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ABSTRACT

Vision language models (VLMs) have achieved remarkable success across diverse
vision-language tasks, yet they remain highly susceptible to hallucinations, pro-
ducing content that is fluent but inconsistent with visual evidence. Such halluci-
nations, spanning objects, attributes, and relations, persist even in larger models,
while existing mitigation approaches often require additional fine-tuning, hand-
crafted priors, or trade-offs that compromise informativeness and scalability. To
address this limitation, we propose a training-free, self-supervised method for hal-
lucination mitigation. Our approach introduces a novel hallucination amplifica-
tion mechanism: a caption is projected into the visual space via a text-to-image
model to reveal implicit hallucination signals, serving as a negative anchor, while
the original image provides a positive anchor. Leveraging these dual anchors,
we edit decoder hidden states by pulling representations toward faithful seman-
tics and pushing them away from hallucination directions. This correction re-
quires no human priors or additional training costs, ensuring both effectiveness
and efficiency. Extensive experiments across multiple benchmarks show that our
method significantly reduces hallucinations at the object, attribute, and relation
levels while largely preserving recall and caption richness, e.g., achieving a hal-
lucination reduction by over 5% using LLaVA-v1.5-7B on CHAIR. Furthermore,
results on diverse architectures, including LLaVA-NEXT-7B, Cambrian-8B, and
InstructBLIP-7B, validate strong cross-architecture generalization. More impor-
tantly, when applied to hallucination-free captions, our method introduces almost
no side effects, underscoring its robustness and practical plug-and-play applica-
bility. The implementation will be publicly available.

1 INTRODUCTION

Vision Language Models (VLMs) (OpenAI, 2023b; Zhu & et al., 2025; Team et al., 2025a; Bai &
et al., 2025; Liu et al., 2023; Team et al., 2025b; Lu et al., 2025) have achieved remarkable progress
on diverse vision-language tasks, including image caption (Ge et al., 2024; Wang et al., 2023), visual
question answering (Lee et al., 2024; Lin et al., 2025), and cross-modal retrieval (Bai et al., 2025b;
Yang et al., 2024). Despite the progress, VLMs remain vulnerable to hallucinations, i.e., generating
content that is fluent and plausible but inconsistent with the visual semantics. These hallucinations
can be generally categorized into three types: object-level, attribute-level, and relation-level (Bai
et al., 2025a). For instance, models may often mention non-existent objects, assign incorrect at-
tributes, or describe spurious relations between objects.

Recent studies have shown that hallucinations persist even in larger and more advanced mod-
els (Rohrbach et al., 2019; Li et al., 2023b;a; Jiang et al., 2025), suggesting that scaling alone is
insufficient. Existing efforts to mitigate hallucinations in VLMs often involve external interventions
(e.g., object detector) (Yin et al., 2024), additional fine-tuning (Zhang et al., 2024; Zhou et al., 2023;
Hu et al., 2024), or latent editing and decoding adjustments (Jiang et al., 2025; Liang et al., 2024).
However, these approaches face limitations: they rely on hand-crafted priors, fine-tuning demands
additional data and computational overheads, and many latent editing-based methods often struggle
with subtle hallucinations and may inadvertently suppress useful semantics. Therefore, this raises a
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Figure 1: Illustration of our proposed method on LLaVA-v1.5-7b. The reconstructed image from the
regular model’s caption contains clearer hallucinated objects (circled in red), with the correspond-
ing hallucinated terms highlighted in bold red with the caption. In contrast, our method not only
effectively removes hallucinations but also preserves the information richness of the caption, with
more accurate and specific descriptions.

critical question: Can we design a training-free and self-supervised method that requires no extra
supervision to mitigate hallucination without sacrificing informativeness?

To address this, we propose a training-free method that identifies correction directions to edit hid-
den states in the decoder layers in a self-supervised manner, after which the model produces cap-
tions that remain informative while being more faithfully grounded in visual evidence. Specifically,
since hallucinations are typically subtle and even undetectable based solely on text modality, we
find that reconstructing an image from a potentially hallucinated caption via a Text-to-Image (T2I)
model (Ho et al., 2020) can expose implicit hallucination information, serving as one visual anchor
during inference. Meanwhile, the original image provides the second visual anchor that guides the
representation toward the ground truth semantics. Based on these dual anchors, we manipulate the
latent representation by pulling image token embeddings toward the clean semantics of the original
image and pushing them away from the hallucination direction derived from the reconstruction. In
this way, our method establishes a fully self-supervised correction mechanism, requiring no human
priors or additional training, while maintaining informativeness and robustness. More importantly,
when applied to hallucination-free captions, our method introduces almost no side effects, enabling
seamless integration into existing VLMs to reduce potential hallucinations without first detecting
hallucinations. Experiment results across various benchmarks and models demonstrate that our ap-
proach can effectively reduce hallucinations at the object, attribute, and relation levels while largely
preserving recall and caption richness. Moreover, results across different VLM architectures, e.g.,
LLaVA-v1.5-7B (Liu et al., 2023), LLaVA-NEXT-7B (Liu et al., 2024b), etc., demonstrate strong
cross-architecture generalization and plug-and-play applicability.

The contributions of this work can be summarized as follows: 1) We propose a training-free, self-
supervised method to mitigate hallucinations in VLMs. By deriving supervision directly from the
model’s own outputs, our approach works in an entirely end-to-end and plug-and-play fashion. 2)
We introduce a novel hallucination amplification mechanism that projects caption semantics into
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the visual space using a T2I model. This makes otherwise implicit hallucinations perceptible and
provides a lightweight way to construct reliable supervisory signals. 3) Our method jointly anchors
semantics from the original images and suppresses hallucination directions from the reconstructed
image. This dual steering guidance removes only hallucination components while preserving gen-
uine semantics, striking a balance between faithfulness and informativeness. 4) Experiment results
show that our method outperforms existing approaches by a large margin. Meanwhile, our approach
achieves the optimal trade-off between hallucination reduction and information richness, establish-
ing a strong baseline for future research on hallucination reduction.

2 RELATED WORK

Vision Large Language Models. The emergence of VLMs (Team et al., 2025a; Zhu & et al.,
2025) marks a significant advancement in Visual Question Answering (VQA), image captioning,
and so on, extending the capabilities of traditional Large Language Models (LLMs) to process and
reason across diverse modalities. VLMs fuse visual encoders, visual projectors, and LLMs, which
could leverage visual components to let VLMs understand and reason the information mixed with
image and text. For instance, GPT-4v (OpenAI, 2023b) builds upon GPT-4 (OpenAI et al., 2024),
Qwen2.5-VL (Bai & et al., 2025) is based on Qwen2.5-LM (Qwen et al., 2025), and LLaVA (Liu
et al., 2023) incorporates Vicuna (Chiang et al., 2023). Most VLMs follow a two-stage training
paradigm, consisting of pre-training and post-training. The pre-training stage exposes the model
to large-scale image-text data to learn general visual knowledge. Post-training then applies refined
techniques, such as Supervised Fine-Tuning (SFT) (Dai et al., 2023) and reinforcement learning
(e.g., RLHF (Ouyang et al., 2022; Schulman et al., 2017; Shao et al., 2024)), to improve downstream
performance and better align with human preferences.

