 1. The discovery in Section 2
provides a tool for connecting generated object tokens with
their visual grounding. Erasing the image anchor region of
a real object prevents the model from recognizing its pres-
ence. Inspired by this, we selected the top five image tokens
that received the highest attention scores for the hallucina-
tory objects "apple" and "orange" in the original generation
and replaced them with zero embeddings (14 image tokens
from multiple HO tokens). Surprisingly, "apple" and "or-
ange" disappeared, while the real object "kiwi" emerged.

Our further analysis aims to identify the smallest set of
image tokens capable of eliminating hallucinations. Ulti-
mately, we identified three key image tokens among the top-
attended tokens, located in the lower part of the ’papaya’
region. Remarkably, zeroing out just these three tokens
achieved the same effect as removing all 14 image tokens
with high attention scores. To further investigate how the
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Figure 4. Logit Lens [25] interpretation of HITs. We display the
top-5 projected words of image tokens related to HOs. The HITs
are interpreted as the hallucinatory objects, "apple" and "orange".

LLM interprets these image tokens, we applied the Logit
Lens [25] technique, which maps the hidden states of im-
age tokens to the LLM’s vocabulary space. In Figure 4, we
show the top-5 projected vocabulary words associated with
several image tokens in the papaya region. Surprisingly,
the three key image tokens are interpreted as "apple" and
"orange" by Logit Lens. This aligned with our initial obser-
vation that certain image tokens are directly associated with
hallucinatory objects because of inherent visual biases. We
define this type of image tokens as the Hallucinatory Im-
age Tokens (HITs)1. In the next section, we demonstrate
that zeroing out the top-K candidate HITs (top-K most at-
tended image tokens by HOs) can universally reduce object
hallucination across different images and contexts.
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Figure 5. Left: Reduction ratio of OHs in Hall-COCO after ze-
roing out HITs. We show the ratio changes of image w/o im-
prov.(ratio of images with the same HOs after zeroing out), image
w OH (images with OH in the response), and HO (Ratio of HOs in
all text responses). Right: The fraction change of real and halluci-
natory objects removed by zeroing out the top-K candidate HITs.

3.2. Quantifying the Impact of Zeroing Out HITs
To further validate that the HITs phenomenon is broadly
applicable, we curated a dataset named Hall-COCO, con-
taining 200 images from MSCOCO dataset [28] that con-
sistently induce object hallucinations identified by human
annotation. We provide more details in Appendix B.

1Logit Lens alone cannot capture all HITs. Interpretability-based meth-
ods for detecting such tokens could offer improved alignment, and we plan
to consider alternate tools to refine this approach in the future.
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We evaluate how zero-out the candidate HITs (top at-
tended image tokens by HO tokens) will impact the number
of object hallucinations in the model’s responses. As pre-
sented in Figure 5 Left, we can see that after zero-outing
the top 5 candidate HITs with the same greedy decoding,
86% of images got improved description with less hallu-
cination. The proportion of images with hallucination de-
creased from 100% to 31.73%. 74.17% of the object hallu-
cination directly disappeared from the updated generation.
This verified that most hallucinatory image tokens are part
of the image tokens that received the most attention weights
from the OH tokens. Removing these top-K candidate hal-
lucinatory image tokens leading to the removal of OH can
be widely applied to different images.

3.3. Real Objects are Robust to Zero-Out
We demonstrate that zeroing out hallucinatory image tokens
significantly reduces the generation of hallucinated object
tokens. This raises an interesting question: What is the ef-
fect of zeroing out high-attention patches for real objects?
To explore this, we evaluate the impact of zeroing out the
top-K HITs on both hallucinated and real objects. Specifi-
cally, we measure the fraction of objects removed by count-
ing how many objects remain in the model response after
removing the top-K image tokens with the highest atten-
tion scores from the corresponding text object token, rel-
ative to the total number of objects. The results, shown in
Figure 5 (Right), reveal that object hallucinations are highly
sensitive to zeroed HITs. For example, when K = 8, ap-
proximately 80% of hallucinated objects were successfully
eliminated, while only a small fraction ( 10%) of real ob-
jects were affected. Notably, the few real objects that were
removed tended to be small or positioned at the periphery of
the image. We provide a failure case study in Appendix I.

4. Detecting and Mitigating Object Hallucina-
tion by HIT Zero-outs

In this section, we introduce our proposed methods, EAZY
(Eliminate object hAllucination by Zero-out hallucinatorY
image tokens), an automatic approach to detect and mitigate
object hallucinations in LVLMs.

