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Abstract

Multimodal Large Language Models (MLLMs) have un-
locked powerful cross-modal capabilities, but still signifi-
cantly suffer from hallucinations. As such, accurate detec-
tion of hallucinations in MLLMs is imperative for ensur-
ing their reliability in practical applications. To this end,
guided by the principle of “Seeing is Believing”, we in-
troduce VBackChecker, a novel reference-free hallucina-
tion detection framework that verifies the consistency of
MLLM-generated responses with visual inputs, by leverag-
ing a pixel-level Grounding LLM equipped with reason-
ing and referring segmentation capabilities. This reference-
free framework not only effectively handles rich-context
scenarios, but also offers interpretability. To facilitate this,
an innovative pipeline is accordingly designed for gener-
ating instruction-tuning data (R-Instruct), featuring rich-
context descriptions, grounding masks, and hard negative
samples. We further establish R?-HalBench, a new hal-
lucination benchmark for MLLMSs, which, unlike previous
benchmarks, encompasses real-world, rich-context descrip-
tions from 18 MLLMs with high-quality annotations, span-
ning diverse object-, attribute-, and relationship-level details.
VBackChecker outperforms prior complex frameworks and
achieves state-of-the-art performance on R2-HalBench, even
rivaling GPT-40’s capabilities in hallucination detection. It
also surpasses prior methods in the pixel-level grounding
task, achieving over a 10% improvement.

Code and Data —
https://github.com/PinxueGuo/VBackChecker

Introduction

Multimodal Large Language Models (MLLMs) (Zhu et al.
2023; Liu et al. 2023c; Alayrac et al. 2022; Li et al. 2024;
Wang et al. 2024a; Chen et al. 2024c; Panagopoulou et al.
2024) have recently shown strong cross-modal understand-
ing and reasoning capabilities, excelling in image caption-
ing, visual question answering, and multimodal reasoning.
However, their effectiveness is still substantially limited by
visual hallucination (Liu et al. 2024; Bai et al. 2024), where
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Figure 1: Illustration of our proposed VBackChecker. Un-
like previous methods (Top), our VBackChecker (Bottom)
identifies hallucination in MLLMs by leveraging a pixel-
level grounding approach for backward verification, without
any references or external experts.

generated content diverges from the visual input. As halluci-
nation severely undermines reliability and deployment, de-
tecting hallucinations in MLLM-generated rich-context re-
sponses is increasingly critical.

Existing methods fall into reference-based and reference-
free approaches. Reference-based methods rely on
groundtruth text or external expert models (e.g., dense
captioning, object detection) to compare with generated
content (Wang et al. 2023c; Liu et al. 2023a; Wang et al.
2023a; Chen et al. 2024a). Their dependence on annotated
GT or expert models restricts scalability to unannotated
inputs and inherits capability limits from these experts.
Reference-free methods are more flexible; FaithScore (Jing
et al. 2023) leverages VQA to identify hallucinations
without references, but its binary responses are biased and
lack interpretability. Further, its reliance on LLM-based
decomposition into atomic units introduces computation



Without Without Explainability

Evaluation Reference Ext I Calli End2End Benchmark Hallucination Source  Real Rich-Context Description Max
Xxternal alling 2 Type MLLMs Dis Description  AvgLen Len
Method Free Expert GPTAPI  Visual Language Single Model
HaELM v v POPE Obj 0 2.2 3
AMBER v y CIEM Obj, Attr 1 - -
UniHD .
AMBER Obj, Attr, Rel 0 24 9
GAVIE v ) A
FaithScore s v MHaluBench Obj, Attr, Text 5 v 13.0 58
VBackChecker v v v v v v R?-HalBench Obj, Attr, Rel 18 v v 16.4 110

Table 1: (Left) Comparison of Hallucination Detection Methods. (Right) Comparison of Hallucination Detection Bench-
marks. “Obj, Attr and Rel” represent abbreviations for Object, Attribute and Relation, respectively. “Source MLLMs” denotes
the number of MLLMs employed to generate response, with “Real Dis” indicating whether responses reflect the real distribu-
tion. The “Description Avg/Max len” represents the avg/max response lengths, measured in word count.

overhead and error propagation, limiting its ability to
process rich-context descriptions.