Mitigating Hallucinations in VLMs. Efforts to mitigate hallucinations in VLM can be categorized
into two main directions: training-related and inference-related work (Bai et al., 2025a). Training-
related strategies primarily involve auxiliary supervision, which uses visual signals (Chen et al.,
2023) or leveraging contrastive learning (Sarkar et al., 2025), and reinforcement learning from hu-
man feedback (Ben-Kish et al., 2024; Sun et al., 2023; Yu et al., 2024) to obtain more reliable and
trustworthy model outputs. Inference-related approaches offer lightweight and efficient alternatives
that do not require retraining the model. Many of them put efforts into the decoding strategy, such
as Contrastive Decoding VCD (Leng et al., 2023), ICD (Wang et al., 2024), and Guided Decod-
ing DeCo (Wang et al., 2025). Some studies also explore modifying intermediate representations
within the language model component of VLMs, which not only helps mitigate hallucinations but
also offers a good interpretable insight (Jiang et al., 2025; Liu et al., 2024c). A great body of work
has shown that these training-free or post-hoc revision methods can achieve or even outperform
training-related methods (Ge et al., 2024), making them appealing for practical applications.

Text-Image Generative Model Efforts in VLMs. Text-to-Image (T2I) generative models have
been increasingly integrated into the development and evaluation of VLMs, typically for two ma-
jor purposes. First, T2I models are used for benchmark construction, where generated images are
based on corresponding captions that include diverse open-vocabulary objects using a T2I diffu-
sion model (Ben-Kish et al., 2024). Second, T2I models play a crucial role in the construction of
training datasets. V-DPO (Xie et al., 2024) devises a vision-guided direct preference optimization
with a synthetic dataset containing both response-contrast and image-contrast preference pairs. ES-
REAL (Kim et al., 2024) proposes to utilize a T2I model to semantically reconstruct an image from
the generated caption. After that, the semantic misalignment between the two images can serve as
feedback to optimize the model. In addition, ConVis Park et al. (2024) also explore applying recon-
structed image from T2I models during the model’s decoding stage, which brings improvements in
areas such as halluciantions.

3 PROPOSED METHOD

3.1 OVERVIEW

As illustrated in Fig.2, our method proposes an end-to-end pipeline to mitigate hallucination. Given
an input image, we use a VLM to produce an initial caption, which may include hallucinated objects

3
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Figure 2: Overview of the proposed method. Given an image and a query, the VLM generates a
caption that may contain hallucinations. The caption is then fed into a T2I model to reconstruct an
auxiliary image, which amplifies potential hallucinations. Next, both the original and reconstructed
images are encoded into embeddings that serve as dual anchors. By injecting these embeddings into
the decoder layers to edit hidden representations during inference, the model produces captions that
are faithful to visual content without sacrificing informativeness.

or relations. To expose the potential hallucinations in captions, we synthesize a reconstructed image
based on the caption using a text-to-image (T2I) model. This reconstruction can naturally amplify
and externalize hallucinated content into the visual space. As a result, hallucinations that were origi-
nally implicit and difficult to detect in textual semantic space become perceptible once projected into
images. Both the original image and the reconstructed image are fed through the image encoder and
projection head to obtain the embeddings, denoted as f(I) and f(I ′), respectively. Here, f(I) acts
as a clean semantic anchor, guiding the representation toward faithful visual semantics, while f(I ′)
explicitly captures the hallucination direction amplified through reconstruction. By simultaneously
pulling the image token embeddings toward f(I) and pushing them away from f(I ′), our method
establishes an adversarial correction mechanism that requires no hand-crafted metrics or external
supervision. Therefore, this design transforms hallucination suppression into a fully self-supervised
process, enabling end-to-end correction without human intervention.

3.2 HOW TO EXPOSE HALLUCINATIONS

Figure 3: Illustration of the effectiveness of
the hallucination amplification mechanism.

Hallucinations in VLMs are intrinsically difficult to
detect because they are linguistically well-formed
and often indistinguishable from faithful descrip-
tions at the text level. The discrepancy lies not in
language plausibility but in the misalignment with
visual evidence, which the model itself is typically
insensitive to. To address this, we introduce a hal-
lucination exposure mechanism that leverages gen-
erative reconstruction to convert implicit inconsis-
tencies into explicit and observable signals. Specifi-
cally, given an input image and its generated caption,
we use a text-to-image (T2I) model, e.g., FLUX.1-
dev (Labs et al., 2025; Labs, 2024), to reconstruct an

image from the caption. This reconstructed image exaggerates and materializes the semantics, in-
cluding hallucinated objects or relations, thereby amplifying otherwise hidden inconsistencies and
providing usable supervisory signals for subsequent correction.
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To further validate this intuition, Fig.3 illustrates the effectiveness of our hallucination amplification
mechanism. For consistency in semantic representation, we compute similarity purely in the tex-
tual space. Concretely, let the original image and its caption be denoted as I and τ . By injecting
hallucinated information into τ , we obtain a hallucinated caption τ ′, which is then fed into a T2I
model to reconstruct an image I ′. Instead of directly comparing the embeddings of I and I ′, we
leverage LLaVA to caption both images, producing t and t′, and compute the similarity between
them. Thus, we compare the differences between sim(τ , τ ′) and sim(t, t′). Notably, even though
both the similarity is measured between captions in the textual space, we observe a significant drop
once hallucinations are introduced and amplified via reconstruction. This demonstrates that our am-
plification mechanism transforms subtle, implicit hallucinations into detectable semantic deviations.
More importantly, the proposed cross-modal amplification mechanism is entirely training-free and
can be applied in a post-hoc manner. It reveals a broader spectrum of hallucination types, including
relational and logical inconsistencies, that remain subtle in pure text space, providing an efficient
and generalizable pathway.

3.3 HALLUCINATION MITIGATION VIA LATENT EDITING

Dual Supervision Construction. We leverage cross-modality reconstruction to amplify potential
hallucinations, turning subtle semantic noise in captions into perceptible signals in the visual space.
Since our ultimate goal is to mitigate hallucinations in caption generation, it is more effective to
operate on the image-space latent representations. We use the original input image I as a semantic
anchor, which encodes the clean and faithful semantics. Its embedding, denoted as f(I), obtained
through the image encoder and projection head, naturally serves as a ground-truth supervision signal.
By pulling the latent representation of the caption closer to this anchor, we ensure that editing
does not distort or erase genuine visual information. Meanwhile, the reconstructed image I ′ is
generated based on the obtained caption, which may originally contain hallucinated information. Its
embedding f(I ′) thus provides potentially negative supervision signals, pointing to the direction in
the latent space that corresponds to potential hallucinations. By pushing the caption representation
away from this embedding, we discourage it from retaining hallucination-related features.

Latent Representation Editing. Previous studies (Huh et al., 2024; Jiang et al., 2025; Liu et al.,
2025; Stolfo et al., 2025; Jiang et al., 2024) have shown that steering and editing latent representation
can guide the generation of LLMs, and have been applied to various tasks such as instruction fol-
lowing and hallucination mitigation, with correction directions typically from handcrafted priors or
training objectives. In contrast, our proposed method introduces a training-free and dual-supervision
scheme. We combine these two directions and edit the image tokens in the embedding extracted from
a selected decoder layer as follows:

K ′
h,l = Kh,l + αf(I)− βf(I ′), h ∈ Himg, l ∈ [1, L], (1)

where Kh,l stands for the embedding of the h-th token at the l-th decoder layer, Himg = {i1, i1 +
1, . . . in} represents the set of positions corresponding to the image-related tokens, α and β are
scalar coefficients controlling the contributions from the original image I and the dual image I ′,
respectively, and f(·) denotes the combined transformation of image encoder and projector.

