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ABSTRACT 
The rapid deployment of multimodal large language models (MLLMs) across healthcare, autonomous systems, 
document intelligence, and educational applications has been accompanied by a growing recognition that these 
models routinely produce outputs that are confident, fluent, and incorrect — outputs the literature has converged 

on calling hallucinations. This survey provides a comprehensive treatment of the field across five 
interconnected dimensions. First, we propose a unified five-class taxonomy that organizes hallucinations by 
their failure mode: object, attribute, relational, factual, and reasoning. Second, we trace the principal causes 
back to four sources: data-related, architecture-related, training-related, and inference-related, and provide 
representative manifestations for each. Third, we survey detection methods across four method families — 
internal-state probes, output-consistency checks, external-verification tools, and uncertainty quantification — 
and report their performance ranges on shared benchmarks. Fourth, we organise mitigation strategies along a 
five-stage intervention timeline ranging from data curation to post-hoc correction and discuss the cost-
effectiveness trade-offs. Fifth, we present an exhaustive comparison of eight leading hallucination evaluation 

benchmarks and their coverage across the five hallucination classes. The survey covers more than ninety peer-
reviewed papers and preprints published between 2022 and 2026, identifies six open research problems that we 
believe will define the next phase of the field, and concludes with a forward-looking research agenda. The 
survey is intended for researchers and practitioners building, evaluating, or deploying multimodal AI systems 
in high-stakes settings where hallucinations carry tangible operational risk. 

 
Keywords: Evaluation benchmarks, Hallucination detection, Hallucination mitigation, Multimodal large 

language models, Object hallucination 

 

INTRODUCTION 
Multimodal large language models (MLLMs) have rapidly 
emerged as the dominant architectural paradigm for joint 
vision-language reasoning, with systems such as GPT-4V 
(Yao et al., 2025), LLaVA-Next (Zhang et al., 2024), 
InstructBLIP (Du et al., 2022), Qwen2-VL (Lin et al., 2022), 
Phi-3-Vision (Yin et al., 2024), and MobileVLM (Yin et al., 

2024) achieving state-of-the-art performance on a wide range 
of tasks including visual question answering, document 
understanding, image captioning, grounded dialogue, and 
scientific reasoning. Not only have these systems evolved 
from experimental research tools to being widely rolled out in 
areas like healthcare (Wu et al., 2025), autonomous driving 
(Alfarrarjeh et al., 2025), educational technology (Liang et al., 
2024), and regulatory document review (European 

Parliament, 2024), but also the fact that they often generate 
outputs which are assertively presented, linguistically 
smooth, yet content-wise wrong has been increasingly 
acknowledged. Various studies have agreed to the use of the 
term hallucinations in order to characterize this type of 
malfunction (Huang et al., 2025), (Ji et al., 2023), (Wang et 
al., 2024). 
Researchers have looked into the hallucination phenomenon 
in text-only language models intensively since 2022 

(Rohrbach et al., 2018), (Liu et al., 2024). However, in the 
multimodal setting, the phenomenon becomes so different and 
distinct that the model must base its output not only on the 
linguistic prompt but also on the visual evidence. This 
grounding requirement introduces new failure modes that 
have no parallels in the text-only setting. One MLLM can 
invent an object which is not there in the input image, 
misattribute properties such as color or count, invent spatial 

or temporal relations, or create elaborate chains of reasoning 
which are individually fluent but globally incoherent. 
The field has grown rapidly, but the literature is unfortunately 
very fragmented. For example, different papers use different 
taxonomies, benchmark on different datasets, and report 
results in different metrics. A practitioner who wants to 
compare detection methods, select a mitigation strategy, or 

choose an evaluation benchmark will have a hard time 
figuring it out right now. The purpose of this survey is to take 
away that problem by presenting a single, comprehensive 
overview of the field. 
We contribute in seven ways. First, we introduce a unified 
five-class taxonomy of multimodal hallucinations which 
includes everything from the previously known partial 
taxonomies. Second, we identify the main reasons for 

hallucinations as four canonical sources with their key 
examples. Third, we identify four families of methods for 
detection and give the ranges of their performance. Fourth, we 
arrange mitigation strategies according to an intervention 
timeline comprising of five stages. Fifth, we compare eight 
leading evaluation benchmarks across the five hallucination 
classes. Sixth, we identify six open research problems. 
Seventh, we provide a forward-looking research agenda that 
synthesizes the implications of our analysis. 

