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Abstract

Recent advances in Large Vision-Language Models (LVLMs) have led to
impressive performance across a wide range of multimodal tasks. However,
their tendency to produce hallucinated responses—text that is inconsistent
with the visual input—poses a significant challenge to their reliability and
real-world applicability. In this thesis, we investigate two training-free
approaches for mitigating hallucinations during the decoding process.
First, we propose Self-Correcting Decoding with Generative Feedback
(DeGF), which leverages the inverse nature of text-to-image generation to
detect and correct hallucinations. By synthesizing an auxiliary image from
the model’s initial textual response, DeGF provides visual self-feedback to
verify and revise hallucinated outputs via contrastive or complementary
decoding. Second, we introduce ONLY, a highly efficient decoding method
that requires only a single query and a lightweight one-layer intervention.
By selectively amplifying textual signal based on a text-to-visual entropy
ratio, ONLY improves response reliability while maintaining real-time
efficiency with minimal computational overhead. Extensive experiments
across multiple hallucination benchmarks demonstrate that both DeGF
and ONLY significantly outperform existing methods, offering practical
and effective solutions for enhancing the trustworthiness of LVLMs in
real-world applications.
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Chapter 1

Introduction

Large Vision-Language Models (LVLMs) have rapidly advanced the capabilities of
multimodal AI, demonstrating strong performance in tasks such as image captioning,
visual question answering, and instruction following. Despite this progress, a funda-
mental challenge remains: hallucination, where the generated textual output does not
faithfully reflect the visual input. These hallucinations undermine the reliability and
trustworthiness of LVLMs, particularly in safety-critical or interactive applications.
To address this issue, we propose two novel and training-free approaches in this
thesis: Self-Correcting Decoding with Generative Feedback (DeGF) and One-Layer
Intervention (ONLY).

DeGF is based on an intuitive yet powerful hypothesis—the process of generating
an image from text can serve as a mirror to validate and refine the original text.
Specifically, DeGF takes the initial response generated by an LVLM, feeds it into a
pre-trained text-to-image generative model to produce a synthetic image, and then
uses this auxiliary image to guide the LVLM through a second round of decoding. By
comparing the model’s predictions conditioned on the original and generated images,
DeGF can identify and correct hallucinations at both the response and token levels
through complementary and contrastive decoding strategies. DeGF has shown strong
empirical performance, outperforming prior methods across multiple hallucination
benchmarks.

However, DeGF suffers from a critical limitation: computational efficiency. The
method requires generating a high-quality image via a diffusion model and performing
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1. Introduction

three additional LVLM forward passes—one for the initial response and two for
decoding under the original and synthetic images—effectively incurring approximately
4× the inference cost of standard decoding. This computational burden hinders its
practical deployment in latency-sensitive applications, such as interactive assistants
or real-time perception systems.

To address this bottleneck, we introduce ONLY, a training-free approach that
mitigates hallucinations with minimal overhead during decoding. ONLY identifies
attention heads that favor textual over visual information—specifically, those exhibit-
ing a high text-to-visual entropy ratio—to promote textually grounded next-token
predictions. These enhanced predictions are then adaptively combined with the
original output logits via a single-layer intervention, effectively reducing dominant
and irrelevant language biases. Despite its simplicity, ONLY achieves performance
comparable to or better than state-of-the-art methods, while incurring only 1.07×
the inference cost—a fraction of DeGF’s runtime.

With these two methods, we aim to advance the robustness and reliability of Large
Vision-Language Models by addressing hallucinations through novel, training-free
strategies. DeGF leverages generative feedback to refine outputs with high accuracy,
while ONLY offers an efficient solution that reduces hallucinations with minimal
computational overhead. Together, they contribute toward building more trustworthy,
effective, and deployable multimodal systems.
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Chapter 2

Hallucination Mitigation via
Generative Feedback

2.1 Introduction

Large Vision-Language Models (LVLMs) have demonstrated remarkable performance
across various multi-modal tasks, such as image captioning and visual question
answering, by extending the capabilities of powerful Large Language Models (LLMs)
to incorporate visual inputs [2, 15, 31, 37, 58]. Despite their proficiency in interpreting
both visual and textual modalities, these models often suffer from hallucinations,
where LVLMs erroneously produce responses that are inconsistent with the visual
input [21, 33, 55, 59]. This potential for misinformation raises significant concerns,
limiting the models’ reliability and restricting their broader deployment in real-world
scenarios [3, 6, 36, 67].

Recent research has revealed that a major cause of hallucinations in LVLMs is the
over-reliance on language priors due to biased training sets, which can override the
visual content in response generation [3, 29, 36]. In response, various strategies have
been developed to detect and mitigate these hallucinations by directly introducing
additional training [5, 9, 24, 49, 66], demonstrating promising results in reducing
over-reliance. However, the need for additional data and costly training processes
hinders their deployment in downstream tasks. More recently, a new paradigm of
methods has emerged to tackle the hallucination problem in LVLMs by intervening
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2. Hallucination Mitigation via Generative Feedback

in the decoding process [16, 23, 28]. Among these, recent training-free contrastive
decoding-based methods [32] have proven effective in mitigating undesired hallu-
cinations by contrasting token predictions derived from original visual input with
bias-inducing counterparts, such as no/distorted visual input [17, 29], disturbed
instructions [52], or premature layers [13].

While these contrastive decoding-based methods effectively mitigate hallucinations
arising from language priors, we recognize that hallucinations can also originate beyond
language bias, stemming from visual deficiencies in LVLMs [50]. For instance, in
counting hallucinations, language does not imply any count information; instead,
miscounts largely arise from visual recognition errors of LVLMs, as complex scenes
include numerous, similar objects at ambiguous positions which may confuse the
LVLMs, leading to incorrect visual understanding and, consequently, hallucinated
answers. Therefore, we argue that current contrastive decoding-based methods may
struggle to generalize effectively across different types of hallucinations.

In this work, we explore the potential of leveraging powerful text-to-image genera-
tive models (e.g ., Stable Diffusion [41, 44]) to mitigate various types of hallucinations
in LVLMs. Our work is based on a simple yet intuitive hypothesis: Given a visual
input and a textual prompt to an LVLM, if the generated response conditioned on the
original image is accurate and non-hallucinatory, a text-to-image generative model
should be capable of reversing this process to produce a similar image from that
response. Alternatively, if there is a discrepancy between the original image and the
one generated from the response, this difference can serve as valuable self-feedback,
guiding the decoding process to correct potential hallucinations in the initial re-
sponse. To verify this hypothesis, we conduct an empirical study (in Section 2.3.2),
demonstrating that generative models can provide valuable self-feedback for mitigating
hallucinations at both the response and token levels.

Building on this insight, we introduce self-correcting Decoding with Generative
Feedback (DeGF), a novel training-free decoding algorithm that effectively incor-
porates feedback from text-to-image generative models to recursively enhance the
accuracy of LVLM responses. Specifically, for each instance, we generate a new image
based on the initial response, which serves as an auxiliary visual reference to assess
and verify the accuracy of the initial output. We propose self-correcting decoding that
either enhances or contrasts predictions from the original and this reference based
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2. Hallucination Mitigation via Generative Feedback

Figure 2.1: Generative models can visualize and help correct various types
of hallucinations in the initial response. In the first query, we provide LLaVA-
1.5 [37] with the prompt “Describe this image in detail” to produce captions
for two examples from LLaVA-Bench. Based on the initial response, we utilize Stable
Diffusion XL [41] to generate a new image v′, which effectively highlights halluci-
nations and provides valuable self-feedback. In the second query, our approach
incorporates both the original image v and the generated image v′ into the decoding
process, using the feedback to successfully correct various types of hallucinations.

on the auxiliary visual reference, confirming or revising the initial LVLM response
based on the degree of divergence between the two predictions. By integrating this
additional visual reference and generative feedback, LVLMs can gain enhanced visual
insights and verify the initial response to ensure accurate visual details in the text
outputs. In Figure 2.1, we demonstrate that incorporating generative feedback in
our approach can reduce various types of hallucinations, including object existence,
visual appearance, counting, etc. To the best of our knowledge, we are the first work
to explore the use of text-to-image generative feedback as a self-correcting mechanism
for mitigating hallucinations in LVLMs.

The effectiveness of DeGF is evaluated on LLaVA-1.5, InstructBLIP, and Qwen-
VL across six benchmarks: POPE [33], CHAIR [43], MME-Hallucination [18], MM-
Bench [39], MMVP [50], and LLaVA-Bench. Extensive experimental results validate
the effectiveness of our DeGF in mitigating various types of hallucinations in LVLMs.
Qualitative case studies and GPT-4V-aided evaluation on LLaVA-Bench further
demonstrate that our approach enhances both the accuracy and detailedness of the
LVLM responses.

The contributions of this work are summarized as follows:
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• We investigate the potential of text-to-image generative models in mitigating
hallucinations in LVLMs and demonstrate that text-to-image generative models can
provide valuable self-feedback for mitigating hallucinations at both the response
and token levels.

• We propose self-correcting Decoding with Generative Feedback (DeGF), a novel
training-free decoding algorithm for LVLMs that recursively enhances the accuracy
of responses by integrating feedback from text-to-image generative models with
complementary/contrastive decoding.

• Extensive experimental evaluations across six benchmarks demonstrate that our
DeGF consistently outperforms state-of-the-art approaches in effectively mitigating
hallucinations in LVLMs.