Since the potential hallucination signals are derived directly from the model’s outputs without re-
quiring external annotation, and the supervision employed for editing is also automatically con-
structed within the same pipeline, the entire approach constitutes a fully self-supervised, end-to-end
knowledge editing strategy that requires no human intervention. Thus, our method can be used as a
plug-and-play module in the VLM inference process.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets and Evaluation Metrics. To comprehensively validate the effectiveness of our method
on mitigating hallucination issues on large vision-language models, we utilize the Caption Hallu-
cination Assessment with Image Relevance (CHAIR) (Rohrbach et al., 2019), MLLM Evaluation
benchmark (MME) (Fu et al., 2024), and Pooling-based Object Probing Evaluation (POPE) (Li et al.,
2023b) benchmarks.
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Table 1: Performance of hallucination mitigation on CHAIR across various metrics.

Methods CHAIRS ↓ CHAIRI ↓ Average ↓ Length↑ Recall ↑ HAR@1 ↑
Baseline 53.0 14.0 33.50 92.20 81.00 0.7304
OPERA 47.8 14.6 31.20 98.65 76.80 0.7258
ICD 56.2 16.3 36.25 103.40 16.31 0.2596
VCD 48.7 14.9 31.80 100.40 77.32 0.7247
Ours 47.8 12.7 30.25 92.44 80.10 0.7460

However, directly using the hallucination rate or recall may not fully assess hallucination mitigation
performance. For example, a model can trivially achieve a very low hallucination rate by producing
no or overly short captions, but such outputs fail to capture the visual content. To address this, we
combine the hallucination rate and the recall into a unified metric and therefore propose the metric
HAR@β (Hallucination and Recall), which is defined as:

HAR@β =
(1 + β2rq)

β2q + r
, q = 1− h (2)

where h denotes the hallucination rate CHAIR and r denotes the recall (HAR ∈ [0, 1]). The met-
ric is monotonic in both q and r, and the parameter β controls the trade-off: β > 1 emphasizes
recall, whereas β < 1 emphasizes reducing hallucinations. In this way, a high HARβ can only
be achieved when both the recall and the non-hallucinated rates are high. POPE serves as a com-
plement to CHAIR in object hallucinations on SEEM-annotated datasets, including MSCOCO (Lin
et al., 2015), A-OKVQA (Schwenk et al., 2022), and GQA (Hudson & Manning, 2019), thereby
broadening the evaluation scope by focusing on the model’s performance with context-dependent
prompts. Moreover, for hallucination at the attribute level, we adopt the MME benchmark. Similar
to POPE, MME tasks are framed as binary Yes-or-No questions, facilitating consistent evaluation.
Some results for baseline methods are taken from (Zou et al., 2025).

Experiment Settings. We conduct experiments using several of the most representative model
architectures. Unless specified, we adopt LLaVA-v1.5-7B (Liu et al., 2023), a widely adopted large
vision-language model for image–text understanding and captioning, and FLUX.1-dev, a popular
open-source generative model that exemplifies recent advances in text-to-image generation. For
fairness, in our comparison, we set all the decoding hyperparameters and temperature the same
across different decoding methods. Closely following (Jiang et al., 2025), in our method, we also
conduct latent editing in the second layer and uniformly set both α and β to 0.1.

4.2 HALLUCINATION MITIGATION RESULTS

In this section, we evaluate the model on three benchmarks, i.e., CHAIR, MME, and POPE, to assess
its performance in image captioning, object hallucination, and attribute hallucination.

Results on CHAIR. As shown in Table 1, our method consistently outperforms other baselines
on both CHAIRS and CHAIRI , demonstrating its superior effectiveness in suppressing hallucina-
tions. Meanwhile, although nearly all methods inevitably reduce recall while suppressing halluci-
nations, reflecting a trade-off between faithfulness and informativeness, our approach achieves the
smallest drop. This demonstrates that our method captures a broad range of ground-truth objects.
With the HAR@β metric, our method achieves the highest score, highlighting its ability to reduce
hallucinations while maintaining coverage. This superior performance originates from our dual-
supervision construction, which simultaneously anchors clean semantics from the original image
and suppresses hallucination directions from the reconstructed image. In essence, this editing re-
moves only the component along this direction rather than globally suppressing the representation.
Thus, our method mitigates hallucinations with little side effect, preserving both informativeness
and semantic richness.

Results on POPE. While CHAIR primarily evaluates caption hallucinations at the object level,
POPE complements it with a polling-based framework. The performance on the POPE benchmark
under random, popular, and adversarial settings is presented in Table 2. It can be observed that
our method consistently achieves the best performance across all settings. Notably, our method can
achieve up to +5.95% accuracy and +6.85% F1 score on average, outperforming other training-free
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Table 2: Performance comparisons on POPE across different settings and datasets.

Dataset Methods Random Popular Adversarial Average

Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑ Accuracy ↑ F1-score ↑

MSCOCO

Baseline 83.49 82.28 79.98 79.34 76.03 76.26 79.83 79.29
ICD 84.87 83.27 82.93 81.45 81.07 79.96 82.96 81.56
VCD 86.84 86.83 82.65 83.37 77.31 79.28 82.27 83.16
OPERA 87.53 86.45 84.21 83.50 80.88 80.69 84.21 83.55
Ours 89.35 89.43 86.00 86.14 81.76 82.84 85.70 86.14

A-OKVQA

Baseline 83.45 82.56 79.90 79.59 74.04 75.15 79.13 79.10
ICD 85.57 85.06 81.93 81.95 77.43 78.99 81.64 82.00
VCD 86.15 86.34 81.85 82.82 74.97 77.73 80.99 82.30
OPERA 88.27 87.54 85.17 84.74 79.37 79.97 84.27 84.08
Ours 89.53 89.31 86.50 86.63 79.20 80.79 85.08 85.58

GQA

Baseline 83.73 82.95 78.17 78.37 75.08 76.06 78.99 79.13
ICD 84.90 84.22 78.37 78.81 75.97 76.93 79.75 79.99
VCD 86.65 86.99 80.73 82.24 76.09 78.78 81.16 82.67
OPERA 83.73 82.95 78.17 78.37 75.08 76.06 78.99 79.13
Ours 87.80 87.43 82.73 83.01 79.73 80.66 83.42 83.70

Table 3: Performance comparisons on MME.

Methods MME-Hall Total ↑ Object-Level Attribute-Level

Existence ↑ Count ↑ Position ↑ Color ↑
Baseline 643.3 190.0 155.0 128.3 170.0
ICD 583.3 185.0 130.0 121.7 146.7
VCD 648.3 190.0 155.0 133.3 170.0
OPERA 610.0 195.0 128.3 121.7 165.0
Ours 667.3 193.0 156.7 150.0 167.7

Table 4: Robustness to
hallucination-free captions across
different VLMs.

∆ of CHAIR ∆ of Recall

LLaVA-v1.5-7B 0 -2
LLaVA-NEXT-7B 0 0

Cambrian-8B 0 -2
InstructBLIP-7B 0 +1

approaches by a large margin. Therefore, these results demonstrate that our method provides a
reliable and generalizable solution across different levels of difficulty.