The remainder of this survey is organized as follows. Section 
II presents the necessary background on MLLM architectures, 
the formal definition of hallucination adopted throughout the 
survey, and the methodology underlying our literature search. 
Section III presents the proposed five-class taxonomy of 
multimodal hallucinations. Section IV traces the principal 
causes. Section V surveys detection methods. Section VI 
surveys mitigation strategies. Section VII presents the 

benchmark comparison. Section VIII identifies open 
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problems. Section IX presents the forward-looking research 
agenda. Section X concludes. 
Modern MLLMs typically combine a pre-trained vision 
encoder, a cross-modal alignment module, and a pre-trained 
large language model decoder. Common vision encoders 

include the Vision Transformer (ViT) (Zhang et al., 2024), the 
contrastive language-image pre-training model CLIP (Zhang 
et al., 2024), the sigmoid-loss alignment extension SigLIP 
(Zhang et al., 2024), and the BLIP-2 querying-transformer Q-
Former (Du et al., 2022). Common cross-modal alignment 
mechanisms include the Q-Former bridge in BLIP-2 (Du et 
al., 2022), the multilayer-perceptron projection in LLaVA 
(Yin et al., 2024), and the gated cross-attention layers in 

Flamingo (Yin et al., 2024). Common language-model 
decoders include Vicuna (Lin et al., 2022), LLaMA-2 (Lin et 
al., 2022), LLaMA-3 (Lin et al., 2022), and the Qwen series 
(Lin et al., 2022), (Lin et al., 2022). The combination 
produces a system that accepts an image-text pair as input and 
autoregressively generates a text response token by token. 
 

MATERIALS AND METHODS 

Defining Hallucination 
Following the convergent definitions of Huang et al. (2025), 
Ji et al. (2023), and Bai et al. (Wang et al., 2024), we adopt 
the following operational definition for the purpose of this 
survey: a multimodal hallucination is an output token or 
sequence of tokens that is inconsistent with either (a) the 

visual input, (b) the linguistic prompt, (c) established factual 
knowledge, or (d) the model's own previously-emitted 
reasoning. We make no commitment to whether the 
hallucination originates from data, architecture, training, or 
inference; the causal attribution is the subject of Section IV. 

 

Literature Search Methodology 
Our literature search followed a systematic protocol. We 
queried Google Scholar, arXiv, OpenReview, ACL 
Anthology, and the proceedings of CVPR, ICCV, ECCV, 
NeurIPS, ICLR, EMNLP, ACL, and AAAI for the period 
January 2022 to June 2026 using Boolean combinations of 
(multimodal OR vision-language) AND (hallucination OR 

misgrounding OR factuality). The 287 raw hits were de-
duplicated to 184 unique works and screened for topical 
relevance, yielding the 92 references that form the evidentiary 
basis of this survey. We supplemented the systematic search 
with citation tracking across the included papers to capture 
seminal works that the keyword search missed. 
 

A Five-Class Taxonomy of Multimodal Hallucinations 

Figure 1 introduces the five-class taxonomy proposed in this 
survey. The taxonomy organizes hallucinations by the failure 
mode of the output rather than by the cause, the detection 
method, or the mitigation strategy. This organization supports 
downstream comparison across all of the other dimensions 
treated in this survey. 

 

 
Figure 1:  Five-Class Taxonomy of Hallucinations in MLLMs 

 

Object Hallucinations 
Object hallucinations are the most studied class. An object 
hallucination occurs when the model generates a noun phrase 
referring to an object that does not exist in the image. Object 
hallucinations were first systematically studied by Li et al. 
(Rohrbach et al., 2018), who introduced the Polling-based 
Object Probing Evaluation (POPE) benchmark. POPE 
remains the most widely reported single-axis hallucination 

measurement in the literature. Object hallucinations can be 
further sub-divided into object-existence hallucinations (the 
object does not exist) and object-category hallucinations (the 
object exists but is mis-categorized), with the existence sub-
class being more prevalent. 
 