2.2 Related Work

Hallucination in LVLMs. With advances of autoregressive LLMs [11, 12, 51],
researchers have extended these powerful models to process visual inputs, leading to
the development of LVLMs [2, 15, 37, 58]. These models typically train a modality
alignment module to project visual tokens into the textual embedding space of the
LLM, demonstrating impressive performance in various multi-modal tasks such as
visual question answering and image captioning [3, 36]. However, LVLMs are prone
to hallucinations, where contradictions arise between the visual content and the
generated textual response [3, 33, 36].

To mitigate hallucinations in LVLMs, early works have introduced various ap-
proaches, including reinforcement learning from human feedback (RLHF) [21, 49],
applying auxiliary supervision [9, 24], incorporating negative [35] or noisy data [62],
and training post-hoc revisors for correction [59, 68]. Despite promising results, these
methods often lack practicality due to their reliance on additional data and costly
training processes. To address this, another line of work focuses on training-free
methods that can be seamlessly integrated into existing LVLMs. Such methods
encompass contrastive decoding [17, 29] and guided decoding with auxiliary informa-
tion [8, 16, 54]. In this work, we present a novel training-free approach that recursively
enhances the accuracy of the LVLM response by incorporating text-to-image genera-
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tive feedback. To the best of our knowledge, we are the first work to effectively utilize
feedback from text-to-image generative models to mitigate hallucinations in LVLMs.

Text-to-Image Synthesis. Text-to-image synthesis aims to create realistic
images from textual descriptions [19, 69]. In recent years, significant progress has
been achieved in this area, largely due to the advent of deep generative models [20, 64].
These advances include Generative Adversarial Networks (GAN) [26, 46], autore-
gressive models [4, 60], and diffusion models [22, 27, 40, 44, 45]. Among these,
diffusion-based methods have been particularly distinguished due to their ability to
generate high-quality, detailed images with fine-grained control over the synthesis
process [14, 57]. Pre-trained on large-scale text-image datasets such as LAION [47],
diffusion-based methods have demonstrated strong vision-language alignment, mak-
ing them valuable for downstream tasks such as classification [30] and semantic
segmentation [1, 53].

More recently, Jiao et al. [25] incorporate text-to-image generative models to
enhance fine-grained image recognition in LVLMs by introducing the Img-Diff dataset,
which generates pairs of similar images using Stable Diffusion XL [41]. Their results
demonstrate that fine-tuning LVLMs with this additional data leads to improved
performance on several VQA tasks. In contrast, in this work, we directly leverage a
pre-trained diffusion model to provide valuable self-feedback for refining the generated
responses of LVLMs in the decoding process, dynamically improving the accuracy
and consistency of the model’s response without modifying the underlying LVLMs.

2.3 Method

In this work, we present DeGF, a novel training-free algorithm that recursively
improves the accuracy of LVLM responses using text-to-image generative feedback,
as illustrated in Figure 2.2.

2.3.1 Preliminary: Decoding of LVLMs

We consider an LVLM parameterized by θ, which processes an input image v and
a textual query x, aiming to autoregressively generate a fluent sequence of textual
responses y. The visual input v is first processed by a vision encoder and then projected
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2. Hallucination Mitigation via Generative Feedback

Figure 2.2: Overview of our proposed DeGF. Our method follows a two-step
process: first, a generative model produces a high-quality image based on the initial
response; second, this image acts as an auxiliary visual reference, providing feedback to
refine the next-token predictions. Additionally, we introduce self-correcting decoding,
which either enhances or contrasts the next-token predictions conditioned on the
original and generated images to mitigate hallucinations in the LVLM response.

into visual tokens within the textual input space using a vision-language alignment
module (e.g ., Q-Former [31] or linear projection [37]). These visual tokens, along
with the textual query tokens, are then fed into the language encoder for conditioned
autoregressive generation. We denote the autoregressive generation process as

yt ∼ pθ(yt|v,x,y<t) ∝ exp fθ(yt|v,x,y<t), (2.1)

where yt represents the token at time step t, y<t ≜ [y0, . . . , yt−1] denotes the sequence
of tokens generated before time step t, and fθ is the logit distribution (unnormalized
log-probabilities) produced by the LVLM over a vocabulary of textual tokens V.
At each step t ∈ [0, . . . , T ], the response token yt is sampled from the probability
distribution pθ(yt|v,x,y<t), and this generative process continues iteratively until the
response sequence y ≜ [y0, . . . , yT ] is complete.

2.3.2 Visual Reference Generation

In our method, we incorporate generative feedback from diffusion models to guide
the decoding process. Specifically, given a visual input v and a textual query x, we
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2. Hallucination Mitigation via Generative Feedback

first prompt the LVLMs to generate an initial response τ , which includes relevant
descriptions of the visual input with potential hallucinations. Subsequently, we
leverage a pre-trained diffusion model G to generate a new image v′ based on the
initial response:

v′ = G(τ , xT ), where xT ∼ N (0, I). (2.2)

Here, xT denotes a sample from the standard Gaussian distribution, which serves as
the initial noisy input to the diffusion model. Starting from this pure noise image xT ,
the diffusion model G iteratively applies T steps of the denoising process to obtain
xT , xT−1, . . . , x0, where the final output x0 corresponds to the final generated image
v′. Through this diffusion process, the generative model visualizes the initial response,
providing a visual reference that helps mitigate potential hallucinations and produce
a more accurate and consistent output.

Effectiveness of Text-to-Image Generative Models in Reflecting Halluci-
nations. We validate the effectiveness of generative models in reflecting hallucinations
through an empirical study, as shown in Figure 2.3.1 The experimental results demon-
strate that text-to-image generative models can provide valuable self-feedback for
mitigating hallucinations at both the response and token levels.

Figure 2.3: Text-to-image generative models
can provide feedback for reflecting hallucina-
tions. (Left) Bar plot of average CHAIRI scores
binned by CLIP similarity (scaled by 100) on the
CHAIR benchmark; (Right) Density plots of token-
level JS divergence for both hallucinatory and non-
hallucinatory tokens on the POPE benchmark.

We conduct the following
two experiments: (1) We gen-
erate an image v′ using diffu-
sion model based on the initial
caption provided by LLaVA-1.5
and compute the CLIP image
similarities between the original
image v and the generated im-
age v′ using OpenCLIP [10] ViT-
H/14 backbone. Following prior
work, we use the CHAIR [43]
benchmark, a rule-based metric
on MS-COCO [34] for evaluat-
ing object hallucination from generated captions. We report the average per-instance

1For Figure 2.3, we evaluate 1,000 CHAIR samples (Left) and 3,000 POPE samples (Right).
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metric CHAIRI within each bin of CLIP similarity, which evaluates the object hal-
lucination rates in the entire initial response. As shown in Figure 2.3 (Left), a clear
negative correlation between hallucination rates and CLIP similarities is observed
(with a correlation coefficient of ρ = −0.63). This indicates that lower similarity
between the original image and generated image corresponds to higher rates of hal-
lucinations at the response level. (2) Similarly, we generate an image v′ based on the
initial response given by LLaVA-1.5 for each instance on the POPE [33] benchmark.
In Figure 2.3 (Right), we present the density plot of Jensen-Shannon (JS) diver-
gence between the predicted probabilities for both images, i.e., pθ(yt|v,x,y<t) and
pθ(yt|v′,x,y<t), for hallucinatory and non-hallucinatory tokens.2 The results show
that the density of JS divergence follows a long-tail distribution, with hallucinatory
tokens exhibiting significantly longer tails and higher JS divergence. This shows JS
divergence between probabilities derived from the original and the generated image
corresponds well to hallucinations at the token level. These observations provide
insights into the effectiveness of generative models in reflecting hallucinations, and
motivate us to incorporate the generative feedback during the decoding process.

2.3.3 Self-Correcting Decoding with Generative Feedback

In this section, we focus on effectively utilizing generative feedback during the decoding
process to mitigate potential hallucinations. Specifically, we propose a self-correcting
decoding approach that leverages generative feedback to confirm or revise the initial
response by selectively enhancing or contrasting the logits for each generated token
based on the measured divergence between the two predicted probability distributions.

Specifically, to predict a specific token yt, we utilize LVLMs to generate two output
distributions, each conditioned on either the original image v or the synthesized visual
reference v′, expressed as:

pθ(yt|v,x,y<t)=Softmax[fθ(yt|v,x,y<t)], pθ(yt|v′,x,y<t)=Softmax[fθ(yt|v′,x,y<t)] .

(2.3)
We define and compute the following distance metric based on Jensen-Shannon (JS)

2Note that POPE benchmark contains yes-or-no questions about object existence. In this
experiment, we evaluate only the first response token (i.e., yes or no) to determine the presence of
hallucinations.
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divergence at each timestep t to quantify the discrepancy between two next-token
probability distributions:

dt(v, v
′) = DJS (pθ (yt|v,x,y<t) ∥ pθ (yt|v′,x,y<t)) ,

where DJS(P ∥ Q) =
1

2
DKL(P ∥M) +

1

2
DKL(Q ∥M), and M =

1

2
(P +Q). (2.4)

Here, DKL represents the Kullback-Leibler (KL) divergence. Note that dt(v, v′) ∈ [0, 1]

is a symmetric metric, providing a fine-grained measure of how closely the two
distributions align as the model predicts each subsequent token.