Results on MME. In addition to object-level hallucinations, we further evaluate our method on the
MME benchmark, which targets attribute-level hallucinations, which is a finer-grained and consid-
erably more challenging setting. It can be observed from Table 3 that our method achieves strong
performance on the MME benchmark. In particular, it achieves notable gains on position- and count-
related tasks, while maintaining competitive results on object-level existence and color recognition.
Moreover, we observe a slight drop in color-related tasks, which can be attributed to the inherent
limitations of T2I models in handling fine-grained color information. This phenomenon suggests
that the reconstructed images, while effective in amplifying and exposing hallucination directions,
may introduce uncertainty in some more fine-grained perception, thereby influencing the internal
knowledge of the VLMs. We further discuss this point in Appendix A.

Cross-Architecture Generalization. We further employ our method to other widely-used VLM,
including LLaVA-NEXT-7B (Liu et al., 2024b), Cambrian-8B (Tong et al., 2024), and InstructBLIP-
7B (Dai et al., 2023). As shown in Table 5, our approach demonstrates consistent improvements in
hallucination mitigation across different architectures. Notably, on LLaVA-NEXT-7B, our method
substantially reduces hallucinations, with CHAIRS decreasing from 22.4 to 6.6 and CHAIRI from
6.0 to 2.9. On InstructBLIP-7B, our method not only reduces hallucinations but also improves recall
compared to the baseline. Importantly, these gains are achieved without sacrificing caption length
or informativeness, striking a favorable balance between faithfulness and coverage. Overall, the
results highlight that our proposed dual-supervision editing mechanism can serve as a plug-and-play
module across diverse VLMs.

Robustness Under Non-Hallucinated Conditions An important property of hallucination mitiga-
tion is its robustness: while reducing hallucinations is desirable, the method should not degrade
captions that contain no hallucinations. While most existing methods do not evaluate robustness on
hallucination-free cases, we explicitly test this by applying our editing mechanism to captions with-
out hallucinations and comparing the outputs before and after latent editing. As shown in Table 4,
we report the average change of CHAIR and recall per caption across different models. The results
show that the CHAIR metric remains unchanged while recall presents a slight fluctuation (±2 on
average). The results demonstrate that our editing is robust: it suppresses hallucinations when they
exist, yet does not introduce side effects when hallucinations are absent. As a result, our method can
be seamlessly plugged into different VLMs without the need to first detect hallucinations, highlight-
ing the practical significance.
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Table 5: Cross-architecture generalization of our method on LLaVA-NEXT-7B, Cambrian-8B, and
InstructBLIP-7B.

CHAIR
Method CHAIRS CHAIRI Average Length Recall HAR@1 ↑

LLaVA-NEXT-7B
Baseline 22.4 6.0 14.20 167.78 64.40 0.7358

Ours 6.6 2.9 4.75 119.51 60.21 0.7377

Cambrian-8B
Baseline 9.6 3.8 6.70 65.45 53.42 0.6792

Ours 8.0 2.9 5.45 67.43 53.29 0.6809

InstructBLIP-7B
Baseline 57.4 15.5 36.45 98.08 74.70 0.6868

Ours 56.4 15.8 36.10 98.61 75.17 0.6905

Table 6: Analytical results on weight factor α and β across different settings.

α β CHAIRS CHAIRI Average Length Recall HAR@1 ↑

α = β

0.09 0.09 51.8 13.9 32.85 92.33 80.18 0.7310
0.10 0.10 47.8 12.7 30.25 92.44 80.05 0.7456
0.11 0.11 42.4 11.8 27.10 97.66 77.49 0.7511
0.12 0.12 40.2 12.7 26.45 97.38 75.98 0.7460

α ̸= β

0.08 0.12 38.6 12.4 25.50 101.80 74.48 0.7448
0.09 0.11 41.0 11.9 26.45 100.02 76.90 0.7519
0.11 0.09 51.2 13.5 32.35 92.32 80.91 0.7368
0.12 0.08 52.0 14.0 33.00 92.33 81.69 0.7362

4.3 ANALYTICAL RESULTS

Effect of Weight Factor α and β. We directly set the weight factors in Eq.1 following (Jiang et al.,
2025). In this section, to investigate the influence of weight factors α and β in our dual-supervision
editing, we conduct experiments under both symmetric (α = β) and asymmetric (α ̸= β) settings.
As shown in Table 6, under the symmetric setting, increasing α and β progressively suppresses hal-
lucinations. However, recall simultaneously drops from 80.18 to 75.98 while the response length
increases. This shows that larger weights enforce stronger hallucination suppression, but at the cost
of reduced content coverage and more verbose outputs. Moreover, the asymmetric setting reveals
that encouraging negative supervision, i.e., β > α, achieves a greater hallucination mitigation while
the model is also overly conservative and tends to produce repetitive responses. In contrast, when
β is smaller than α, recall increases, but this comes at the expense of higher hallucination rates.
Therefore, the symmetric setting strikes a favorable trade-off, delivering effective hallucination sup-
pression while preserving recall and avoiding overly conservative behavior.

Effect of Dual Supervision Signals. To better understand the effect of each supervision signal
in Eq.1, we conduct ablation studies. As shown in Table 7, removing both signals represents the
baseline performance, which results in the highest hallucination rates. Introducing only the negative
supervision −βf(I ′) presents very strong effectiveness in hallucination mitigation and increases
the response length. However, we find that in this case, the model behaves overly conservatively:
a substantial portion of the responses are repetitive or focus solely on captioning a single object.
Thus, the recall is the lowest among variants. While the response length increases, the information
richness does not increase, indicating degraded captioning capability. In contrast, introducing only
the positive supervision +αf(I) emphasizes the visual tokens of the original image. Since this
variant does not introduce any component for hallucination mitigation, it brings limited influence
on hallucination performance. When combining both components, our method achieves the best
trade-off overall, e.g., achieving the highest HAR@1 score. Specifically, since the dual supervision
signals influence model performance in different directions, the results deteriorate when either one
is absent. For instance, the presence of f(I ′) tends to make the model overly conservative: while
it suppresses fabricated content, it also prevents the model from recognizing objects that actually
exist. In contrast, the presence of f(I) serves as a compensation for this drawback. Therefore,
integrating +f(I) with −f(I ′) allows the model to preserve information richness and coverage,

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

Table 7: Ablation study of the two supervision components in our algorithm using LLaVA-1.5.

+αf(I) −βf(I ′) CHAIRS CHAIRI Average Length Recall HAR@1 ↑

✗ ✗ 53.0 14.0 33.50 92.20 81.00 0.7300
✓ ✗ 51.4 14.2 32.80 91.46 80.61 0.7330
✗ ✓ 46.4 12.0 29.20 101.42 76.62 0.7360
✓ ✓ 47.8 12.7 30.25 92.41 80.05 0.7456

Table 8: Ablation study of the decoder layers used for
latent editing used in our method.

l CHAIRS CHAIRI Average Length Recall HAR@1 ↑

53.0 14.0 33.50 92.20 81.00 0.7300
3 47.8 12.7 30.25 92.44 80.05 0.7456
6 51.6 14.3 32.95 92.16 81.50 0.7358
9 52.4 14.4 33.40 92.99 81.82 0.7342

12 50.8 13.8 32.30 91.78 80.77 0.7365
15 51.0 14.1 32.55 92.38 80.45 0.7338
18 51.6 14.0 32.80 91.47 80.51 0.7326
21 51.8 13.7 32.75 91.78 81.36 0.7364
24 51.0 13.4 32.20 91.72 80.45 0.7360

Table 9: Effect of our proposed hallu-
cination amplification mechanism. We
generate the reconstructed image using
GPT-image (OpenAI).