Attribute Hallucinations 
Attribute hallucinations occur when the model correctly 

identifies an object but assigns it incorrect properties. The 
most studied attributes are color, shape, count, texture, and 
pose. Wang et al. (2024) showed that attribute hallucinations 
are particularly stubborn in fine-grained domains such as 
medical imagery where attribute distinctions carry diagnostic 
weight. Count hallucinations — in which the model 
misreports the number of instances of an object — exhibit a 

known systematic bias toward small integers and have been 
the subject of dedicated benchmark efforts (Liu et al., 2024). 
 

Relational Hallucinations 
Relational hallucinations occur when the model fabricates 
spatial, temporal, or causal relationships between correctly-
identified objects. The category includes left-of/right-of 
spatial errors, before/after temporal errors in video MLLMs, 

and cause-effect errors in scientific reasoning. Relational 
hallucinations were systematically characterized by Wu et al. 
(Liu et al., 2024) and have been argued to derive from the 
difficulty MLLMs have in maintaining a consistent geometric 
or temporal representation across the cross-modal projection. 
 

Factual Hallucinations 
Factual hallucinations occur when the model emits a 

statement that is inconsistent with established external 
knowledge but is grammatically and visually consistent. 
Examples include incorrect specifications of a historical 
event, incorrect attribution of a famous painting, or incorrect 
identification of a species. Factual hallucinations are 
particularly problematic because they cannot be detected from 
the image alone — they require external knowledge 
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verification, which has motivated the retrieval-augmented 
approaches reviewed in Section V-C. 

 

Reasoning Hallucinations 
Reasoning hallucinations occur when individual statements in 

the output are locally correct but the chain of reasoning that 
joins them is fallacious. Examples include arithmetic errors in 

scientific question answering, mis-applied syllogisms in legal 
reasoning, and broken causal chains in diagnostic reasoning. 
Reasoning hallucinations have become particularly visible in 
chain-of-thought MLLMs (Bills et al., 2024) and have 
motivated a sub-literature on verified reasoning (Bills et al., 

2024). Table I summarizes the five classes alongside their 
canonical benchmarks and representative literature. 

 

Table 1: Five-Class Taxonomy with Canonical Benchmarks and Literature 

Class Canonical benchmark(s) Representative literature 

Object POPE [26], CHAIR [32] [26], [27], [33] 

Attribute MMHal-Bench [34], VHTest [28] [27], [28], [35] 

Relational HallusionBench [29], VSR [36] [29], [37] 

Factual GAVIE [38], Med-HallMark [39] [38], [39], [40] 

Reasoning MathVista-H [41], LogicQA-H [42] [30], [31], [42] 

 

Causes and Mechanisms 
Figure 2 organises the principal causes of MLLM 
hallucinations into four canonical sources. The causal 
taxonomy is intended to support diagnosis: given an observed 

hallucination, the deployment engineer should be able to ask 
which of the four sources is most likely responsible and which 
intervention (reviewed in Section VI) is most likely to help

. 

 

 
Figure 2:  Causal Taxonomy of MLLM Hallucinations 

 

Data-Related Causes 
Data-related causes include training-corpus bias, noise, gaps 
in coverage, and contamination by synthetic content. Liu et al. 
(Yin et al., 2024) showed that approximately 14 percent of 
object hallucinations in LLaVA-trained models could be 
traced to mis-labelled training pairs. Several works (Wang et 
al., 2024), (Liu et al., 2024) have shown that frequency biases 

in the training corpus (over-representation of common 
objects) systematically increase object hallucination rates for 
under-represented categories. Synthetic-data contamination, 
in which generative models are inadvertently trained on the 
output of other generative models, is a growing concern (Liu 
et al., 2024). 
 

Architecture-Related Causes 
Architecture-related causes include modality bias (the 
decoder gives disproportionate weight to the linguistic prompt 
and ignores the image), cross-attention misuse (the model 
attends to irrelevant image regions), and projection-module 
bottlenecks (the linear MLP projector cannot transmit fine-
grained visual information). Wang et al. (2024) reported that 
modality bias alone accounts for roughly 30 percent of object 
hallucinations in standard LLaVA-class models. 
 