We consider two scenarios based on the token-level generative feedback: (1) If
the two predictions are aligned and both images agree on a specific token prediction,
we confirm the original prediction as correct, and the auxiliary prediction from
the generated image can be combined with the original prediction for enhancement
(complementary decoding [54]). (2) Conversely, if there is a significant discrepancy
between the predictions, indicating that the original prediction is likely hallucinatory,
we revise the original response by using the generated visual input as a contrasting
reference to refine the initial next-token prediction (contrastive decoding [29]). To
implement this, we introduce a distance threshold γ and develop two corresponding
decoding approaches as follows:

yt ∼ pθ(yt) =


Softmax [fθ(yt|v,x,y<t) + α1 fθ(yt|v′,x,y<t)] , if dt(v, v′) < γ;

Softmax [(1 + α2) fθ(yt|v,x,y<t)− α2 fθ(yt|v′,x,y<t)] , if dt(v, v′) ≥ γ,

(2.5)
where α1 and α2 are hyperparameters that control the influence of the generated
visual reference in the final prediction. Note that setting α1 = 0 or α2 = 0 degrades
this process to regular decoding. The final generated token yt is sampled from the
multinomial distribution with probabilities pθ(yt).

2.4 Experiments

In this section, we evaluate the effectiveness of our method in mitigating hallucinations
in LVLMs across a range of benchmarking scenarios, comparing it with existing state-
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of-the-art approaches.

Evaluated LVLMs. We evaluate the effectiveness of our method on three state-
of-the-art open-source LVLMs: LLaVA-1.5 [38], InstructBLIP [15], and Qwen-VL [2].
Both LLaVA-1.5 and InstructBLIP utilize Vicuna-7B [11] as the language encoder,
which is instruction-tuned from LLaMA [51]. In contrast, Qwen-VL [2] is based on
the Qwen 7B backbone. Specifically, we implement our approach using weights of
the Qwen-VL-Chat model.

Benchmarks. We conduct extensive experiments on six benchmarks: (1)
POPE [33] is a widely used benchmark for assessing object hallucinations in LVLMs,
which tests the models with yes-or-no questions regarding the presence of specific
objects, such as, “Is there a {object} in the image?” (2) CHAIR [43] evalu-
ates object hallucinations in open-ended captioning tasks. It prompts the LVLMs
to describe specific images selected from a random sample of 500 images from the
MSCOCO validation set; (3) MME-Hallucination [18] is a comprehensive bench-
mark for LVLMs consisting of four subsets: existence and count for object-level
hallucinations, and position and color for attribute-level hallucinations; (4) MM-
Bench [39] serves as a comprehensive benchmark designed to assess the multi-modal
understanding capabilities of LVLMs across 20 dimensions; (5) MMVP [50] collects
CLIP-blind pairs and evaluates the fine-grained visual recognition capabilities of
LVLMs. It consists of 150 image pairs, each accompanied by a binary-option question;
(6) LLaVA-Bench provides 24 images featuring complex scenes, memes, paintings,
and sketches, along with 60 challenging questions.

Baselines. As a simple baseline, we include results from regular decoding, where
the next token is sampled directly from the post-softmax probability distribution.
Additionally, we compare the performance of our method with three state-of-the-art
decoding approaches: VCD [29], M3ID [17], and RITUAL [54]. For evaluations
on the CHAIR [43] and MME-Hallucination [18] benchmark, we further include
comparisons with Woodpecker [59], HALC [8], DoLa [13] and OPERA [23]. We
report the performance of these baselines based on our re-implementation using their
released code bases.

Implementation Details. In our experiments, we adhere to the default query
format for the input data used in both LLaVA-1.5 [38] and InstructBLIP [15]. Ad-
ditionally, we set α1 = 3, α2 = 1, and γ = 0.1 by default in our decoding process.
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We follow VCD [29] to implement adaptive plausibility constraints [32], where we set
β = 0.1 in open-ended CHAIR benchmark and β = 0.25 for other tasks. To ensure
the reliability of our results, we conduct MME experiments three times with different
initialization seeds and report the mean accuracy along with the standard deviation.
All experiments are conducted on a single 48GB NVIDIA RTX 6000 Ada GPU.

2.4.1 Results and Discussions

Results on POPE. In Table 2.1, we compare the performance of our method against
other baselines on the POPE benchmark under three different negative sampling
settings, across three datasets. As shown in the table, our method consistently outper-
forms other decoding methods on three LVLMs, achieving state-of-the-art accuracies
across all settings, with improvements of up to 5.24% in accuracy, 6.33% in precision,
and 2.79% in F1 score compared to the second-best approach. This suggests that
incorporating a generative reference enables the LVLMs to perceive more fine-grained
visual details, thereby effectively addressing object hallucinations. Moreover, while
most decoding methods tend to be overconfident in their responses, the self-correcting
decoding mechanism in our method makes it more conservative in responding Yes,
as evidenced by significantly higher precision across all settings. This highlights its
enhanced performance in filtering out false positives and suppressing misinformation.

Another notable finding is that our method shows significantly improved per-
formance in the popular and adversarial settings, which are more challenging than
the random setting. In the popular and adversarial settings, non-existent negative
objects frequently appear and co-occur with other objects [33], making them more
susceptible to hallucination by LVLMs, as evidenced by the varying degrees of per-
formance degradation across all baselines. However, our method exhibits a lower
performance drop compared to other baselines, demonstrating its effectiveness in
addressing hallucinations arising from object co-occurrence.

Results on CHAIR. We also compare the performance of our methods and other
state-of-the-art methods in the open-ended captioning task and report the CHAIR
scores, recall, and the average length of responses in Table 2.2. The results, evaluated
across two different LVLMs, consistently demonstrate performance improvements
achieved by our method over the compared approaches. Specifically, our method
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Figure 2.4: Results on MMVP [50].
We apply our approach to LLaVA-1.5 [38]
and compare its performance against
other hallucination mitigation methods.

Method
LLaVA-1.5 InstructBLIP

Acc. ↑ Det. ↑ Acc. ↑ Det. ↑

Regular 2.88 3.29 3.42 3.96
Ours 4.29 4.54 4.38 4.79

VCD 3.62 3.83 3.71 4.21
Ours 4.04 4.38 4.17 4.58

M3ID 3.88 4.08 4.00 4.33
Ours 4.04 4.29 4.08 4.50

Table 2.4: GPT-4V-aided evaluation
on LLaVA-Bench. Higher accuracy and
detailedness (↑) indicate better perfor-
mance. The evaluation is performed on
LLaVA-1.5 [38].

outperforms the second-best approach by 3.0% and 2.6% on the CHAIRS metric,
while also enhancing the detailedness of generated responses compared to regular
decoding, as indicated by the higher recall and increased response length. These results
demonstrate that by incorporating generative feedback into the decoding process
of LVLMs, our method effectively mitigates object hallucinations in open-ended
captioning tasks.

Results on MME-Hallucination and MMBench. Beyond object hallucina-
tions, we further compare the performance of our method with other approaches using
the more comprehensive MME-Hallucination benchmark, which includes both object-
level and attribute-level hallucinations. The results in Table 2.3 demonstrate that our
method significantly outperforms the compared methods, with substantial margins in
the total score metric (e.g ., +18.19 on LLaVA-1.5 and +21.11 on InstructBLIP) and
consistently superior performance across various evaluation settings, achieving the
best results in 6 out of 8 settings. Moreover, our method shows notable improvements
on the attribute-level color subset, which is particularly challenging as it requires
models to accurately capture subtle attribute information. This further illustrates
the effectiveness of our approach in addressing a wide range of hallucinations, both
at the object existence level and in finer-grained attribute recognition. Additionally,
our proposed DeGF enhances the general multi-modal understanding capabilities of
LVLMs, as evidenced by its superior performance on the MMBench benchmark.
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Results on MMVP. We conduct experiments on the MMVP benchmark to assess
the fine-grained visual recognition capabilities of LVLMs. As shown in Figure 2.4,
applying our self-correcting decoding approach to LLaVA-1.5 significantly improves
performance from 22.67% to 27.33%. Our approach also demonstrates notable
advantages over other hallucination mitigation baselines, further showcasing its
superiority in handling nuanced visual recognition tasks. These results suggest that
our approach significantly enhances the model’s capacity to discern and correctly
interpret fine-grained distinctions between images with similar appearances but
different contents. By integrating generative feedback, our approach effectively
reduces misinterpretations and improves the precision of visual recognition tasks,
contributing to more reliable and accurate performance in complex scenarios.

Results on LLaVA-Bench. In Figure 2.5, we present a case study on LLaVA-
Bench comparing our method’s response with the response generated by regular
decoding using the LLaVA-1.5 model. Specifically, regular decoding often leads
to hallucinated or inaccurate content, such as describing “the island below the

mountain”. Besides, the response generated by regular decoding tends to focus on ele-
ments like the “cloudy sky” and “cohesive and captivating island landscape”
without providing specific information about the central features of the image. In con-
trast, our response is more detailed, mentioning the volcano, the road, the surrounding
greenery, and the inhabited areas, which gives a clearer understanding of the image’s
content. The GPT-4V-aided evaluation shown in Table 2.4 further confirms that
our method enhances both the accuracy and detailedness of the generated response,
outperforming other hallucination mitigation approaches such as VCD and M3ID.