Metric Baseline FLUX.1-dev GPT-image

CHAIRS 53.0 47.8 48.5
CHAIRI 14.0 12.7 13.3
Average 33.50 30.25 30.90
Length 92.20 92.44 94.01
Recall 81.00 80.05 78.70
HAR@1 ↑ 0.7300 0.7456 0.7359

while still ensuring effective suppression of hallucinations. As a result, removing any component
from our method inevitably leads to suboptimal performance.

Effect of Layer l. Table 8 shows the results of applying our method at different decoder layers. It can
be seen that our method consistently proves effective across most layers. Consistent with the results
in (Jiang et al., 2025), we observe that intervening at relatively shallow layers yields stronger hal-
lucination suppression, as the injected supervision can influence downstream representations more
directly. However, this often comes with a slight drop in recall, suggesting that shallow-layer edits
may over-regularize the model’s perception. In contrast, applying edits at middle or deeper layers
better preserves recall and caption richness while still reducing hallucinations to a certain extent.
We will further discuss the layer selection in Appendix A.

Effect of the Generative Model. To assess the effect of the hallucination amplification mechanism
and the generative models, we evaluate the effectiveness of our method using a different generative
model, GPT-image (OpenAI). As shown in Table 9, both variants substantially reduce hallucinations
compared to the baseline, achieving lower CHAIRS and CHAIRI scores. Importantly, the overall
improvements remain consistent across generative models, with only minor variations in recall and
response length. This demonstrates that the effectiveness of our approach stems from the amplifica-
tion mechanism itself rather than any particular generative architecture, highlighting its robustness
and generalizability.

5 CONCLUSION

This paper proposes a training-free and self-supervised hallucination mitigation method for mul-
timodal large language models, which leverages dual visual anchors to edit the hidden state in an
end-to-end manner. Our method can reduce hallucination at the object, attribute, and relation levels
without sacrificing informativeness, while showing strong cross-architecture generalization. More
importantly, our method achieves superior robustness on hallucination-free data and can serve as
a plug-and-play module. We hope that our work inspires further exploration of training-free vi-
sual grounding techniques and serves as a practical baseline for building more faithful and reliable
VLMs.

9
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6 ETHIC AND REPRODUCIBILITY STATEMENT

We introduce a novel method to mitigate hallucination problems in VLMs, improving their safety
and reliability for the community. The datasets (benchmarks) used for the evaluation and comparison
of our method and baselines are publicly accessible, ensuring the transparency and reproducibility
of our work. We will release our work to the community as soon as it is accepted, ensuring that our
work is reproduced and grounded for other researchers and practitioners.

REFERENCES

Shuai Bai and Keqin Chen et al. Qwen2.5-vl technical report, 2025. URL https://arxiv.
org/abs/2502.13923.

Zechen Bai, Pichao Wang, Tianjun Xiao, Tong He, Zongbo Han, Zheng Zhang, and Mike Zheng
Shou. Hallucination of multimodal large language models: A survey, 2025a. URL https:
//arxiv.org/abs/2404.18930.

Zechen Bai, Tianjun Xiao, Tong He, Pichao Wang, Zheng Zhang, Thomas Brox, and Mike Zheng
Shou. Bridging information asymmetry in text-video retrieval: A data-centric approach, 2025b.
URL https://arxiv.org/abs/2408.07249.

Assaf Ben-Kish, Moran Yanuka, Morris Alper, Raja Giryes, and Hadar Averbuch-Elor. Mitigat-
ing open-vocabulary caption hallucinations, 2024. URL https://arxiv.org/abs/2312.
03631.

Cong Chen, Mingyu Liu, Chenchen Jing, Yizhou Zhou, Fengyun Rao, Hao Chen, Bo Zhang, and
Chunhua Shen. Perturbollava: Reducing multimodal hallucinations with perturbative visual train-
ing, 2025. URL https://arxiv.org/abs/2503.06486.

Zhiyang Chen, Yousong Zhu, Yufei Zhan, Zhaowen Li, Chaoyang Zhao, Jinqiao Wang, and Ming
Tang. Mitigating hallucination in visual language models with visual supervision, 2023. URL
https://arxiv.org/abs/2311.16479.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//lmsys.org/blog/2023-03-30-vicuna/.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Meng Huat Tiong, Junqi Zhao, Weisheng Wang,
Boyang Li, Pascale Fung, and Steven Hoi. Instructblip: Towards general-purpose vision-language
models with instruction tuning, 2023. URL https://arxiv.org/abs/2305.06500.

Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin, Mengdan Zhang, Xu Lin, Jinrui Yang, Xiawu
Zheng, Ke Li, Xing Sun, Yunsheng Wu, and Rongrong Ji. Mme: A comprehensive evaluation
benchmark for multimodal large language models, 2024. URL https://arxiv.org/abs/
2306.13394.

Yunhao Ge, Xiaohui Zeng, Jacob Samuel Huffman, Tsung-Yi Lin, Ming-Yu Liu, and Yin Cui.
Visual fact checker: Enabling high-fidelity detailed caption generation, 2024. URL https:
//arxiv.org/abs/2404.19752.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models, 2020. URL
https://arxiv.org/abs/2006.11239.

Minda Hu, Bowei He, Yufei Wang, Liangyou Li, Chen Ma, and Irwin King. Mitigating large
language model hallucination with faithful finetuning, 2024. URL https://arxiv.org/
abs/2406.11267.

Drew A. Hudson and Christopher D. Manning. Gqa: A new dataset for real-world visual reason-
ing and compositional question answering, 2019. URL https://arxiv.org/abs/1902.
09506.

10

https://arxiv.org/abs/2502.13923
https://arxiv.org/abs/2502.13923
https://arxiv.org/abs/2404.18930
https://arxiv.org/abs/2404.18930
https://arxiv.org/abs/2408.07249
https://arxiv.org/abs/2312.03631
https://arxiv.org/abs/2312.03631
https://arxiv.org/abs/2503.06486
https://arxiv.org/abs/2311.16479
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://arxiv.org/abs/2305.06500
https://arxiv.org/abs/2306.13394
https://arxiv.org/abs/2306.13394
https://arxiv.org/abs/2404.19752
https://arxiv.org/abs/2404.19752
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2406.11267
https://arxiv.org/abs/2406.11267
https://arxiv.org/abs/1902.09506
https://arxiv.org/abs/1902.09506


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Minyoung Huh, Brian Cheung, Tongzhou Wang, and Phillip Isola. The platonic representation
hypothesis, 2024. URL https://arxiv.org/abs/2405.07987.

Nicholas Jiang, Anish Kachinthaya, Suzanne Petryk, and Yossi Gandelsman. Interpreting and edit-
ing vision-language representations to mitigate hallucinations. In The Thirteenth International
Conference on Learning Representations, 2025. URL https://openreview.net/forum?
id=94kQgWXojH.