We introduce  Verification by  Vision Back
(VBackChecker), a novel framework (Fig. 1) that addresses
these challenges by combining pixel-level grounding (e.g.,
LISA (Lai et al. 2023)) with reasoning and referring
segmentation. The core principle is simple: Seeing is
Believing—if described elements can be grounded in the
image, no hallucination exists; otherwise, hallucinations are
detected. As shown in Table 1 (Left), VBackChecker is
fully reference-free, supports arbitrary inputs, and provides
interpretable outputs in both vision and language, without
external experts.

To enable VBackChecker to handle rich-context scenar-
ios, we propose two key innovations. First, we develop an
automatic pipeline to construct instruction-following data,
R-Instruct, emphasizing rich-context descriptions paired
with grounding masks and hard negative samples. Second,
we enhance learning of special tokens [SEG]/[REJ] to mit-
igate inconsistencies between autoregressive training and
our objective. With these designs, VBackChecker achieves
strong hallucination detection while improving pixel-level
grounding performance by over 10

To evaluate real-world hallucination detection, we pro-
pose R2-HalBench, a Real-response, Rich-context Hallu-
cination Benchmark. As shown in Table 1 (Right), com-
pared with prior benchmarks (Li et al. 2023; Hu et al. 2023;
Wang et al. 2023b; Chen et al. 2024a), R2-HalBench pro-
vides superior coverage: real responses from 18 advanced
MLLMs across diverse architectures, high-quality human
annotations, and significantly longer and richer descriptions
containing object-, attribute-, and relationship-level details.
This makes it suitable for assessing both hallucination de-
tectors and MLLM hallucination behaviors.

In summary, our contributions are:

e We introduce VBackChecker, the first visual-back
grounding framework for hallucination detection in
MLLMs, functioning reference-free, supporting rich-
context responses, and offering interpretability across
modalities.

e We develop R-Instruct, a new instruction-tuning
dataset focused on rich-context object descriptions with
grounding masks and challenging negative samples.
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» We propose R?-HalBench, a real-response, rich-context
hallucination detection benchmark with high-quality an-
notations reflecting real-world hallucination distribu-
tions.

VBackChecker achieves state-of-the-art performance on
R%Z-HalBench and POPE, rivaling GPT-40 in hallucina-
tion detection, while improving pixel-level grounding by
over 10

Related Work
Grounding LLM

While large language models exhibit strong reasoning capa-
bilities in NLP tasks, researchers are progressively extend-
ing these abilities to the domain of multimodal large lan-
guage models. Through aligning visual and textual inputs,
models (Liu et al. 2023d,b; Zhu et al. 2023) are able to un-
derstand visual information, significantly broadening their
range of applications. Furthermore, grounding capabilities
have also been explored in the multimodal large language
models, enabling them not only to comprehend an entire im-
age, but also to understand localized information, or even
output precise spatial information (Peng et al. 2023; Chen
et al. 2023; Zhang et al. 2023; Lai et al. 2024). Among these,
LISA (Lai et al. 2024) was the first work to touch the reason-
ing segmentation task, which was later extended to multi-
object grounding (Yang et al. 2023; Rasheed et al. 2024),
multi-round conversation (Wang et al. 2024b) and further
introduce rejection capabilities (Xia et al. 2024). However,
despite these advances, their ability to accurately compre-
hend and reject rich-context queries remains limited.