2.4.2 Ablation Studies

Analysis of Distance Threshold γ. In Section 2.3.3, we introduce a distance
threshold γ to determine the appropriate decoding algorithm for each generated token.
Table 2.5 presents an analysis of our method’s performance with various values of γ
across three benchmarks. For simplicity, we report the performance on the MS-COCO
dataset with random setting for all POPE results in the ablation studies. Notably,
when γ is set to either 0 or 1—corresponding to the exclusive use of contrastive
or complementary decoding for all tokens—the performance exhibits a significant
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Figure 2.5: Case study on the LLaVA-Bench benchmark. We compare the
responses generated by regular decoding and our method using LLaVA-1.5. GPT-4V-
aided evaluation results are also provided alongside the responses. Hallucinated and
accurate content is highlighted in red and green.

Table 2.5: Sensitivity analysis of dis-
tance threshold γ. We present the per-
formance of our approach, based on the
LLaVA-1.5 backbone, across three bench-
marks for varying values of γ.

Values of γ POPE Acc. CHAIRS CHAIRI MME Score

γ = 0 87.93 21.0 7.2 622.50
γ = 0.01 88.07 21.0 6.8 632.22
γ = 0.05 88.67 19.4 6.3 637.50
γ = 0.1 89.03 18.4 6.1 644.44
γ = 0.5 88.73 19.8 6.4 646.67
γ = 1 88.43 21.6 6.6 638.33

Table 2.6: Effects of different genera-
tive models. We report the performance
of different variants of our method, utiliz-
ing various stable diffusion models, on the
LLaVA-1.5 backbone.

Models POPE Acc. CHAIRS CHAIRI MME Score

Regular 83.13 26.2 9.4 562.50
SD-v1.1 88.37 19.3 6.5 638.33
SD-v1.5 89.03 18.4 6.1 644.44
SD-v2.1 88.70 18.8 6.7 632.22
SD-XL-v0.9 88.87 18.6 6.1 642.50
SD-XL-v1.0 88.60 17.9 5.8 648.33

decline, by 0.6% and 1.1% in POPE accuracy, respectively. Moreover, our default
setting of γ = 0.1 achieves the optimal performance in 3 out of 4 evaluated metrics.

Effects of Different Generative Models. Table 2.6 presents the performance
of various variants of our method that incorporate different generative models (i.e.,
different versions of Stable Diffusion) while using the same LLaVA-1.5 backbone. The
results indicate that the effectiveness of our DeGF is robust to the choice of generative
models, as performance remains largely unaffected by the specific model used, and
all variants demonstrate consistent improvements over the original regular decoding
approach. Although utilizing SD-XL-v1.0 [41] yields slightly better performance, we
opt for SD-v1.5 as the default due to its faster image generation speed (3.8 s/image
vs . 11.3 s/image).
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2.4.3 Efficiency Comparison

Table 2.7: Efficiency comparison. For
each method, we present the average infer-
ence latency per instance and peak GPU
memory. Experiments are conducted on a
single RTX A6000 Ada GPU.

Method Avg. Latency ↓ GPU Memory ↓ CHAIRS ↓

Regular 3.44 s (×1.00) 15778 MB (×1.00) 55.0
VCD 6.91 s (×2.01) 16634 MB (×1.05) 54.4
OPERA 24.70 s (×7.18) 22706 MB (×1.44) 52.6
Woodpecker 10.68 s (×3.10) 22199 MB (×1.41) 57.6
HALC 22.61 s (×6.51) 23084 MB (×1.46) 51.0
Ours 13.89 s (×4.04) 19119 MB (×1.21) 48.8

In Table 2.7, we compare the efficiency of
our approach with other methods on the
CHAIR benchmark using the LLaVA-1.5
model, with the maximum token length
set to 128. Our approach involves two
queries and incorporates a text-to-image
generative model to mitigate hallucina-
tions, resulting in a 4.04× increase in
latency and a 1.21× increase in GPU
memory usage. Specifically, our method
consists of three stages: initial response generation, image generation, and response
self-correction, which take an average of 3.4 seconds, 3.8 seconds, and 6.6 seconds per
instance, respectively. Compared to other approaches, while our method is slower
than regular decoding and contrastive decoding-based methods, it demonstrates
efficiency advantages over OPERA and HALC. Note that our approach also achieves
the lowest hallucination rates among all compared methods.
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Table 2.1: Results on POPE [33] benchmark. Higher (↑) accuracy, precision,
recall, and F1 indicate better performance. The best results are bolded, and the
second-best are underlined.

Setup Method
LLaVA-1.5 InstructBLIP Qwen-VL

Acc. ↑ Prec. ↑ F1 ↑ Acc. ↑ Prec. ↑ F1 ↑ Acc. ↑ Prec. ↑ F1 ↑

M
S
-C

O
C

O

Random

Regular 83.13 81.94 83.44 83.07 83.02 83.08 87.43 93.56 86.48
VCD 87.00 86.13 87.15 86.23 88.14 85.88 88.80 93.89 88.11
M3ID 87.50 87.38 87.52 86.67 88.09 86.41 89.83 95.44 89.17
RITUAL 88.87 89.23 88.81 88.83 90.48 88.60 89.47 96.32 88.62
Ours 89.03 91.20 88.74 88.83 93.73 87.71 89.73 93.19 89.31

Popular

Regular 81.17 78.28 82.08 77.00 73.82 78.44 84.70 88.24 83.96
VCD 83.10 79.96 83.94 80.07 77.67 80.89 85.13 87.27 84.69
M3ID 84.30 81.58 84.95 80.97 77.93 81.85 86.27 89.19 85.73
RITUAL 85.83 84.17 86.17 81.97 78.90 82.87 84.57 84.09 84.67
Ours 86.63 87.75 86.28 82.73 84.02 82.10 86.50 89.87 85.71

Adversarial

Regular 77.43 73.31 79.26 74.60 71.26 76.45 79.83 80.13 79.73
VCD 77.17 72.18 79.47 77.20 74.29 78.49 81.33 80.60 81.55
M3ID 78.23 73.51 80.22 77.47 73.68 79.14 82.03 81.47 82.19
RITUAL 78.80 74.43 80.54 78.73 74.57 80.39 82.80 83.15 82.71
Ours 81.63 80.59 81.94 80.30 80.90 80.11 83.47 84.49 82.98

A
-O

K
V

Q
A

Random

Regular 81.90 76.63 83.53 80.63 76.82 81.92 86.27 90.66 85.48
VCD 83.83 78.05 85.34 84.20 80.90 85.00 87.87 90.06 87.53
M3ID 84.67 79.25 85.97 85.43 81.77 86.23 88.13 92.06 87.55
RITUAL 85.17 79.79 86.40 87.13 83.92 87.71 87.73 92.49 87.01
Ours 86.93 84.28 87.42 87.40 87.67 87.26 87.90 89.16 87.58

Popular

Regular 75.07 68.58 78.77 75.17 70.15 77.91 84.60 87.99 83.88
VCD 76.63 69.59 80.19 78.63 73.53 80.72 86.23 87.30 86.03
M3ID 77.80 70.98 80.91 78.80 73.38 81.00 86.50 89.59 85.95
RITUAL 78.83 71.99 81.68 78.73 72.83 81.17 86.36 88.73 86.20
Ours 80.90 75.68 82.66 81.47 78.61 82.35 86.43 90.74 86.52

Adversarial

Regular 67.23 61.56 73.70 69.87 64.54 74.54 76.90 75.59 77.48
VCD 67.40 61.39 74.21 71.00 65.41 75.45 79.13 76.04 80.30
M3ID 68.60 62.22 75.11 70.10 64.28 75.16 79.50 77.54 80.21
RITUAL 68.57 62.26 74.99 70.27 64.15 75.55 80.20 79.08 80.58
Ours 72.70 66.70 76.86 73.93 69.36 76.67 80.75 80.37 80.46

G
Q

A

Random

Regular 82.23 76.32 84.03 79.67 76.05 80.99 84.90 89.51 83.96
VCD 83.23 76.73 85.05 82.83 80.16 83.56 85.21 92.05 84.21
M3ID 84.20 78.00 85.77 83.07 80.06 83.87 85.69 93.11 84.67
RITUAL 86.10 80.30 87.31 84.87 82.52 85.39 86.13 93.78 84.81
Ours 87.40 83.51 88.09 85.40 85.64 85.12 85.95 94.22 85.08

Popular

Regular 73.47 66.83 77.84 73.33 68.72 76.26 81.33 83.38 80.74
VCD 72.37 65.27 77.58 76.13 71.10 78.68 81.97 82.82 81.73
M3ID 73.87 66.70 78.49 75.17 69.94 78.04 82.13 84.58 81.48
RITUAL 74.80 67.50 79.15 74.50 69.17 77.61 81.13 85.48 81.03
Ours 78.10 71.56 80.98 76.90 73.89 78.27 82.10 86.39 81.85

Adversarial

Regular 68.60 62.43 74.84 68.60 63.94 73.10 79.03 80.43 78.54
VCD 68.83 62.26 75.43 71.00 65.75 75.14 80.87 81.07 80.80
M3ID 68.67 62.16 75.28 71.17 65.79 75.36 81.03 82.93 80.94
RITUAL 68.23 61.75 75.10 70.17 64.76 74.78 81.07 83.29 80.41
Ours 74.07 67.42 78.22 73.63 70.08 75.11 81.13 84.18 80.57
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Table 2.2: Results on CHAIR [43] benchmark. We limit the maximum number
of new tokens to 64. Lower (↓) CHAIRS, CHAIRI and higher (↑) recall and length
indicate better performance. The best results in each setting are bolded, and the
second-best are underlined.