4.1. Object Hallucination Detection
Our results in Section 2 and 3 indicate that removing the
top-K candidate HITs from consideration effectively elim-
inates HOs in the revised model output, while largely pre-
serving the integrity of real objects. Leveraging this dif-
ferentiation between genuine and HO tokens, we suggest
identifying OH by discarding the top-K candidate HITs.

Given an image input I and its corresponding input to-
ken sequence xI , the text decoder produces G generated
tokens xoutput = {xM+N , . . . , xM+N+G−1}. We then uti-
lize pre-built NLP techniques such as POS tagging and de-

Algorithm 1 EAZY
Require: input tokens xinput, text decoder FT , attention

scores aij , top-K threshold K, input image I
Ensure: Mitigated response xoutput

1: Compute initial response: xoutput ← FT (xinput | θ)
2: Extract object tokens: xobj ← xoutput

3: Identify top-K attended image tokens for all objects:

Zestimate
I =

⋃
xi∈xobj

arg topK({aij | xj ∈ xobj})

4: Zero-out all hallucinated tokens: xZestimate
I

input ← xI with
Zestimate

I replaced by 0dm

5: Generate updated response: xHIT
output = FT (x

ZI
input | θ)

6: Identify hallucinated objects: xHO
obj = {xi ∈ xobj |

xi /∈ xHIT
output}

7: Final zero-out of hallucinated tokens:

Zfinal
I =

⋃
xi∈xhalluc

arg topK({aij | xj ∈ xI})

8: Generate final response: xEAZYoutput = FT (x
Zfinal

I
input | θ)

return xEAZYoutput

pendency parsing [2] to extract object tokens in the gener-
ated response xoutput, resulting in a subset xobj . For any
xi ∈ xobj , let aij represent the attention score of xi on an
image token xj . The zero-out token set zi is defined as

zi = {xj ∈ xI | j ∈ arg topK ({aij | xj ∈ xI})} , (3)

where arg topK selects the indices of the K largest atten-
tion scores {aij | xj ∈ xI}. We modify the image input by
applying zero-out based on zi,

xzi
input = {xj ← 0dm

| xj ∈ zi} . (4)

Here, xzi

input indicates the input sequence with the tokens
in zi replaced by zeroing embedding 0dm

∈ Rdm . We
check the updated generation result xi

output by text decoder
xi
output = FT (x

zi

input | θ). If xi /∈ xi
output, EAZY classifies xi

as an object hallucination, and a real object otherwise.

4.2. Mitigating Object Hallucination
As shown in Figure 6, the mitigation application of EAZY
starts from an initial inference without intervention. Fol-
lowing a similar process as the detection application, the
object tokens xobj are extracted from the initial response.
We then group the top-K candidate HITs Zestimate

I for all
objects xi ∈ xobj and apply zero-out to the image tokens ac-
cordingly. The model then performs inference for HITs es-
timation after zeroing out the corresponding image tokens.
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The image showcases a 
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The image showcases a 
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Figure 6. Overview of the proposed EAZY method. The process starts with an image input encoded into image tokens. The LVLM
generates an initial response with hallucinated objects (apples, oranges). EAZY estimates HITs via text-to-image token-wise attention
distribution. With HITs zeroed out, the final response has the hallucinations disappeared, revealing correct objects (kiwis).

EAZY identifies objects that disappear in the new response
as hallucinatory object tokens xHO

obj .
We collect all the top-K candidate HIT sets of the HO

tokens detected from the previous HIT estimate stage. We
take the union set of all the candidate HITs sets to obtain
the final zero-out token list Zfinal

I , which is defined as

Zfinal
I =

⋃
xi∈xobj

zi where xi ∈ xHO
obj . (5)

The model then utilizes the final zero-out token list Zfinal
I

to replace all the candidate hallucinatory image tokens by
zero embedding for the final generation:

xEAZYoutput = FT (x
Zfinal

I
input | θ). (6)

5. Experiment
In this section, we conduct experiments on multiple datasets
and metrics to validate the superior performance of EAZY in
detecting and mitigating hallucinated objects (HOs).