Hallucination Detection

Research on hallucination detection in MLLMs (Bai et al.
2024; Liu et al. 2024) has gained significant attention due
to the critical need for reliable multimodal systems. Cur-
rent approaches can be categorized into reference-based
and reference-free methods. The former compares generated
content against ground-truth to identify discrepancies (Wang
et al. 2023c), or utilizes external expert models to extract vi-
sual information that serves as reference points (Liu et al.
2023a; Wang et al. 2023a; Chen et al. 2024a). These ap-
proaches face significant limitations in real-world applica-
tions due to their dependence on annotated ground truth
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Figure 2: The framework of our proposed VBackChecker

data and external expert models. For reference-free method,
FaithScore (Jing et al. 2023) leverages multimodal question-
answering capabilities for reference-free hallucination de-
tection. However, the method’s binary response paradigm
restricts interpretability and renders the approach suscepti-
ble to bias. Moreover, the requirement for external experts
to break down inputs into basic units adds computational
cost and hampers performance on rich-context inputs. In
contrast, our proposed method is able to efficiently handle
rich-context queries while providing interpretability.

Method
Verification by Visual Back Framework

Problem Formulation. Our work addresses the problem
of hallucination detection in Multimodal Large Language
Models (MLLMs), which determines whether a given re-
sponse from MLLMs contains visual hallucinations when
conditioned on an input image. Specifically, let an MLLM
® generate a descriptive response R = {ry,72,...,7,} for
an image I, where each rich-context sentence r; describes
a specific visual part of the image: R = ®([). Sentences
r; may include visual hallucinations that conflict with the
actual visual input, as the MLLMs rely on learned patterns
rather than adhering to the visual information in . The goal
of hallucination detection is to evaluate each r; and deter-
mine whether it contains a hallucination. This is formulated
as a binary classification task for each r;, where the label
y; € {0,1} indicates the presence or absence of hallucina-
tions. Specifically:

0
Yi =

1
VBackChecker Framework. We propose the Verification
by Vision Back Framework (VBackChecker), as illustrated
in Fig. 1, to tackle this problem by leveraging a pixel-level
Grounding LLM with reasoning and referring segmentation
capabilities. The key idea behind VBackChecker is straight-
forward yet logical: Seeing is Believing. It verifies the re-
sponse by “looking back™ at the visual input. For each r;
in the MLLM’s generated response, VBackChecker deter-
mines whether 7; could be accurately grounded back to the

if r; aligns with the visual input 7,
if r; conflicts with the visual input /.

ey
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input image I. If the grounding is successful, the sentence
is free of hallucinations (y; = 0); otherwise, it indicates the
sentence contains a hallucination (y; = 1).

VBackChecker employs a conversational model to pre-
dict either a [SEG] token or a [REJ] token to perform
hallucination detection: When there is no hallucination in
the MLLM’s response r; based on the input image I,
VBackChecker outputs a [SEG] token. The embedding of
[SEG] before the LLM head is passed to a mask decoder
(as in LISA (Lai et al. 2023)) to decode an object mask
m € RT*W corresponding to the described part in ;. When
the response 7; contains a hallucination, VBackChecker
outputs a [REJ] token and generates a detailed explanation
in natural language indicating where r; conflicts with the vi-
sual content of /. By combining pixel-level grounding and
language-based reasoning, VBackChecker not only detects
hallucinations but also provides interpretable outputs in both
visual and language modalities. This dual capability ensures
robust and reliable hallucination checking for MLLMs.

However, existing Grounding LLMs lack sufficient
discriminative power for rich-context queries. While
GSVA (Xia et al. 2024) attempts to reject references to
non-existent objects, it struggles with fine-grained under-
standing. For example, when querying about a “... person in
white” in an image with a person in black near a white wall,
GSVA incorrectly predicts [SEG] instead of [REJ], failing
to distinguish subtle attributes like object-specific colors.

R-Instruct Data Generation

To address this gap, we introduce Rich-context Instruct Tun-
ing data (R-Instruct), built by the automated pipeline
designed to generate rich-context visual instruction data
for grounding and hallucination detection. R-Instruction in-
cludes grounding masks for positive queries and hallucina-
tion types with explanations for negative queries, enabling
interpretability in both visual and language modalities