Method
LLaVA-1.5 InstructBLIP

CHAIRS ↓ CHAIRI ↓ Recall ↑ Length ↑ CHAIRS ↓ CHAIRI ↓ Recall ↑ Length ↑

Regular 26.2 9.4 58.5 53.4 31.2 11.1 59.0 53.6
VCD 24.4 7.9 63.3 54.2 30.0 10.1 61.8 54.2
M3ID 21.4 6.3 64.4 53.5 30.8 10.4 62.6 53.4
RITUAL 22.4 6.9 63.0 54.9 26.6 8.9 63.4 55.3
Woodpecker 24.9 7.5 60.8 49.7 31.2 10.8 62.3 51.3
HALC 21.7 7.1 63.4 53.4 24.5 8.0 63.8 55.1
Ours 18.4 6.1 62.7 54.1 24.0 7.7 67.2 55.5

Table 2.3: Results on MME-Hallucination [18] and MMBench [39]
benchmark. We report the average MME scores along with the standard deviation
across three random seeds for each subset. We also report the overall accuracy
achieved by the different methods on the MMBench benchmark in the final column.
Higher scores (↑) indicate better performance. The best results are bolded, and
the second-best are underlined.

Method
Object-level Attribute-level

MME Score ↑ MMBench ↑
Existence ↑ Count ↑ Position ↑ Color ↑

Regular 173.75 (±4.79) 121.67 (±12.47) 117.92 (±3.69) 149.17 (±7.51) 562.50 (±3.96) 64.1
DoLa 176.67 (±2.89) 113.33 (±10.41) 90.55 (±8.22) 141.67 (±7.64) 522.22 (±16.78) 63.8
OPERA 183.33 (±6.45) 137.22 (±6.31) 122.78 (±2.55) 155.00 (±5.00) 598.33 (±10.41) 64.4
VCD 186.67 (±5.77) 125.56 (±3.47) 128.89 (±6.73) 139.45 (±12.51) 580.56 (±15.13) 64.6
M3ID 186.67 (±5.77) 128.33 (±10.41) 131.67 (±5.00) 151.67 (±20.88) 598.11 (±20.35) 64.4
RITUAL 187.50 (±2.89) 139.58 (±7.64) 125.00 (±10.27) 164.17 (±6.87) 616.25 (±20.38) 63.8
Woodpecker 187.50 (±2.89) 125.00 (±0.00) 126.66 (±2.89) 149.17 (±17.34) 588.33 (±10.00) 64.0
HALC 183.33 (±0.00) 133.33 (±5.77) 107.92 (±3.69) 155.00 (±5.00) 579.58 (±9.07) 64.2
Ours 188.33 (±2.89) 150.00 (±7.64) 133.89 (±3.85) 172.22 (±3.47) 644.44 (±9.18) 65.5
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Chapter 3

Hallucination Mitigation via
One-Layer Intervention

3.1 Introduction

Figure 3.1: Comparisons of accuracy and
speed of multiple hallucination mitigation
methods. The size of bubbles stands for the GPU
memory consumption. Our method mitigates hal-
lucination with only 0.07× extra time.

Recent advances in large vision-
language models (LVLMs), which
expand the capabilities of large
language models (LLMs) to vi-
sual understanding and reason-
ing [2, 31, 58], have demon-
strated exceptional performance
across various vision-language
tasks, such as object detec-
tion [56, 63] and image cap-
tioning [34, 43]. However, a
persistent challenge with cur-
rent LVLMs is their tendency
to generate hallucinated content,
where the generated responses
do not align accurately with the actual image input [36]. This can significantly impact
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the reliability of LVLMs in real-world applications where precise visual interpretation
is essential [3, 6, 36]. Therefore, addressing hallucinations in LVLMs is crucial to
ensuring their safe and effective deployment in critical domains.

To alleviate the hallucination problem, early work identified biased training sets
as a critical cause and, as a result, attempted to establish curated training datasets
and adopt robust fine-tuning techniques [9, 49, 66]. However, their reliance on addi-
tional data and the need for fine-tuning large-scale models make these approaches
time-consuming and impractical for individual users. Another common approach is
contrastive decoding [32], which eliminates the need for costly training by directly
intervening in the decoding process during inference. Specifically, these methods
typically introduce a distorted set of inputs, and contrast their respective token
predictions with the predictions from original data to mitigate undesired halluci-
nations [13, 17, 29, 52]. Although existing contrastive decoding-based approaches
achieve notable performance improvements, they require multiple LVLM queries to
process both the original and distorted inputs, resulting in response times that are
twice as long, or more, making them less suitable for real-time applications [7, 17, 29].

To illustrate this, we analyze the performance-efficiency trade-off of existing
approaches for mitigating hallucinations in LVLMs and present the results in Figure 3.1.
As we can see, while other hallucination mitigation methods achieve higher accuracy
on the hallucination evaluation benchmark, they come at a significant cost, requiring
2× or more inference time and higher GPU memory consumption. We recognize this
overhead is impractical given the limited performance improvements, highlighting the
urgent need for more efficient approaches that can effectively mitigate hallucinations
in LVLM.

In this work, we introduce ONLY, a training-free approach that requires only a
single query and a one-layer intervention during decoding, offering an efficient solution
for mitigating hallucinations in LVLMs. Our ONLY approach selects attention
heads that prioritize textual information over visual information—specifically, those
with a high text-to-visual entropy ratio—to stimulate textually enhanced next-token
predictions. The enhanced output is then adaptively contrasted/collaborated with the
original output logits using a single-layer intervention, aiming to reduce predominant
and irrelevant language bias. Our ONLY approach is both simple and effective,
requiring just one additional attention layer computation. It incurs a modest 1.07×
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increase in inference time with negligible GPU memory overhead, significantly lower
than the 2× or more increase seen in previous contrastive decoding methods. Moreover,
ONLY achieves superior performance across multiple benchmarks, outperforming the
current state-of-the-art by 3.14% on POPE and 1.6% on CHAIR.

To validate the effectiveness of our proposed ONLY approach, we evaluate it
on three LVLMs (i.e., LLaVA-1.5 [38], InstructBLIP [15], and Qwen-VL [2]) across
various benchmarks, including POPE [33], CHAIR [43], MME-Hallucination [18],
MMBench [39], MM-Vet [61], and MMVP [50]. Extensive experimental results demon-
strate that our ONLY approach consistently outperforms state-of-the-art methods
across these benchmarks while requiring minimal implementation effort and computa-
tional cost. Additionally, qualitative case studies and GPT-4V-aided evaluations on
LLaVA-Bench further validate the effectiveness of our ONLY approach in enhancing
the coherence and accuracy of LVLM responses.

Our contributions are summarized as follows:
• We investigate and challenge the performance-efficiency trade-off of existing con-

trastive decoding approaches for mitigating hallucinations in LVLMs, highlighting
the efficiency issues.

• We present ONLY, a novel training-free decoding algorithm that leverages a single
additional Transformer layer to improve the accuracy of LVLM responses.

• We conduct comprehensive experiments across various benchmarks and demonstrate
that our proposed ONLY consistently outperforms existing approaches with minimal
implementation effort and computational cost.

3.2 Related Work

Large Vision-Language Models (LVLMs). Recently, large-scale LLMs have
demonstrated remarkable proficiency in handling human queries and exhibit robust
linguistic capabilities [11, 51]. Leveraging these powerful models, researchers are
exploring ways to align the visual modality with language, unlocking advanced vi-
sual recognition and reasoning capabilities across various multi-modal tasks [3, 36].
For example, LLaVA-1.5 [37] employs a pre-trained CLIP ViT-L/14 [42] as the
vision encoder, and trains a linear mapping layer to connect the vision and lan-
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guage modalities. In contrast, InstructBLIP [15] builds on a pre-trained BLIP-2 [31]
and incorporates an instruction-aware Q-Former module to bridge the modalities.
Despite their exceptional multi-modal performance, these LVLMs still suffer from
hallucinations, often generating text responses that do not accurately reflect the
given image input [5, 6, 49, 65]. Such hallucinations pose significant challenges for
deploying these models in real-world applications. In this work, we propose a novel,
training-free algorithm designed to mitigate hallucinations, thereby enhancing the
practical deployment of LVLMs in real-world scenarios.

Hallucination in LVLMs. Recent studies have revealed that LVLMs may
generate cross-modal inconsistencies between visual inputs and their corresponding
responses, i.e., hallucinations, which can lead to misinformation and performance
degradation [29, 36]. To mitigate these hallucinations, early works have explored the
use of additional robust instruction tuning on curated datasets [5, 24, 49]. While
effective, these methods require extensive and costly training, making them imprac-
tical for individual users. More recently, researchers have explored an alternative
approach by developing variant methods based on contrastive decoding strategies,
which mitigate hallucinations and enhance coherence by contrasting logits from coun-
terpart outputs [8, 17, 29]. However, we recognize that these methods require two
or even multiple queries, which slows down LVLM response generation, making them
less suitable for real-time applications. In response, we propose ONLY, a contrastive
decoding-based approach that requires only a one-time query and a one-layer interven-
tion during decoding, achieving competitive performance while effectively minimizing
implementation efforts and computational costs.

3.3 Method

In this work, we present ONLY, a training-free algorithm that uses only one Trans-
former layer to improve the accuracy of LVLM responses, as illustrated in Figure 3.2.