Yibo Jiang, Goutham Rajendran, Pradeep Ravikumar, Bryon Aragam, and Victor Veitch. On the
origins of linear representations in large language models, 2024. URL https://arxiv.org/
abs/2403.03867.

Liqiang Jing, Ruosen Li, Yunmo Chen, and Xinya Du. Faithscore: Fine-grained evaluations of hal-
lucinations in large vision-language models, 2024. URL https://arxiv.org/abs/2311.
01477.

Minchan Kim, Minyeong Kim, Junik Bae, Suhwan Choi, Sungkyung Kim, and Buru Chang. Esreal:
Exploiting semantic reconstruction to mitigate hallucinations in vision-language models, 2024.
URL https://arxiv.org/abs/2403.16167.

Black Forest Labs. Flux. https://github.com/black-forest-labs/flux, 2024.

Black Forest Labs, Stephen Batifol, Andreas Blattmann, Frederic Boesel, Saksham Consul, Cyril
Diagne, Tim Dockhorn, Jack English, Zion English, Patrick Esser, Sumith Kulal, Kyle Lacey,
Yam Levi, Cheng Li, Dominik Lorenz, Jonas Müller, Dustin Podell, Robin Rombach, Harry Saini,
Axel Sauer, and Luke Smith. Flux.1 kontext: Flow matching for in-context image generation and
editing in latent space, 2025. URL https://arxiv.org/abs/2506.15742.

Jusung Lee, Sungguk Cha, Younghyun Lee, and Cheoljong Yang. Visual question answering instruc-
tion: Unlocking multimodal large language model to domain-specific visual multitasks, 2024.
URL https://arxiv.org/abs/2402.08360.

Sicong Leng, Hang Zhang, Guanzheng Chen, Xin Li, Shijian Lu, Chunyan Miao, and Lidong Bing.
Mitigating object hallucinations in large vision-language models through visual contrastive de-
coding, 2023. URL https://arxiv.org/abs/2311.16922.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image
pre-training with frozen image encoders and large language models. In International conference
on machine learning, pp. 19730–19742. PMLR, 2023a.

Yifan Li, Yifan Du, Kun Zhou, Jinpeng Wang, Wayne Xin Zhao, and Ji-Rong Wen. Evaluating
object hallucination in large vision-language models, 2023b. URL https://arxiv.org/
abs/2305.10355.

Xiaoyu Liang, Jiayuan Yu, Lianrui Mu, Jiedong Zhuang, Jiaqi Hu, Yuchen Yang, Jiangnan Ye,
Lu Lu, Jian Chen, and Haoji Hu. Mitigating hallucination in visual-language models via re-
balancing contrastive decoding, 2024. URL https://arxiv.org/abs/2409.06485.

Tsung-Yi Lin, Michael Maire, Serge Belongie, Lubomir Bourdev, Ross Girshick, James Hays, Pietro
Perona, Deva Ramanan, C. Lawrence Zitnick, and Piotr Dollár. Microsoft coco: Common objects
in context, 2015. URL https://arxiv.org/abs/1405.0312.

Yuxin Lin, Mengshi Qi, Liang Liu, and Huadong Ma. Vlm-assisted continual learning for visual
question answering in self-driving, 2025. URL https://arxiv.org/abs/2502.00843.

Fuxiao Liu, Kevin Lin, Linjie Li, Jianfeng Wang, Yaser Yacoob, and Lijuan Wang. Mitigating
hallucination in large multi-modal models via robust instruction tuning, 2024a. URL https:
//arxiv.org/abs/2306.14565.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning, 2023.

Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuanhan Zhang, Sheng Shen, and Yong Jae Lee.
Llava-next: Improved reasoning, ocr, and world knowledge, January 2024b. URL https://
llava-vl.github.io/blog/2024-01-30-llava-next/.

11

https://arxiv.org/abs/2405.07987
https://openreview.net/forum?id=94kQgWXojH
https://openreview.net/forum?id=94kQgWXojH
https://arxiv.org/abs/2403.03867
https://arxiv.org/abs/2403.03867
https://arxiv.org/abs/2311.01477
https://arxiv.org/abs/2311.01477
https://arxiv.org/abs/2403.16167
https://github.com/black-forest-labs/flux
https://arxiv.org/abs/2506.15742
https://arxiv.org/abs/2402.08360
https://arxiv.org/abs/2311.16922
https://arxiv.org/abs/2305.10355
https://arxiv.org/abs/2305.10355
https://arxiv.org/abs/2409.06485
https://arxiv.org/abs/1405.0312
https://arxiv.org/abs/2502.00843
https://arxiv.org/abs/2306.14565
https://arxiv.org/abs/2306.14565
https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://llava-vl.github.io/blog/2024-01-30-llava-next/


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Sheng Liu, Haotian Ye, Lei Xing, and James Zou. Reducing hallucinations in vision-language
models via latent space steering, 2024c. URL https://arxiv.org/abs/2410.15778.

Sheng Liu, Haotian Ye, and James Zou. Reducing hallucinations in large vision-language models via
latent space steering. In The Thirteenth International Conference on Learning Representations,
2025. URL https://openreview.net/forum?id=LBl7Hez0fF.

Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang Zhang, Wangbo Zhao, Yike Yuan,
Jiaqi Wang, Conghui He, Ziwei Liu, et al. Mmbench: Is your multi-modal model an all-around
player? In European conference on computer vision, pp. 216–233. Springer, 2024d.

Shiyin Lu, Yang Li, Yu Xia, Yuwei Hu, Shanshan Zhao, Yanqing Ma, Zhichao Wei, Yinglun Li,
Lunhao Duan, Jianshan Zhao, Yuxuan Han, Haijun Li, Wanying Chen, Junke Tang, Chengkun
Hou, Zhixing Du, Tianli Zhou, Wenjie Zhang, Huping Ding, Jiahe Li, Wen Li, Gui Hu, Yiliang
Gu, Siran Yang, Jiamang Wang, Hailong Sun, Yibo Wang, Hui Sun, Jinlong Huang, Yuping He,
Shengze Shi, Weihong Zhang, Guodong Zheng, Junpeng Jiang, Sensen Gao, Yi-Feng Wu, Sijia
Chen, Yuhui Chen, Qing-Guo Chen, Zhao Xu, Weihua Luo, and Kaifu Zhang. Ovis2.5 technical
report, 2025. URL https://arxiv.org/abs/2508.11737.

OpenAI. Introducing 4o image generation. https://openai.com/index/
introducing-4o-image-generation/.

OpenAI. DALL·E 3. https://dalle3.ai/, 2023a. Accessed: 2025-11-20.

OpenAI. Gpt-4v(ision) system card. 2023b.

OpenAI, Josh Achiam, and Steven Adler et al. Gpt-4 technical report, 2024. URL https://
arxiv.org/abs/2303.08774.

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L. Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, John Schulman, Jacob Hilton, Fraser Kel-
ton, Luke Miller, Maddie Simens, Amanda Askell, Peter Welinder, Paul Christiano, Jan Leike,
and Ryan Lowe. Training language models to follow instructions with human feedback, 2022.
URL https://arxiv.org/abs/2203.02155.

Yeji Park, Deokyeong Lee, Junsuk Choe, and Buru Chang. Convis: Contrastive decoding with
hallucination visualization for mitigating hallucinations in multimodal large language models,
2024. URL https://arxiv.org/abs/2408.13906.