As illustrated in Figure 3(a), we propose an automated
four-step procedure to construct our R-Instruct data. Let 7
be the set of images sampled from the large-scale and high-
quality SA1B dataset. For each image [ € 7:
Object Proposal. We first employ the Recognize Anything
Model (Zhang et al. 2024) and the Grounded Segment Any-
thing Model (Ren et al. 2024) to identify candidate objects
{Q }M_ |, where each ©,, includes a bounding box and the
corresponding segmentation mask.
Rich-context Caption. For each proposal 2,,,, we employ
Qwen2-VL-72B (Wang et al. 2024a) to generate a detailed
caption C,,, capturing the category, shape, attributes (e.g.,
color, texture), spatial relationships, and distinctive features.
This yields a set of object-description pairs, ensuring unique
identification of objects within the image.
Quality Control. To ensure accurate and diverse captions,
by using CLIP (Radford et al. 2021) and SBERT (Reimers
and Gurevych 2019), we apply a multi-criteria filtering
process: (1) Foreground Background Check. Given a pro-
posal €,,, we compute CLIP scores for its foreground-
masked image I, and background-masked image Iy}, : Siy =
CLIP(Ify, Cm), Sty = CLIP(Ijg, Crm). We retain captions
where Sfy > Sp; ., ensuring the description aligns with
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the object rather than background artifacts. (2) Vision-Text
Consistency. Captions with S, below a confidence thresh-
old (0.5) are discarded, filtering out poorly aligned descrip-
tions. (3) Multimodal Semantic NMS (Non-Maximum Sup-
pression). We propose a Multimodal Semantic NMS to re-
move near-duplicate proposals. We treat textual similarity
sim(Cy,, Cy,) (computed via SBERT) as “semantic IoU”
and use Sy, as a confidence score. Captions with high sim-
ilarity to a higher-scoring reference are iteratively removed,
ensuring each object retains its most coherent description.
This process yields K high-quality samples (€2, C), each
with a precise mask and a verified rich-context caption.
Hallucination Injection. To create challenging negatives
for hallucination detection, we prompt Qwen2-VL to per-
turb each valid caption C} using the original image and
contextual object descriptions. The model introduces mis-
leading details—e.g., incorrect attributes or nonexistent ob-
jects—yielding hallucinated variants. Each is annotated with
its hallucination type (e.g., incorrect color, nonexistent ob-
ject) and an explanation, enabling the model to distinguish
accurate from misleading content.

As shown in Figure 3(b), we also collect holistic, multi-
object captions (without per-object grounding masks) to bet-
ter mimic real MLLM outputs. Using Claude-3.5, we gen-
erate comprehensive descriptions covering all objects in an
image as additional positive samples, then apply the same
perturbation process to produce negatives. The resulting
dataset(R-Instruct) includes 30k images, 300k positive
samples (100k with masks), and 500k negatives. Data with
masks (Figure 3(a)) forms R-Instruct-A; data without masks
(Figure 3(b)) forms R-Instruct-B. Positive responses contain
[SEG], while negative ones include [REJ] with hallucination
explanations (Figure 3(c)).

Instruction Tuning

The training methodology for Rich-context Instruction Tun-
ing leverages a self-regressive learning framework tailored
for multimodal grounding and hallucination detection. The
overall loss function consists of two components: language
loss ( £y, ) and grounding loss ( L ), defined as:

L=Lptt)+ Lg(m,m), 2)
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where ¢ and m denote the predicted response and predicted
mask, respectively, and ¢’ and m/’ represent their correspond-
ing ground truths. Specifically, ¢ = Lgec(h) , the textual out-
put decoded by the language decoder Lg.. from the hidden
state h. m = Gaec(MLP(R[SEG]), I), the predicted ground-
ing mask generated by decoding the vision-guided hidden
state h[SEG], processed through an MLP projector and con-
ditioned on the image I. Gy, is the Mask Decoder, whose
architecture follows that of SAM (Kirillov et al. 2023).