3.3.1 Preliminaries

LVLM Decoding. Recent LVLMs effectively process both visual and linguistic
data using three key components: vision encoders, connectors, and a Large Language
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Figure 3.2: Overview of our proposed ONLY. Our method retains the core
decoding process of LVLMs but incorporates a textual-enhanced multi-head attention
layer with a residual connection to the last layer’s output. This adjustment aims to
produce an output with a greater focus on textual information. The resulting textual-
enhanced logits are then adaptively decoded alongside the original output, employing
either contrastive or collaborative decoding strategies to optimize performance.

Model (LLM). An LVLM, parameterized by θ, autoregressively generates a fluent
textual response sequence y from an input image v and a textual query x. Initially,
v is processed by a vision encoder and transformed into visual tokens via a vision-
language alignment module (e.g., Q-Former [31] or linear projection [37]). These
tokens, combined with the query tokens, are input to the LLM. The generation of
each token yt in the sequence y is modeled as:

yt ∼ pθ(yt|v,x,y<t) = softmax(fθ(yt|v,x,y<t))yt , (3.1)

where yt ∈ S is the current token, y<t = [y0, . . . , yt−1] are the previously generated
tokens, and fθ represents the logits over a vocabulary set S.

Transformer Decoder. The language model is structured as a Transformer,
where a sequence of tokens {x1, x2, . . . , xt−1} are initially embedded into a sequence of
hidden states H0

t−1 = {h0
1, . . . , h

0
t−1}. The Transformer comprises L layers, each layer

incorporates a Multi-Head Attention (MHA) module and a Multi-Layer Perceptron
(MLP). At time step t, the output of each layer Hℓ+1

t is derived from the hidden
states input Hℓ

t , employing two primary residual connections:

H̄ℓ
t = MHAℓ(Hℓ

t) +Hℓ
t , Hℓ+1

t = MLPℓ(H̄ℓ
t) + H̄ℓ

t . (3.2)
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Each MHA module consists of H attention heads that compute self-attention, where
the attention score is derived from query, key, and value matrices. Specifically, for
the i-th head in layer ℓ, the operation is given by:

Headℓ,i(Hℓ
t) = Attention(Qℓ,i, Kℓ,i, Vℓ,i) = softmax

(
Qℓ,i ·K⊤

ℓ,i√
dk

)
Vℓ,i, (3.3)

where Qℓ,i/Kℓ,i/Vℓ,i = Hℓ
tW

Q/K/V
ℓ,i , are query/key/value matrices obtained from

learned weights. The outputs from all H heads are then concatenated and pro-
jected using an projection matrix WO

ℓ :

MHAℓ(Hℓ
t) = Concat(Headℓ,1(Hℓ

t),Headℓ,2(Hℓ
t), . . . ,Headℓ,H(Hℓ

t))W
O
ℓ . (3.4)

At last, a projection head ϕ(·) predicts the logits of the next token xt over the
vocabulary set S:

fθ(yt|y<t) = ϕ(HL
t ), yt ∈ S. (3.5)

Combining Eq. 3.5 with Eq. 3.1, we finally obtain:

pθ(yt|v,x,y<t) = softmax(ϕ(HL
t ))yt . (3.6)

3.3.2 One-Layer Intervention for Textual Enhancement

Previous contrastive decoding methods focus primarily on the visual modality or
the effect of visual input on the textual modality: e.g., VCD [29] contrasts the
outputs obtained with original vs. visual distorted input, and M3ID [17] amplifies the
influence of the reference image over the language prior. However, the effect of textual
modality has been less studied. In this work, we propose to address hallucination by
directly producing textually-enhanced outputs with minimal additional computational
overhead. Specifically, inspired by information theory [48], we introduce an attention-
head selection strategy guided by the text-to-visual entropy ratio. As illustrated in
Figure 3.3, we observe that when the distortion escalates (similar to the diffusion steps
in VCD), textual entropy increases while visual entropy decreases. Guided by this
observation, we propose to directly select attention heads with a higher text-to-visual
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Algorithm 1 Predict Textual-Enhanced (TE) Logits
Require: Initial hidden states H0

t , total transformer layers L, total attention heads H,
layer index for textual enhancement ℓ̃.

1: procedure predict_te_logits(A)
2: for ℓ ∈ {0, 1, 2, . . . , L− 1} do
3: for i ∈ {0, 1, . . . ,H − 1} do
4: Step 1: Calculate TE attention output
5: if ℓ = ℓ̃ then
6: H̃ℓ̃

t ← TE-MHAℓ̃(H
ℓ̃
t) ▷ Equation 3.13

7: end if
8: end for
9: Step 2: Calculate Transformer output for each layer

10: H̄ℓ
t ← MHAℓ(Hℓ

t) +Hℓ
t ▷ Equation 3.2

11: Hℓ+1
t ← MLPℓ(H̄ℓ

t) + H̄ℓ
t ▷ Equation 3.2

12: if ℓ = L− 1 then
13: Step 3: Calculate TE Transformer output
14: ¯̃HL−1

t ← H̃ℓ̃
t +HL−1

t ▷ Equation 3.15
15: ĤL

t ← MLPL−1(
¯̃HL−1
t ) + ¯̃HL−1

t ▷ Equation 3.16
16: end if
17: end for
18: Step 4: Calculate original logits and TE logits
19: Logits = fθ(yt|v,x,y<t))← Linear(HL

t )
20: Logits_TE = f̂θ(yt|v,x,y<t))← Linear(ĤL

t +HL
t )

21: return Logits, Logits_TE
22: end procedure

entropy ratio to stimulate textually-enhanced outputs to avoid double queries while
extracting language bias.

Attention Head Selection Using Text-to-Visual Entropy Ratio. Suppose a
token is generated at time step t, and the initial hidden states input to the Transformer
decoder for this token is H0

t . For layer ℓ, the input hidden states can be denoted as
Hℓ

t . We distinguish between text and visual attention within the attention matrix by
computing the raw attention scores aℓ,i for each head:

aℓ,i = softmax(Qℓ,i ·K⊤
ℓ,i/
√

dk), (3.7)

where Qℓ,i and Kℓ,i are the query and key matrices for head i in layer ℓ. To isolate
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Figure 3.3: Impact of applying diffusion noise on textual and visual
attention entropy. We perform an analysis on all COCO samples from the POPE
benchmark and observe that as distortion increases, textual entropy rises whereas
visual entropy decreases.

text and visual attentions, we utilize indices corresponding to textual or visual tokens:

aTℓ,i = {aℓ,i,j | j ∈ indicesT }, aVℓ,i = {aℓ,i,j | j ∈ indicesV}, (3.8)

where indicesT and indicesV specify positions of textual and visual tokens, respectively.
The entropy for these attention sets is computed as follows:

Entropy(aTℓ,i) = −
∑
k

pTℓ,i,k log p
T
ℓ,i,k, Entropy(aVℓ,i) = −

∑
k

pVℓ,i,k log p
V
ℓ,i,k, (3.9)

where pTℓ,i,k and pVℓ,i,k represent the normalized attention probabilities, computed from
the softmax of each subset:

pTℓ,i,k = softmax(aTℓ,i,k), p
V
ℓ,i,k = softmax(aVℓ,i,k). (3.10)

The Text-to-Visual Entropy Ratio (TVER) for each attention head is calculated as:

TVERℓ,i =
Entropy(aTℓ,i)
Entropy(aVℓ,i)

. (3.11)

To optimize the attention output for enhanced textual relevance while reducing visual
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information, we selectively deactivate heads with a TVER below the average for that
layer, setting their attention weights to zero. This approach prioritizes heads with
relatively higher text-to-visual entropy ratios, providing a clue where uncertainty in
the textual modality is higher:

ãℓ,i =

aℓ,i, if TVERℓ,i ≥ average(TVERℓ),

0, otherwise.
(3.12)

With this, we obtain the output of the Textual-Enhanced Multi-Head Attention
(TE-MHA) module:

TE-MHAℓ(Hℓ
t) =

Concat(ãℓ,1Vl,1, ãℓ,2Vl,2, . . . , ãℓ,HVl,H)W
O
ℓ . (3.13)

3.3.3 Adaptive Decoding

In this section, we utilize the logits obtained from textual-enhanced attention outputs
for adaptive decoding.

Figure 3.4: Text-to-visual entropy ratio is correlated
with hallucinations. (Left) Density plot of token-wise
average textual-to-visual entropy ratio and bar plot of aver-
age CHAIRI in each bin on the CHAIR benchmark; (Right)
Density plots of token-level Manhattan distance between
original and textual-enhanced logits for both hallucinatory
and non-hallucinatory tokens on POPE.

Suppose layer ℓ̃ ∈
{0, 1, · · · , L− 1} is the
selected layer for tex-
tual enhancement, where
we calculate a textual-
enhanced attention out-
put as discussed in
Eq. 3.13. To ensure
that the output logits
do not deviate exces-
sively from the origi-
nal LVLM outputs, we
implement two residual
connections. These con-
nections are defined as

29



3. Hallucination Mitigation via One-Layer Intervention

follows:

H̃ℓ̃
t = TE-MHAℓ̃(H

ℓ̃
t), (3.14)

¯̃HL−1
t = H̃ℓ̃

t +HL−1
t , (3.15)

ĤL
t = MLPL−1(

¯̃HL−1
t ) + ¯̃HL−1

t . (3.16)

Finally, the textual-enhanced predicted probability can be obtained by:

p̃θ(yt|v,x,y<t) = softmax(f̃θ(yt|v,x,y<t))yt

= softmax(ϕ(ĤL
t ))yt . (3.17)

To adaptively contrast the original and textual-enhanced logits, we measure the
Manhattan distance between the two probability distributions at each timestep t:

dt =
∑
yt∈S

|pθ(yt|v,x,y<t)− p̃θ(yt|v,x,y<t)|, (3.18)

where dt provides a measure of the difference between the distributions. Based on
this distance, we adjust the original logits either collaboratively or contrastively:

yt ∼ pθ(yt) = softmax
(
ffinal
θ

)
(3.19)

ffinal
θ =


fθ(yt|v,x,y<t) + α1 f̃θ(yt|v,x,y<t), if dt < γ (collaborative);

(1 + α2) fθ(yt|v,x,y<t)− α2 f̃θ(yt|v,x,y<t), if dt ≥ γ (contrastive),
(3.20)

where γ is a predefined threshold that determines the decoding strategy based on the
measured distance.