Qwen, :, An Yang, and Baosong Yang et al. Qwen2.5 technical report, 2025. URL https:
//arxiv.org/abs/2412.15115.

Yuxi Ren, Xin Xia, Yanzuo Lu, Jiacheng Zhang, Jie Wu, Pan Xie, Xing Wang, and Xuefeng Xiao.
Hyper-sd: Trajectory segmented consistency model for efficient image synthesis, 2024. URL
https://arxiv.org/abs/2404.13686.

Anna Rohrbach, Lisa Anne Hendricks, Kaylee Burns, Trevor Darrell, and Kate Saenko. Object
hallucination in image captioning, 2019. URL https://arxiv.org/abs/1809.02156.

Pritam Sarkar, Sayna Ebrahimi, Ali Etemad, Ahmad Beirami, Sercan Ö. Arık, and Tomas Pfister.
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APPENDIX

A DISCUSSION AND FUTURE WORK

We discuss some potential limitations and future work for our method. 1). Following prior
works (Jiang et al., 2025), we conduct latent editing in shallow layers and consistently use the
third layer for simplicity. Future work may explore more adaptive strategies for layer selection, such
as dynamically identifying the most effective intervention points based on input characteristics or
model states. 2). Our method relies on T2I generation to amplify hallucinations. While effective, the
performance may be influenced by the fidelity of the T2I model, especially for fine-grained attributes
such as color. Future research could integrate stronger generative backbones or develop selective fil-
tering strategies to reduce noise introduced by imperfect reconstructions. 3). Our primary goal
focuses on hallucination mitigation without hurting informativeness, yet this inevitably involves a
trade-off. Future work could explore more principled ways to balance this trade-off, for instance,
through adaptive weighting schemes or context-aware editing strategies that tailor the strength of
correction to the severity of hallucinations.

Incorporating a T2I model introduces additional latency during inference. However, it is crucial
to contextualize this overhead. The T2I model is utilized only once to derive the steering vector,
and this process does not occur during the per-token decoding phase. The steering operation itself
is lightweight at inference. Therefore, the T2I invocation represents a one-time setup cost rather
than a recurring expense, making the overall overhead practical for real-world applications. While
the current approach is feasible, we are also exploring methods to further mitigate this initial cost.
A promising future direction involves using the distance between the steering vector and the em-
beddings of a small set of T2I-generated images as a regularization term. This could allow for the
optimization of an effective steering vector with substantially reduced computational requirements,
further enhancing the efficiency of our method.

While our method achieves strong hallucination mitigation across standard visual scenarios, we ac-
knowledge that scenes containing 30+ objects remain extremely challenging. This limitation largely
reflects the current capacity bounds of modern VLMs themselves, which often struggle to provide
reliable grounding in such ultra-dense settings. Our approach operates on top of the model’s existing
capabilities and therefore inherits these fundamental constraints. Extending hallucination mitigation
methods to handle highly complex, multi-object scenes is an important and promising future direc-
tion.

B AI ASSISTANT USAGE STATEMENT

During the preparation of this paper, we made moderate use of Large Language Models (LLMs)
for text polishing and for assistance in non-core coding tasks. However, no LLMs were used in
developing the ideas and determining the structure and content of this paper.

C DETAILED EXPERIMENTAL SETTINGS

C.1 POPE

We use the official benchmark from (Li et al., 2023b) work, in which each of the three settings,
random, popular, and adversarial, contains 3000 Question-Answer pairs. The meanings of these
three settings as follows: random randomly selects non-existent objects to ask about; popular
selects objects from the top half most frequently appearing in the entire image dataset but not present
in the current querying image; adversarial first ranks all objects according to their co-occurrence
frequencies with the ground-truth objects, and then selects the top-k frequent ones that do not exit
in the image. The query template in the benchmark is ”Is there a/an [object] in the image?”

C.2 CHAIR

To ensure the comparability of results, we use the 500 images sampled from MSCOCO by work
(Zou et al., 2025). CHAIR is proposed to evaluate object hallucination in image captioning tasks,
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which have two variants: per-instance (CHAIRI) and per-sentence (CHAIRs). These are defined as:

CHAIRI =
|{hallucinated objects}|
|{all objects mentioned}|

, CHAIRS =
|{sentences with hallucinated objects}|

|{all sentences}| . (3)

As mentioned above, HARβ derived from Fβ score, Fβ formulates as follows:

Fβ = (1 + β2) · Precision · Recall
(β2 · Precision) + Recall

Precision =
TP

TP + FP
, Recall =

TP

TP + FN

C.3 MME

The official benchmark from MME (Fu et al., 2024) assesses model performance across 14 diverse
vision-language subtasks covering both perception and cognition. Here we select Existence, Count,
Position, and Color subtasks, which are most associated with the object and attribute hallucinations.

D DETAILED EXPERIMENTAL RESULTS

Here we demonstrate two examples of the performance of our method on LLaVA-v1.5-7B. Figure 4
shows the model’s performance in the Yes-or-No question is related to its image captioning. We can
also observe this relation in Figure 5 that the reconstructed image also contains a potted tree which
does not exist.
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Figure 4: Illustration of comparison between baseline and our method generated by LLaVA-v1.5-7B
on MME benchmark.

Figure 5: Illustration of comparison between baseline and our method generated by LLaVA-v1.5-7B
on POPE benchmark.
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Table 10: Effect of the choice of layer in latent editing across different architectures.

l CHAIRS CHAIRI Average Length Recall HAR@1 ↑

LLaVA-NEXT-7B

baseline 22.4 6.0 14.2 167.78 64.4 0.7358
3 6.6 2.9 4.75 119.51 60.2 0.7377

16 23.8 6.5 15.15 172.32 63.8 0.7283
24 23.2 6.2 14.7 174.81 64.4 0.7339

Cambrian-8B

baseline 9.6 3.8 6.7 65.45 53.4 0.6792
3 8.0 2.9 5.45 67.43 52.2 0.6726

16 11.4 4.1 7.75 65.54 53.8 0.6796
26 11.4 4.5 7.95 66.36 52.4 0.6678

InstructBLIP-7B

baseline 57.4 15.5 36.45 98.08 74.7 0.6868
3 56.4 15.8 36.1 98.61 74.3 0.6871

16 54.2 15.4 34.8 97.93 75.1 0.6980
26 58.8 16.1 37.45 98.15 75.1 0.6825

E MORE RESULTS ON OTHER BENCHMARKS

Here we frist conduct a comparative experiment on POPE and MME benchmarks with ConVis Park
et al. (2024), which is a trainig-free method leveraging T2I models as well (refer to Table 11 12).
From the results, we observe that our method outperforms others in both accuracy and time ef-
ficiency. Although both approaches leverage T2I models, our method requires reconstruct-
ing only a single image, whereas ConVis must repeatedly reconstruct multiple images, which
severely limits the practicality and feasibility of ConVis in real-world deployment. Moreover,
We also evalute our method on more comprehensive benchmarks, i.e., GAVIE Liu et al. (2024a),
FaithScoreJing et al. (2024), MMBench Liu et al. (2024d), to assess the perfomance on relation
hallucination and more general tasks (refer to Table13 and Table14).

To further demonstrate the stability of our method when using different T2I models, we additionally
present the results of our approach on DALL-E3 OpenAI (2023a) and Hyper-SD Ren et al. (2024)
(refer to Table 16).