The language loss L, focuses solely on the response por-
tion of the output sequence, evaluating the next-token pre-
diction with Cross-Entropy Loss. The grounding loss Lg
employs a combination of per-pixel Binary Cross-Entropy
Loss and DICE Loss to optimize the segmentation mask
prediction. Furthermore, unlike standard MLLM instruction
tuning, where every output token equally contributes to the
supervision signal, the performance of our grounding LLM,
VBackChecker, hinges on its ability to make accurate pre-
dictions for the special tokens [SEG] and [REJ]. These to-
kens represent the model’s decision to either ground or reject
a query and are crucial for hallucination detection. To em-
phasize their importance during training, we enhance their
contributions to the loss function by applying higher weights
to their Cross-Entropy terms. The modified language loss for
these tokens is defined as:

A,
L,

if t; €{[SEG],[REJ]}
otherwise

’

Ly,

—Zai IOgP(tiIt<i),ai_{ (3)

where 7 indexes tokens in the response. A > 1 is a hyperpa-
rameter that amplifies the contributions of [SEG] and [REJ],
guiding the model to emphasize learning critical decisions.

R2-HalBench

To support reliable evaluation of hallucination detection in
rich-context MLLM responses, we introduce R2-HalBench,
a benchmark with 3,000 rich-context object descriptions,
generated by 18 advanced MLLMs, from 10,000 images.
Designed to reflect real-world hallucination distributions,
it ensures a comprehensive and representative assessment.
Figure 4 showcases several samples of the benchmark.



Model Param \ Model Param  Dataset 1-5 6-10 11-15 16-20 21-25 26-30 31-40 >40
GPT-40 - InternVL2.5-8B 8B POPE 100.0% - - - - - — —
Gemini-1.5 - Cambrian-8B 8B AMBER 100.0% - - - - - - -
Claude-3.5 - Fuyu-8B 8B MHalu 31% 359% 322% 19.5% 6.1% 2.1% - -
InternVL-78B 78B | Qwen2-VL-7B 7B R2-Hal 3.6% 17.5% 329% 244% 11.6% 49% 3.3% 1.8%
Qwen2-72B 72B | InstructBLIP 7B

LLaVA-OV-72B  72B | LLaVA-OV-7B 7B

InternVL-38B 38B | InternVL-2B 2B Object Attribute Relation

InternVL-26B 26B QWCnZ-VL-ZB 2B Ratio 61.2% 24.0% 14.8%

LLaVA-13B 13B | LLaVA-OV-0.5B  0.5B

Table 2: A comprehensive analysis of our R2~HalBench. (Left) Model source diversity sorted by parameter size. (Right-Top)
Context length distribution across datasets. (Right-Bottom) Distribution of hallucination types.
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Figure 4: Samples of our R?-~HalBench. Each rich-context response, generated from various advanced MLLMs, is systemati-
cally annotated with corresponding hallucination categories.

Dataset Collection and Annotation

R2-HalBench consists entirely of real MLLM outputs, pre-
serving natural hallucination patterns rather than artificially
injecting errors by LLMs. We prompt MLLMs to gener-
ate rich-context descriptions for objects in high-quality im-
ages from the SA1B dataset (Kirillov et al. 2023), ensur-
ing alignment with real-world hallucination distributions.
Human annotators then verify each description against the
corresponding image, classifying samples as “without hal-
lucination” or “with hallucination”. Hallucinated cases are
further categorized into three types: Object-level (catego-
ry/existence), Attribute-level (e.g., color, shape, material),
and Relation-level (spatial positioning, interactions). Each
sample is reviewed by three independent annotators with at
least college-level education, and final labels are determined
by majority voting. This rigorous process ensures a high-
quality benchmark that accurately reflects real-world hallu-
cination phenomena.

Dataset Statistics

R?-HalBench is designed to replicate real-world hallucina-
tion detection scenarios. Table 2 presents a detailed analysis
from four key perspectives:

(a) Model Diversity To ensure a broad representation of re-
sponses across different model architectures and scales, 18
different MLLMs are employed to generate responses, COV-
ering both open- and closed-source models, and featuring
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model sizes ranging from 0.5B to 78B parameters.