5.1. Experiment Setting
5.1.1. OH Mitigation Setting
Model.We choose the LLaVA-1.5 [18], Shikra [3] at 7B
scale and LLaVA-Next [19] at 8B scale for evaluation of
OH mitigation. We set the maximum number of generated
tokens as 512 in our setting. Please refer to Appendix C.1
for more model details.
Baseline. We compare our method EAZY with six training-
free methods including three LLM decoding strategies,
greedy and beam search and Dola [5], as well as three state-
of-the-art hallucination mitigation methods for LVLM,
VCD [14], OPERA [10] and SID [11]. We adopt greedy de-
coding for Dola, SID and EAZY. We set the beam number
as 5 and apply sampling for VCD and OPERA. We provide
more implementation details in Appendix C.3.
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Figure 7. Object Hallucination Detection Curves on Hall-
COCO. We present the Precision-Recall and ROC curves of the
proposed OH detection method and baselines.

5.1.2. OH Detection Setting

Baselines. We chose two state-of-the-art training-free OH
detection methods as baselines to compare our method on
Hall-COCO. Uncertainty (UT) [36] found that HOs often
exhibit higher uncertainty scores during generation. In-
ternal Confidence (IC) [12] found the maximum logit lens
probability can be utilized for OH detection.

Model and Benchmark. We evaluate different OH de-
tection methods on the LLaVA-1.5 7B model with greedy
decoding. The maximum length of the generation is 512
tokens. We use Hall-COCO as the benchmark for the
open-end image description task. Each image has human-
annotated real and hallucinatory objects.

Metric. We follow [12] to treat the OH detection as a binary
classification task, where real objects are the positive class
and HOs as the negative. We use accuracy (Acc), precision
(PR), recall, and F1 score as the evaluation metrics.

21640



Method LLaVA-1.5 Shikra LLaVA-NEXT

CHAIRS ↓ CHAIRI ↓ CHAIRS ↓ CHAIRI ↓ CHAIRS ↓ CHAIRI ↓

Greedy 49.6 14.4 55.8 15.4 32.8 9.1
Beam Search 46.3 12.9 50.4 13.3 33.0 9.2
Dola 47.1 13.8 55.4 15.7 31.3 9.0
VCD 49.2 14.8 56.4 15.5 32.8 8.9
OPERA 45.4 12.7 46.2 13.1 34.0 8.7
SID 44.2 12.2 44.8 12.8 32.8 8.3
EAZY 38.8 11.4 26.6 8.9 26.8 8.3

Table 1. Evaluation Results with CHAIR. The lower, the better.

Method LLaVA-1.5 Shikra LLaVA-NEXT

Acc ↑ F1 ↑ Acc ↑ F1 ↑ Acc ↑ F1 ↑

Greedy 81.38 82.20 80.87 81.05 83.78 82.24
Beam Search 84.66 84.60 80.48 81.81 83.77 81.69
Dola 84.06 84.62 80.71 81.19 84.53 84.77
VCD 84.66 84.52 79.87 81.06 83.37 83.95
OPERA 84.88 85.21 79.99 81.48 84.37 84.21
SID 84.82 85.50 80.02 81.23 84.61 85.32
EAZY 84.97 85.78 80.96 82.38 84.91 85.40

Table 2. Evaluation Result on POPE. We take the average accuracy and F1 score of random, popular, and adversarial models.

Metric UT IC EAZY

Acc 50.57 62.56 78.77
PR(RO) 53.60 61.93 78.41
PR(OH) 42.77 64.16 79.25
Recall 70.62 81.60 83.38

F1 60.95 70.42 80.82

Table 3. OH Detection Results on Hall-COCO. PR(RO) rep-
resents the precision of real objects (positive instances), while
PR(OH) represents the precision of object hallucination (negative
instances). UT [36] is the uncertainty detection method. IC [12]
is the internal confidence method.

5.2. Evaluation

5.2.1. Evaluation Result on OH Mitigation

We adopt CHAIR [28] and POPE [16] as quantitative met-
rics to compare the hallucination mitigation performance
between the proposed EAZY and baseline methods. We pro-
vide detailed descriptions of both metrics in Appendix C.2.
For the CHAIR result in Table 1, we follow [6, 8, 10, 11] to
evaluate different LVLMs with 500 randomly selected im-
ages from MSCOCO [17] with the fixed prompt: “Please
describe this image in detail.". The proposed method EAZY
surpasses the baselines by a large margin for three different
LVLMs, validating the effectiveness of EAZY in open-end
generation tasks. We show the average evaluation results on

POPE in Table 2, which comprises three datasets. EAZY at-
tains the best average performance in random, popular, and
adversarial sampling settings, outperforming all other meth-
ods. It can be observed that, under the POPE metric, the
advantage of EAZY is not as pronounced as in the CHAIR
results. We attribute this to the binary Yes-or-No question
format of POPE, which may lead to generated content that
does not include object tokens. Furthermore, the prompt “Is
there an object in the image?" already contains the object
name, potentially impacting models’ attention distribution.