We also compared our method on CHAIR with other models (PerturboLLaVA Chen et al. (2025)
and RLAIF-V Yu et al. (2025)) trained using SFT or RL, as well as with stronger training-free
methodsLiu et al. (2024c). Considering both hallucination reduction and recall on CHAIR, it can be
seen that our method achieves quite a satisfactory performance(refer to Table 15).
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Table 11: Comparison between ConVis and our method on POPE and MME benchmarks under the
default settings from ConVis.

POPE MME

Accuracy F1-score Existence Count Position Color Total

baseline 79.83 79.29 190 153.3 133.3 155.0 643.3
ConVis - 83.00 195 158.3 133.3 155.0 653.6

Ours 85.70 86.14 193 156.7 150.0 167.7 667.3

Table 12: Time overhead comparison between ConVis and our method. The numbers in the table
represent the average time the model takes to infer a single instance.(second per instance)

POPE MME

ConVis 9.792s 9.951s
Ours 8.073s 8.115s

Table 13: Performance of our method on GAVIE and FairhScore benchmarks.

GAVIE FaithScore

Accuracy Relevancy FaithScore FaithScore in Sentence

baseline 4.360 6.110 0.88 0.62
Ours 5.635 6.215 0.89 0.70

Table 14: Performance of our method on MMBench.

Overall CP FP-S FP-C AR LR RR

baseline 50.95 53.32 56.28 47.37 60.76 21.39 50.71
Ours 58.97 69.59 60.05 51.42 74.31 31.21 44.08

Table 15: Comparison between our method and a range of baselines, including SFT- or RL-trained
models as well as recent strong training-free approaches, on the CHAIR benchmark.

CHAIRS CHAIRI Recall HAR

baseline 53.0 14.0 81.0 0.7304
PertuboLLaVA 36.1 10.4 - -

VTI 35.8 11.1 76.8 0.7667
RLAIF-V 18.1 4.7 59.2 0.710

Ours 40.8 7.5 82.0 0.7881

19



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Under review as a conference paper at ICLR 2026

Table 16: Performance of our method using different T2I models on CHAIR.

CHAIRS CHAIRI Recall

baseline 53.0 14.0 81.0
Hyper-SD 46.2 11.9 79.7
DALLE-3 49.9 12.8 78.8
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F MORE RESULTS ON OTHER VLMS ACROSS MORE LAYERS

Table 10 shows the performance of different models at various layers on CHAIR. We can observe
that hallucinations are reduced in the shallow layers (3rd layer), while recall is well preserved.
Table 18 demonstrates the CHAIR metric of our method applied to different layers of LLaVA-v1.5-
7B. We can see that our method is effective when applied to most layers, and its best performance
appears at the 3rd layer, possibly due to certain particularities, as other models also show strong
hallucination mitigation at this layer.

G ROBUSTNESS

An intuitive idea is that the choice of α and β should ideally depend on the input image and prompt,
since the model exhibits different sensitivity to different inputs. At present, it is infeasible to de-
termine the optimal parameter combination for a specific input. However, we can adopt parameter
sampling strategies to explore better-performing values. Specifically, we sample from both uniform
and Gaussian distributions(the average of n samples), and evaluate the results under the conditions
of α = β and α ̸= β, as shown in Table 17. Note that a star indicates results obtained by repeating
sampling five times and picking the best. Figure 6 shows the distributions of α and β corresponding
to the starred results. We can observe that the parameter distributions are relatively uniform, which
further demonstrates that our method does not require specific parameter designs. In fact, parameters
randomly chosen within an appropriate range can effectively achieve hallucination mitigation.
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Figure 6: scatter plot of the α and β obtained by randomly sampling five times from a uniform
distribution and picking the best result, which shows that they are overall uniformly distributed
within the range of 0.08 to 0.12.

Table 17: More parameter selection approaches on α and β. Here, U denotes sampling from a
uniform distribution, N denotes sampling from a Gaussian distribution, and entries with a star (∗)
indicate sampling five times and reporting the best result.

α β
CHAIR

CHAIRS CHAIRI Average Length Recall HAR@1 ↑

α = β

0 0 53.0 14.0 33.5 92.2 81.0 0.7304
0.1 0.1 47.8 12.65 30.23 92.4 80.05 0.7456

U(0.08, 0.12) U(0.08, 0.12) 47.0 12.4 29.7 101.8 79.1 0.7444
N (0.08, 0.12) N (0.08, 0.12) 47.4 12.2 29.8 100.9 79.9 0.7474
U(0.08, 0.12)⋆ U(0.08, 0.12)⋆ 40.8 7.5 24.15 109.81 82.0 0.7881

α ̸= β

U(0.08, 0.12) U(0.08, 0.12) 48.6 14.4 31.5 90.7 78.2 0.7303
N (0.08, 0.12) N (0.08, 0.12) 45.4 12.8 29.1 94.8 78.5 0.7451
N (0.08, 0.12)⋆ N (0.08, 0.12)⋆ 40.6 7.1 23.85 114.0 80.5 0.7826
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Table 18: Ablation results on the layers to edit

l
LLaVA-1.5

CHAIRS CHAIRI Average Length Recall HAR@1 ↑

1 53.0 14.81 33.91 91.97 79.46 0.7216
2 52.0 13.93 32.97 92.81 80.45 0.7313
3 47.8 12.65 30.23 92.44 80.05 0.7456
4 53.6 14.50 34.05 91.12 81.82 0.7303
5 52.0 14.29 33.15 92.54 81.89 0.7361
6 51.6 14.25 32.93 92.16 81.50 0.7358
7 50.8 14.24 32.52 90.85 80.77 0.7171
8 57.2 15.52 36.36 94.90 81.23 0.7137
9 52.4 14.43 33.42 92.99 81.82 0.7342
10 52.4 14.75 33.58 92.53 81.10 0.7303
11 51.2 14.27 32.74 91.77 81.17 0.7356

12 50.8 13.84 32.32 91.78 80.77 0.7365
13 51.0 14.03 32.52 93.73 81.56 0.7385
14 53.0 14.30 33.65 93.33 80.38 0.7269
15 51.0 14.10 32.55 92.38 80.45 0.7338
16 50.4 13.84 32.12 91.61 81.10 0.7390
17 51.2 13.77 32.49 92.01 80.45 0.7341
18 51.6 13.99 32.80 91.47 80.51 0.7326
19 51.2 14.01 32.61 91.37 80.45 0.7334
20 50.4 13.92 32.16 91.62 80.97 0.7383
21 51.8 13.69 32.75 91.78 81.36 0.7364

22 51.8 13.57 32.69 91.72 80.91 0.7349
23 51.4 13.77 32.59 92.05 80.64 0.7343
24 51.0 13.36 32.18 91.72 80.45 0.7360
25 52.2 14.11 33.16 91.49 81.43 0.7342
26 50.8 13.67 32.24 90.99 80.64 0.7364
27 53.6 14.15 33.88 92.13 81.23 0.7290
28 52.6 14.17 33.39 92.21 81.17 0.7317
29 52.8 14.14 33.47 92.22 81.30 0.7318
30 53.4 14.14 33.77 91.77 80.84 0.7281
31 53.2 13.85 33.53 91.84 81.30 0.7314
32 53.0 13.96 33.48 92.23 81.04 0.7307
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