(b) Rich-Context Description Length Different from pre-
vious benchmarks such as POPE (Li et al. 2023) and AM-
BER (Wang et al. 2023b), which rely on simple object name
queries and lack rich-context descriptions, R*?-HalBench
contains diverse and contextually rich descriptions of vary-
ing lengths. Even compared to MHaluBench which provides
reference-based evaluation, R2-HalBench features longer
and more complex descriptions while covering responses
from 18 MLLMs—significantly more than 5 MLLMs used
in MHaluBench. This reduces evaluation bias and enhances
the robustness of hallucination detection assessments.

(¢) Hallucination Categories R*>-HalBench systematically
covers object-, attribute-, and relation-level hallucinations,
enabling a thorough evaluation of detection methods and
a detailed analysis of how different detectors handle real-
world hallucination types in practical applications.

(d) Lexical Distribution of Rich-Context Descriptions
Word frequency distribution analysis in R2-HalBench re-
veals a dominance of attributes and positional terms, effec-
tively capturing fine-grained contextual details. This makes
the benchmark particularly well-suited for evaluating mod-
els that need to discern subtle inaccuracies in descriptions.

Experiments

In this section, we show comprehensive experiments con-
ducted to evaluate the performance of our proposed



gRefCOCO | R-Instruct-A Val

Method LLM

Validation Set Test Set A Test Set B Validation Set
IoU N-acc T-acc | [oU N-acc T-acc | IoU N-acc T-acc | IoU N-acc T-acc
ReLA (Liu, Ding, and Jiang 2023) - 63.6 564 963 | 700 59.0 97.7 | 61.0 599 954 - - -
LISA-7B (Lai et al. 2023) Vicuna-7B | 61.6  54.7 66.3  50.0 - 584 519 - - - -
LISA-13B (Lai et al. 2023) Llama2-13B | 63.5 553 68.2 522 - 61.8 56.2 - - - -
SAM4MLLM (Chen et al. 2024b)  Llama3-8B | 71.9  66.1 742 639 - 65.3  60.0 - - - -
GSVA-7B (Xia et al. 2024) Vicuna-7B | 66.5 624 71.1 653 - 622  60.6 - 13.2 0.4 99.8
GSVA-13B (Xia et al. 2024) Llama2-13B | 70.0  66.0 733 647 - 655 625 - 12.7 0.3 99.8

Ours Vicuna-7B | 802 813

952 | 740 743

946 | 708 728 973 | 638 753 707

Table 3: Performance of Pixel-level Grouding task on gRefCOCO and R-Instruct-A Val. Metrics include IOU, negative accuracy
(N-Acc) and true positive accuracy (T-Acc). Our VBackChecker surpasses prior methods in pixel-level grounding task.
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Figure 5: Visualization results of our VBackChecker which employs a conversational model to predict either a [SEG] token
or a [REJ] token to perform hallucination detection. Having a [SEG] token indicates that there is no hallucination, otherwise

VBackChecker outputs a [REJ] token with detailed explanation.

VBackChecker on both grounding and hallucination detec-
tion tasks, as well as ablation studies to analyze the effective-
ness and robustness of our framework. The VBackChecker
follows LISA in using LLaVa-vicuna-v1.1 and SAM as the
base model. It is trained in two stages: the first stage lever-
ages LISA’s mixed training dataset along with gRefCOCO,
and the second stage uses our proposed R—Instruct data.

Main Results

Pixel-Level Grounding For pixel-level grounding task,
we evaluate VBackChecker on two referring segmentation
datasets: gRefCOCO (Liu, Ding, and Jiang 2023) and R-
Instruct-A-Val, the validation set of R-Instruct-A. Follow-
ing the baseline GSVA, we adopt three metrics: IoU, neg-
ative accuracy (N-Acc) which measures rejection accuracy
(correctly rejected queries over groundtruth negative sam-
ples), and true positive accuracy (T-Acc) which evaluates
segmentation accuracy (correctly segmented queries over
groundtruth positive samples). We evaluate VBackChecker
on gRefCOCO, which primarily contains simple object ref-
erences, and on a validation set sampled from the rich-
context instruction dataset (Sec ) to evaluate its ability to
handle more complex queries. VBackChecker shows signif-
icant improvements over the previous SOTA method in IoU
and rejection accuracy on gRefCOCO (Table 3), achieving
95.2% segmentation accuracy and 81.3% rejection accuracy,
demonstrating its effectiveness as a hallucination checker.