5.2.2. Evaluation Result on OH Detection
We present the quantitative results of OH detection on
LLaVA-1.5 in Table 3 and Figure 7. We find that EAZY
improves the accuracy 16.21%, 16.48% in the precision of
real objects, and 15.09% in the precision of HOs, compared
to the best baseline. In addition, EAZY improves the ROC
AUC by 8.60% and the PR AUC by 9.37% over the base-
line. This indicates the superior performance of EAZY on
OH detection with a good balance of precision on both real
and hallucinatory objects. We provide additional results for
LLaVA-Next and Shikra models in Appendix C.5.

5.3. Evaluation on MLLM benchmarks.
We evaluate EAZY on on two popular MLLM benchmark,
MME [7] and MMBench [23]. Based on the result in Ta-
ble 4, we can see EAZY maintains the MLLM’s general ca-
pability on both benchmarks.
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Table 4. MME & MMBench result of LLaVA-1.5-7b

Method Greedy Dola VCD OPERA SID EAZY

MME 1510.7 1480.1 1488.7 1515.4 1520.2 1496.2
MMBench 64.3 63.8 63.9 64.4 65.1 64.1

5.4. Ablation Study
Impact of K value selection. The choice of the value
K is critical to the mitigation performance of EAZY. In
Figure 8, we show the impact of different values K for
the LLaVA-1.5 and Shikra models on the CHAIR metric.
We use the Greedy decoding performance as the reference
line. It can be seen that LLaVA-1.5 achieves the best per-
formance when K = 5 and Shikra is on K = 3.
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Figure 8. CHAIR evaluation results as a function of K on LLaVA-
1.5 (left) and Shikra (right).

Position CHAIRS ↓ CHAIRI ↓
Input Token 38.8 11.4
ViT Output 40.4 11.8

Image Patches 39.0 11.4

Table 5. Evaluation Result of Different Zero-Out Positions on
CHAIR.

Impact of Zero-Out Position in the Pipeline. In EAZY,
we apply the zero-out of image tokens in the LLM input
space, i.e., replace the target image tokens with zero embed-
dings. To transform the original image into image tokens,
the LVLMs first utilize the ViT to process the image from
image patches into patch embeddings, then use the linear
projector or MLP to map the patch embeddings into image
tokens. We apply the zero-out operation on three different
positions in the image processing pipeline, including the in-
put token space, the output space of ViT, and the original
image patches. As shown in Table 5, applying the zero-
out operation at different positions on the same set of im-
age tokens (or patch embeddings) effectively mitigates ob-
ject hallucination in the model response. This suggests that
the visual biases introduced by hallucinatory image tokens
originate directly from the image itself and are not strongly
associated with modules such as ViT or Linear Projector.

Methods Image w/o OH Removed OH

Zero-Out 68.27% 74.17%
Average 55.17% 66.67%
Random 58.56% 63.33%
Neighbor 55.17% 61.25%

Table 6. Evaluation Result of Top-K Image Token Processing
Strategies on Hall-COCO.

Impact of Image Token Processing Strategies. We ex-
plored how the different processing methods for the top-
K image tokens impact the removal of object hallucination
(OH). In Table 6, we show the performance of four different
processing strategies on the collected Hall-COCO dataset
when K = 5. The zero-out method, which is used in EAZY,
replaces the embeddings of the top-K candidate HITs with
zero embeddings. The average method replaces the top-K
most attended image token embeddings with the average
embedding of all the image tokens. The random method re-
places the token embeddings of top-K candidate HITs with
a randomly selected image token embedding. The neigh-
bor method replaces the top-K candidate HITs embeddings
with one of their neighbor image tokens adjunct to the tar-
get image token. Overall, our zero-out performs better in
the percentage of images with fewer object hallucinations,
images without object hallucinations, and removed object
hallucinations compared to alternative strategies.

6. Conclusion
In this paper, we identify a new cause of object hallucination
from the perspective of visual bias—Hallucinatory Image
Tokens. A small number of image tokens with high atten-
tion scores are directly correlated with the presence of hallu-
cinated objects in the generated text. Replacing these HITs
with zero embeddings effectively removes hallucinated ob-
jects while minimally affecting real objects. Based on this
finding, we propose EAZY, a training-free method for au-
tomatically detecting and mitigating object hallucinations.
Through extensive experiments, we demonstrate the supe-
rior performance of EAZY in both hallucination detection
and mitigation. We provide more discussion and visualiza-
tion results in Appendix J and K.
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