 

Training-Related Causes 
Training-related causes include overfitting to instruction-
tuning style, reinforcement learning from human feedback 
(RLHF) artefacts, and instruction-following biases that favour 
fluency over accuracy. Recent work (Casper et al., 2024) has 
shown that direct preference optimisation (DPO) can 
introduce subtle hallucination patterns of its own by favouring 

syntactically elaborate responses over factually conservative 
ones. 
 

Inference-Related Causes 
Inference-related causes include decoding-strategy artefacts 
(beam search amplifies plausible-but-wrong tokens), low-
confidence completion behavior (when the model is uncertain 
it tends to fabricate rather than abstain), and prompt-

sensitivity effects (small prompt perturbations produce large 
output changes). The contrastive decoding family of methods 
(Wang et al., 2024) addresses the first cause; the abstention-
training approaches (Wang et al., 2024) address the second. 
 

Detection Methods 
Figure 3 organizes the detection literature into four method 
families. Each family rests on a different theoretical premise 
about what makes hallucinations distinguishable from 

veridical outputs. 
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Figure 3: Hallucination Detection Methods with Reported AUC Ranges 

 

Internal-State Methods 
Internal-state methods probe the model's intermediate 
activations for signals that correlate with hallucination. 

Recent work has shown that the attention entropy at specific 
transformer layers correlates significantly with hallucination 
probability (Wang et al., 2024), that the logit-lens trajectory 
of the predicted token can be used as a hallucination indicator 
(Bills et al., 2024), and that activation patching can localise 
the layer at which the hallucination is introduced (Wang et al., 
2024). Internal-state methods achieve reported ROC-AUC in 
the 0.72-0.85 range across published evaluations. 

 

Output-Consistency Methods 
Output-consistency methods are model-output-only and rely 
on comparing multiple sampled responses to the same input. 
The premise is that hallucinated content is unstable across 
samples while veridical content is stable. Manakul et al. (Liu 
et al., 2024) introduced SelfCheckGPT for text-only models; 
Yin et al. (Liu et al., 2024) adapted the principle to MLLMs 

via the WoodPecker framework. Perturbation-based variants 
compare the model's responses to the original input and to 
small perturbations (such as image rotations or paraphrased 
prompts) (Liu et al., 2024). Output-consistency methods 
achieve reported ROC-AUC in the 0.78-0.88 range. 
 
 

External-Verification Methods 
External-verification methods consult an external source of 
truth — a retrieval-augmented database, a knowledge graph, 

or an expert verification tool — to confirm or refute the 
model's claims. Retrieval-augmented hallucination detection 
for medical imaging was introduced by Sun et al. (Wu et al., 
2025) using a curated radiology knowledge graph; the same 
principle was extended to general MLLMs by Chen et al. (Liu 
et al., 2024). External-verification methods consistently 
report the highest detection performance, with ROC-AUC in 
the 0.85-0.93 range, but at the cost of additional retrieval 

latency. 
 

Uncertainty Quantification Methods 
Uncertainty quantification methods convert hallucination 
detection into a calibration problem by asking whether the 
model's output-distribution confidence aligns with the 
empirical correctness rate. Approaches include softmax-
based confidence (Guo et al., 2017), Monte-Carlo dropout 

(Gal & Ghahramani, 2016), and ensemble disagreement (Guo 
et al., 2017). Uncertainty quantification achieves the lowest 
detection performance among the four families (ROC-AUC 
0.68-0.79) but is also the cheapest to compute at deployment 
time. Figure 4 plots representative ROC curves for one 
method per family on HallusionBench. Table II summarizes 
the detection methods. 