Additionally, evaluation on R-Instruct-A-Val, a benchmark
designed for rich-context queries, shows VBackChecker’s
superior performance compared to GSVA, which struggles
to distinguish hallucinated inputs. Despite the difficulty of
benchmark, VBackChecker achieves 75.3% rejection accu-
racy, confirming its reliability as a hallucination detector.

Hallucination Detection For hallucination detection,
VBackChecker is evaluated on the proposed R?~HalBench
which closely mirrors real-world distributions. Figure 5
also shows the detailed visualization results of our frame-
work. The overall accuracy is utilized as the primary metric,
along with negative and positive accuracy. In addition, re-
sults across different hallucination types, including object-,
attribute-, and relation-level hallucinations, are presented in
Table 4 to enable a more detailed analysis.

We compare VBackChecker with several reference-free
baselines, including reference-free hallucination checkers
like FaithScore, grounding-based methods like GSVA, and
advanced MLLMs (both open-source and closed-source)
that predict hallucination presence directly from an image
and query. To address MLLMs’ hallucination issues, we de-
sign two experimental settings: one where the model ex-
plains its decision and the other that provides a binary hallu-
cination prediction.

Despite having only 7B parameters, VBackChecker out-
performs all open-source baselines, including FaithScore
which employs a more complex pipeline with LLaMA-7B,
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Evaluator LLM | Explainability | R2-HalBench | POPE Acc
| Visual Text | Acc Neg.Acec Object Attribute Relation Pos.Ace | Random Popular  Adversarial

GPT-40 (Achiam et al. 2023) - 63.9 31.4 375 239 18.6 93.9 96.6 87.4 85.0
GPT-40 (Achiam et al. 2023) - v 68.3 53.8 61.6 432 39.2 81.6 98.8 914 79.9
LLaVA-OneVision (Li et al. 2024) 7B 479 98.8 98.9 98.8 98.5 0.9 93.0 85.6 36.6
LLaVA-OneVision (Li et al. 2024) 7B v 48.0 99.1 98.5 99.9 99.9 0.9 99.2 89.1 349
Qwen2VL (Wang et al. 2024a) 7B 47.7 76.4 75.6 71.3 784 21.2 71.9 68.2 42.7
Qwen2VL (Wang et al. 2024a) 7B v 48.9 79.8 80.1 79.2 79.9 20.5 71.5 72.6 414
Qwen2VL (Wang et al. 2024a) 72B 48.5 83.2 83.1 86.4 78.4 16.5 64.6 62.3 447
Qwen2VL (Wang et al. 2024a) 72B v 479 81.7 82.4 79.8 81.9 16.8 68.3 65.3 42.7
GSVA (Xia et al. 2024) 7B v 49.9 0.5 0.7 0.3 0.0 99.3 233 48.3 72.0
GSVA (Xia et al. 2024) 13B v 49.8 0.2 0.3 0.0 0.0 99.5 0.5 10.8 64.9
FaithScore 7B+13B+GPT-3.5 59.3 75.3 76.7 73.7 71.5 44.6 82.7 83.0 78.9
Ours 7B | v v |625 64l 642 634 649 609 | 993 932 703

Table 4: Performance of Hallucination Detection on R?-HalBench and POPE. By leveraging the backward grounding,
VBackChecker achieves superior performance and offers interpretability on both modalities, despite of only 7B parameters.