Effectiveness of text-to-visual entropy ratio for textual information
enhancement. We further conduct an empirical study to validate the effectiveness
of applying text-to-visual entropy ratio for language bias reflection, as shown in
Figure 3.4. The experimental results demonstrate that the entropy ratio is strongly
correlated to the hallucination level at both the response and token levels.
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3.4 Experiments

In this section, we evaluate the effectiveness of our method in mitigating hallucinations
in LVLMs across a range of benchmarking scenarios, comparing it with existing state-
of-the-art approaches.

3.4.1 Experimental Settings

Evaluated LVLMs. We evaluate the effectiveness of our method on three state-of-
the-art open-source LVLMs: LLaVA-1.5 [38], InstructBLIP [15] and Qwen-VL [2].

Benchmarks. We conduct extensive experiments on six benchmarks: (1)
POPE [33] is a benchmark commonly used to assess object hallucinations in LVLMs,
which evaluates model accuracy through yes-or-no questions about the presence of
specific objects in images; (2) CHAIR [43] evaluates object hallucinations through
image captioning, where the LVLMs are prompted to describe 500 randomly selected
images from the MSCOCO validation set; (3) MME-Hallucination [18] is a com-
prehensive benchmark for LVLMs consisting of four subsets: existence and count for
object-level hallucinations, and position and color for attribute-level hallucinations;
(4) MMBench [39] is a benchmark for evaluating LVLMs’ multi-modal understand-
ing ability across 20 dimensions; (5) MMVP [50] comprises 150 CLIP-blind image
pairs, each paired with a binary-option question to evaluate the fine-grained visual
recognition capabilities of LVLMs; (6) MM-Vet [61] utilizes LLM-based evaluator to
evaluate LVLMs on 6 capabilities, including recognition, OCR, knowledge, language
generation, spatial awareness, and math; (7) LLaVA-Bench provides 24 images in
complex scenes, memes, and sketches, along with 60 challenging questions.

Baselines. We compare the performance of our ONLY approach with the following
state-of-the-art approaches: VCD [29], M3ID [17], Woodpecker [59], HALC [8],
DoLa [13] and OPERA [23]. We apply sampling-based decoding in default, where
the next token is sampled directly from the post-softmax probability distribution.

Implementation Details. We follow the default query format for all LVLMs.
Besides, we set α1 = 3, α2 = 1, and γ = 0.2 for LLaVA-1.5 [38], and γ = 0.4 for
InstructBLIP [15] / Qwen-VL [2]. Following VCD [29], we implement adaptive plau-
sibility constraints [32] with β = 0.1 across all tasks. All experiments are performed
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on a single 48GB NVIDIA RTX 6000 Ada GPU.

3.4.2 Results and Discussions

Results on POPE. In Table 3.1, we compare our method’s performance against
various baselines on the POPE benchmark. As shown in the table, our approach
consistently outperforms previous state-of-the-art methods across various LVLM mod-
els and settings, demonstrating its robustness across different evaluation scenarios.
Specifically, in the MS-COCO (Random) setting with the LLaVA-1.5 backbone, our
method surpasses VCD by 2.20% and M3ID by 1.70% in accuracy. Even in the more
challenging adversarial setting, our approach maintains its superior performance,
outperforming VCD by 2.23% and M3ID by 1.17%. Overall, these consistent gains
across different datasets and LVLM models highlight the effectiveness of our method
as a strong and generalizable solution for mitigating hallucinations in LVLMs.

Results on CHAIR. On the open-ended CHAIR benchmark, our ONLY method
achieves superior performance with lower hallucination rates. Table 3.2 presents a
comparison against four state-of-the-art approaches, evaluating hallucination rates
with CHAIRS and CHAIRI under maximum token generation limits of 64 and 128
across three LVLM backbones. Notably, in the LLaVA-1.5 (Max Token = 128) setting,
our approach reduces CHAIRS by 5.2 points and CHAIRI by 2.0 points compared to
regular decoding.

Results on MME. In Table 3.3, we compare our approach against other methods
on the MME benchmark. The results show that our method consistently outperforms
all baselines, achieving the highest scores across both object-level (Existence, Count)
and attribute-level (Position, Color) evaluations. Notably, our method attains an
MME score of 634.67, outperforming the second-best method, M3ID, by 36.34 points,
demonstrating its superior capability in mitigating various types of hallucinations.

Results on MMVP. To evaluate the effectiveness of our approach on fine-grained
visual recognition tasks, we conduct experiments on the MMVP benchmark and
present the results in Figure 3.5. With our ONLY approach, the LVLM is able
to handle more nuanced visual recognition tasks, improving the performance from
22.67% to 28.00%.

Results on MMBench and MMVet. We also report the performance of all
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compared methods on the MMBench and MMVet benchmarks in Table 3.4. Our
approach continues to outperform existing state-of-the-art methods, demonstrating
that it also enhances the general multi-modal understanding capabilities of LVLMs.

0 5 10 15 20 25
MMVP Accuracy (%)

MiniGPT-4

InstructBLIP

Bard
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+ Ours
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Figure 3.5: Results on MMVP [50]. We apply our
approach to LLaVA-1.5 [38] and compare its performance
against other hallucination mitigation methods.

Results on LLaVA-
Bench. In Figure 3.6,
we present a case study
on LLaVA-Bench com-
paring our method’s
response with the re-
sponse generated by
regular decoding using
the LLaVA-1.5 model.
Specifically, regular de-
coding often leads to
hallucinated or inaccurate content, such as describing “taxi appears to

be converted laundry machines” and “another person can be seen standing

nearby”. In contrast, our response is more detailed, focusing on
the fact that “a person is ironing clothes while on the move, which is an

unconventional way”.

3.4.3 Efficiency Comparison

In Table 3.4, we evaluate the efficiency of our approach using the LLaVA-1.5 model
on the CHAIR benchmark, with a maximum token length of 128. We also report
the performance of all compared methods across 5 benchmarks. Our approach
demonstrates consistently superior performance, with only a 1.07× increase in time
consumption and negligible additional GPU memory usage. These results validate
that our approach is both efficient and effective, offering a favorable performance-cost
trade-off.

3.4.4 Ablation Study
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Figure 3.6: Case study on the LLaVA-Bench benchmark. We compare the
responses generated by regular decoding and our method using LLaVA-1.5. GPT-4V-
aided evaluation results are also provided alongside the responses. Hallucinated and
accurate content is highlighted in red and blue.

Figure 3.7: Impacts of different selected layers. We
present the results obtained by selecting different layers for
textual enhancement on the POPE benchmark using all
9,000 samples from COCO.

Selection of Layer
for Textual Enhance-
ment. To investigate
the impacts of choosing
different layers for tex-
tual enhancement, we
conduct ablation exper-
iments on the POPE
benchmark. Results in
Figure 3.7 demonstrate
that by selecting the ini-
tial layer for textual en-
hancement, our ONLY
method achieves optimal performance on the POPE benchmark. Additionally, we ob-
serve that the performance of our approach is robust across different layers chosen for
intervention, with ONLY exhibiting minimal variation and consistently outperforming
VCD and M3ID. This robustness is due to our attention-head selection strategy,
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which dynamically selects different sets of heads across multiple layers, efficiently and
effectively capturing language bias.

Other Strategies for Textual Enhancement. In Table 3.5, we compare the
performance achieved by various textual enhancement strategies. Our approach of
attention head selection using TVER achieves the best performance. In contrast,
directly modifying attention weights—such as zeroing out or adding noise to visual
attention weights, or doubling textual attention weights—results in suboptimal
outcomes. Additionally, selecting attention heads based on the ratio of the sum of
attention weights also leads to a performance decrease of 0.71% on POPE and 3.1%
on CHAIR.
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Setup Method
LLaVA-1.5 InstructBLIP Qwen-VL

Acc. ↑ Prec. ↑ Rec. ↑ F1 ↑ Acc. ↑ Prec. ↑ Rec. ↑ F1 ↑ Acc. ↑ Prec. ↑ Rec. ↑ F1 ↑
M

S
-C

O
C

O

Random

Regular 83.13 81.94 85.00 83.44 83.07 83.02 83.13 83.08 85.23 97.23 72.53 83.09
VCD 87.00 86.13 88.20 87.15 86.23 88.14 83.73 85.88 87.03 97.36 76.13 85.45
M3ID 87.50 87.38 87.67 87.52 86.67 88.09 84.80 86.41 86.40 98.23 74.13 84.50
Ours 89.70 89.95 88.27 89.10 89.23 91.83 86.13 88.89 88.90 98.52 79.27 87.85