VLM Source Acc Neg.Acc Pos.Acc \ VLM Source Acc Neg.Acec Pos.Acc Context Len
ds) Acc Neg.Acc Pos.Acc
Claude-3-5-Sonnet ~ 63.2 383 71.3 InternVL-2.5-2B 61.6 71.3 458 (words
GPT-40 541 563 525 InternVL-2.5-8B 602 727 45.8 B
o 1-5 67.3 56.5 75.9
Gemini-1.5-Pro 56.2 59.6 54.7 InternVL-2.5-26B 63.4 64.8 62.1 6-10 61 9 54 2 68 3
Qwen2-VL-2B 628 529 70.5 InternVL-2.5-38B 651 762 55.6 11-15 61.8 633 60.4
Qwen2-VL-7B 679 623 75.9 InternVL-2.5-78B 615  76.1 46.0 1620 501 644 546
Qwen2-VL-72B 595  50.8 69.6 | LLaVA-OneVision-0.5B 59.7 559 64.3 - : : :
InstructBLIP-7B 694 55.0 793 | LLaVA-OneVision-7B 684  66.0 69.8 21-30 60.1 684 50.9
Cambrain-8B 573 56.8 58.2 | LLaVA-OneVision-72B  63.5 533 72.6 31-50 63.7 67.2 59.7
Fuyu-8B 737 731 75.0 LLaVa-1.5-13B 462 318 64.7 51-110 59.1 61.5 55.6

Table 5: (Left) VBackChecker’s evaluation results of samples from different MLLMs in our R2-HalBench. (Right) Evaluation
results of samples with various different length, measured in word count. Our approach maintains consistency and reliability.

| R2-HalBench | POPE
Model

| Acc  NegAcc PosAcc | Random Popular Adv
Ours (VBackChecker) | 62.5 64.1 60.9 99.3 93.2 70.3
w/o Grounding Loss 573 81.3 334 97.6 89.5 472
w/o SEG/REJ Weight | 59.3 55.8 62.7 99.4 92.9 67.5
w/o R-Insturct 50.4 23 98.6 86.3 88.9 80.3
w/o R-Instruct-A 60.0 59.8 60.2 99.0 92.2 74.9
w/o R-Instruct-B 58.5 53.8 63.2 99.6 93.8 60.1

Table 6: Ablation studies on different modules.

LLaVA-13B, and ChatGPT-3.5. Moreover, VBackChecker
achieves state-of-the-art performance among open-source
models with a simpler end-to-end framework, approaching
the performance of GPT-40. VBackChecker is also evalu-
ated on the POPE benchmark , which consists solely of sim-
ple object queries. Even in this relatively less challenging
setting for hallucination detection, it consistently demon-
strates superior performance, further highlighting its strong
generalization capability across different hallucination de-
tection tasks. These results showcase our VBackChecker as
a highly effective hallucination checker, offering an efficient,
and accurate solution for multimodal applications.

Ablation Studies

Table 6 validates our method’s components. Isolating the
grounding effect (Row 2) yields a 5.2% improvement over
an instruction-tuned LLaVA baseline on R?-HalBench. Em-
phasizing [SEG] and [REJ] token learning (Row 3) further
aids in distinguishing grounded vs. hallucinated responses.
Rows 4-6 confirm the value of our instruction data, particu-
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larly rich-context descriptions with and without masks.

To evaluate generalization, we analyze performance
across source models and response lengths in Table 5.
VBackChecker maintains consistent detection performance
across diverse MLLM sources (Left). Furthermore, it re-
mains reliable across varying lengths (1-110 words), in-
cluding extensive rich-context responses (31-110 words) as
shown in Table 5 (Right), validating its robustness for com-
plex multimodal reasoning.

Conclusion

With the principle of “Seeing is Believing,” we designed
VBackChecker, a novel reference-free hallucination detec-
tion framework that handles rich-context responses and of-
fers interpretability through grounding back, without relying
on external references or experts. In support of this, we pre-
sented an innovative pipeline to generate instruction-tuning
data (R-Instruct). We also established R2-HalBench,
a new benchmark reflecting real-world hallucination de-
tection challenges. Experimental results demonstrated that
VBackChecker achieves state-of-the-art performance on
R2-HalBench, rivaling GPT-40’s capabilities, while sub-
stantially improving pixel-level grounding accuracy. We ex-
pect these contributions to advance development of more re-
liable multimodal systems for real-world deployment.
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