Popular

Regular 81.17 78.28 86.27 82.08 77.00 73.82 83.67 78.44 84.53 94.50 73.33 82.58
VCD 83.10 79.96 88.33 83.94 80.07 77.67 84.40 80.89 85.87 94.98 75.73 84.27
M3ID 84.30 81.58 88.60 84.95 80.97 77.93 86.40 81.85 86.07 96.56 74.80 84.30
Ours 86.00 84.44 88.27 86.31 83.27 81.46 86.13 83.73 87.47 95.63 79.48 86.81

Adversarial

Regular 77.43 73.31 86.27 79.26 74.60 71.26 82.47 76.45 83.37 91.47 73.60 81.57
VCD 77.17 72.18 88.40 79.47 77.20 74.29 83.20 78.49 83.73 89.84 76.07 82.38
M3ID 78.23 73.51 88.27 80.22 77.47 73.68 85.47 79.14 83.37 91.19 73.87 81.62
Ours 79.40 75.00 88.20 81.07 80.10 76.89 86.07 81.22 83.80 92.33 76.14 83.46

A
-O

K
V

Q
A

Random

Regular 81.90 76.63 91.80 83.53 80.63 76.82 87.73 81.92 86.40 94.32 77.47 85.07
VCD 83.83 78.05 94.13 85.34 84.20 80.90 89.53 85.00 87.93 94.59 80.47 86.96
M3ID 84.67 79.25 93.93 85.97 85.43 81.77 91.20 86.23 87.50 95.33 78.87 86.32
Ours 86.07 80.91 94.40 87.14 88.57 86.13 91.93 88.94 89.47 95.34 83.84 89.22

Popular

Regular 75.07 68.58 92.53 78.77 75.17 70.15 87.60 77.91 85.77 92.82 77.53 84.49
VCD 76.63 69.59 94.60 80.19 78.63 73.53 89.47 80.72 87.33 93.68 80.07 86.34
M3ID 77.80 70.98 94.07 80.91 78.80 73.38 90.40 81.00 87.37 95.31 78.60 86.15
Ours 79.00 72.17 94.40 81.80 80.83 75.23 91.93 82.75 89.47 94.77 84.43 89.30

Adversarial

Regular 67.23 61.56 91.80 73.70 69.87 64.54 88.20 74.54 80.37 82.56 77.00 79.68
VCD 67.40 61.39 93.80 74.21 71.00 65.41 89.13 75.45 81.90 83.07 80.13 81.57
M3ID 68.60 62.22 94.73 75.11 70.10 64.28 90.47 75.16 81.90 84.25 78.47 81.26
Ours 68.70 62.35 94.40 75.70 72.47 66.19 91.87 76.94 82.07 85.02 81.09 83.01

G
Q

A

Random

Regular 82.23 76.32 93.47 84.03 79.67 76.05 86.60 80.99 85.10 91.42 77.47 83.87
VCD 83.23 76.73 95.40 85.05 82.83 80.16 87.27 83.56 87.00 92.11 80.93 86.16
M3ID 84.20 78.00 95.27 85.77 83.07 80.06 88.07 83.87 87.07 92.64 80.53 86.16
Ours 86.70 80.94 96.00 87.83 86.17 83.84 89.60 86.63 88.03 93.59 82.68 87.80

Popular

Regular 73.47 66.83 93.20 77.84 73.33 68.72 85.67 76.26 80.87 82.65 78.13 80.33
VCD 72.37 65.27 95.60 77.58 76.13 71.10 88.07 78.68 82.53 83.52 81.07 82.27
M3ID 73.87 66.70 95.33 78.49 75.17 69.94 88.27 78.04 82.68 83.74 80.85 82.27
Ours 74.03 66.70 96.00 78.71 77.20 71.79 89.60 79.72 82.87 83.88 82.55 83.21

Adversarial

Regular 68.60 62.43 93.40 74.84 68.60 63.94 85.33 73.10 78.77 79.33 77.80 78.56
VCD 68.83 62.26 95.67 75.43 71.00 65.75 87.67 75.14 81.17 81.48 80.67 81.07
M3ID 68.67 62.16 95.40 75.28 71.17 65.79 88.20 75.36 81.90 83.07 80.13 81.57
Ours 69.23 62.55 95.87 75.70 71.93 65.98 87.93 75.84 81.33 82.38 81.50 81.94

Table 3.1: Results on POPE [33] benchmark. Higher (↑) accuracy, precision,
recall, and F1 indicate better performance. The best results are bolded, and the
second-best are underlined.

Method
LLaVA-1.5 InstructBLIP Qwen-VL

Max Token 64 Max Token 128 Max Token 64 Max Token 128 Max Token 64 Max Token 128

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

Regular 26.2 9.4 55.0 16.3 31.2 11.1 57.0 17.6 33.6 12.9 52.0 16.5
VCD 24.4 7.9 54.4 16.6 30.0 10.1 60.4 17.8 33.0 12.8 50.2 16.8
M3ID 21.4 6.3 56.6 15.7 30.8 10.4 62.2 18.1 32.2 11.5 49.5 17.2
Woodpecker 24.9 7.5 57.6 16.7 31.2 10.8 60.8 17.6 31.1 12.3 51.8 16.3
HALC 21.7 7.1 51.0 14.8 24.5 8.0 53.8 15.7 28.2 9.1 49.6 15.4
Ours 20.0 6.2 49.8 14.3 23.5 8.2 52.2 15.5 27.3 8.4 48.0 14.3

Table 3.2: Results on CHAIR [43] benchmark. We limit the maximum number
of new tokens to 64 or 128. Lower (↓) CHAIRS, CHAIRI indicate better performance.
The best results in each setting are bolded, and the second-best are underlined.
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Method
Object-level Attribute-level

MME Score ↑
Existence ↑ Count ↑ Position ↑ Color ↑

Regular 173.75 121.67 117.92 149.17 562.50
DoLa 176.67 113.33 90.55 141.67 522.22
OPERA 183.33 137.22 122.78 155.00 598.33
VCD 186.67 125.56 128.89 139.45 580.56
M3ID 186.67 128.33 131.67 151.67 598.11
Woodpecker 187.50 125.00 126.66 149.17 588.33
HALC 183.33 133.33 107.92 155.00 579.58
Ours 191.67 145.55 136.66 161.66 635.55

Table 3.3: Results on MME-Hallucination [18] with LLaVA-1.5 [38]. We
report the average MME scores for each subset. Higher scores (↑) indicate better
performance. The best results are bolded, and the second-best are underlined.

Method Avg. Latency ↓ GPU Memory ↓ CHAIRS ↓ MME ↑ POPE ↑ MMBench ↑ MM-Vet ↑

Regular 3.47 s (×1.00) 14945 MB (×1.00) 55.0 562.5 83.44 64.1 26.1
VCD 6.97 s (×2.01) 15749 MB (×1.05) 54.4 580.6 87.15 64.6 30.9
M3ID 7.05 s (×2.03) 15575 MB (×1.04) 54.4 598.1 87.52 64.4 29.9
OPERA 24.70 s (×7.12) 22706 MB (×1.52) 52.6 598.3 88.85 64.4 32.0
Woodpecker 10.68 s (×3.08) 22199 MB (×1.49) 57.6 588.3 86.45 64.0 30.6
HALC 22.61 s (×6.52) 23084 MB (×1.54) 51.0 579.6 87.68 64.2 30.8
Ours 3.70 s (×1.07) 14951 MB (×1.00) 49.8 635.55 89.10 65.0 32.8

Table 3.4: Efficiency comparison. For each method, we present the average
inference latency per instance and peak GPU memory. Experiments are conducted
on a single RTX A6000 Ada GPU.

Strategy
POPE ↑ CHAIR ↓

Acc. Prec. Rec. F1 CHAIRS CHAIRI

Regular 80.42 78.20 84.59 81.27 26.2 9.4
aVℓ,i ← 0 84.26 82.13 87.69 84.82 21.2 6.9
aVℓ,i ← aVℓ,i + ε 83.95 81.67 88.16 84.79 22.1 7.6
aTℓ,i ← aTℓ,i ∗ 2 84.37 82.52 87.55 84.96 21.6 6.8
Ratio←

∑
aT /

∑
aV 84.20 81.57 87.56 84.46 23.1 8.2

Ours 84.91 82.84 88.07 85.37 20.0 6.2

Table 3.5: Different Strategies for textual enhancement. We conduct experi-
ments with different textual enhancement strategies.
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Chapter 4

Conclusions

Hallucination remains a persistent and critical challenge in the deployment of Large
Vision-Language Models (LVLMs), particularly in applications that demand high
reliability and fidelity to visual inputs. In this thesis, we introduced two novel, training-
free approaches—Self-Correcting Decoding with Generative Feedback (DeGF) and
One-Layer Intervention (ONLY)—to address this problem from different angles.
DeGF enhances output fidelity by incorporating generative feedback from a text-
to-image model, enabling refined decoding based on visual alignment, albeit with
higher computational demands. In contrast, ONLY offers a lightweight and efficient
mechanism that selectively amplifies textually grounded signals during decoding,
providing a practical solution with minimal inference overhead.

Both methods demonstrate strong empirical performance across standard halluci-
nation benchmarks, with ONLY achieving comparable or superior results to existing
approaches at a fraction of the computational cost. Together, these contributions pro-
vide practical, effective tools for mitigating hallucinations in LVLMs and underscore
the potential of decoding-time interventions in enhancing model reliability. Future
work may explore integrating these techniques into broader multimodal systems or
extending them to more complex real-world tasks requiring grounded, trustworthy
generation.
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