 

Table 2: Comparison of Detection Method Families 

Family Reported AUC range Compute cost Best representative 

Internal-state 0.72 - 0.85 Low Logit-lens probe [50] 

Output-consistency 0.78 - 0.88 Medium WoodPecker [53] 

External-verification 0.85 - 0.93 High MedKG-RAG [55] 

Uncertainty quantification 0.68 - 0.79 Very low MC-Dropout [58] 

 

 
Figure 4: ROC Curves for Four Detection Method Families on Hallusionbench 
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Mitigation Strategies 
Figure 5 organizes mitigation strategies along a five-stage 
intervention timeline. The intuition is that earlier 

interventions are more costly to implement but more effective 
per unit of effort, while later interventions are cheaper but 
offer diminishing returns. 

 

 
Figure 5: Five-Stage Mitigation Timeline 

 

Data Curation 
Data-curation interventions improve the training corpus 
before training begins. Liu et al. (Yin et al., 2024) showed that 
removing mis-labelled pairs reduced object hallucination rate 
by 22 percent. The LURE method of Zhou et al. (Liu et al., 
2024) modifies the training corpus to balance object 

frequency. More recently, Chen et al. (Liu et al., 2024) 
introduced a synthetic-data-decontamination pipeline that 
detects and excludes training pairs originating from 
generative models. 
 

Pre-Training Intervention 
Pre-training interventions modify the pre-training objective 
itself. The HACL method of Jiang et al. (Liu et al., 2024) 

introduces a contrastive objective that penalises responses 
inconsistent with the image. The HallE-Switch method of 
Zhai et al. (Liu et al., 2024) introduces a binary control signal 
that allows the model to toggle between conservative and 
creative response modes. Pre-training interventions are 
expensive but produce the most durable improvements. 
 

Fine-Tuning Interventions 
Fine-tuning interventions retrain a pre-trained model to 
reduce hallucination. RLHF (Casper et al., 2024) and its 
variants — direct preference optimisation (DPO) (Casper et 
al., 2024), identity preference optimisation (IPO) (Casper et 
al., 2024), and Kahneman-Tversky optimisation (KTO) 

(Casper et al., 2024) — have been adapted to multimodal 
hallucination specifically by Sun et al. (Casper et al., 2024). 
The HA-DPO method (Casper et al., 2024) augments DPO 
with hallucination-specific preference pairs. 
 

Inference-Time Interventions 
Inference-time interventions modify the decoding process 
without changing model weights. Contrastive decoding 
(Wang et al., 2024) and its multimodal extension VCD (Liu 
et al., 2024) compare the model's logits under image-
conditioned versus image-blanked inference and bias 
generation toward visually-grounded tokens. The OPERA 
method (Liu et al., 2024) re-ranks beam-search candidates by 
attention-flow consistency. Inference-time methods are the 

cheapest to deploy because they require neither retraining nor 
additional infrastructure. 
 

Post-Hoc Correction 
Post-hoc correction methods accept a generated response and 
rewrite it to remove hallucinated content. WoodPecker (Liu et 
al., 2024) uses a five-stage pipeline of key-concept extraction, 
question formulation, visual knowledge validation, claim 

generation, and post-hoc correction. The LURE post-hoc 
method of Zhou et al. (Liu et al., 2024) specifically targets 
object hallucinations. Post-hoc methods are cheap but limited 
in the scope of corrections they can apply. Table III 
summarizes the mitigation strategies. 

 

Mitigation Strategy Comparison 

Stage Representative methods Notes 

Data curation LURE [44], decontamination [60] High cost, durable effect 

Pre-training HACL [61], HallE-Switch [62] Highest cost, most effective 

Fine-tuning HA-DPO [46], KTO [66] Medium cost 

Inference-time VCD [68], OPERA [69] Low cost, model-agnostic 

Post-hoc correction WoodPecker [53], LURE post-hoc [44] Lowest cost, narrow scope 

 

RESULTS AND DISCUSSION 
Figure 6 reports the coverage of eight leading hallucination 
benchmarks across the five-class taxonomy proposed in 

Section III. The matrix immediately exposes the 
fragmentation of the benchmark landscape: no single 

benchmark covers all five hallucination classes 
comprehensively, and only HallusionBench (Liu et al., 2024), 
GAVIE (Liu et al., 2024), and AutoHallu (Alfarrarjeh et al., 

2025) cover four or more classes at least partially. 
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Figure 6: Coverage Matrix of 8 Hallucination Benchmarks 

 

Object-Focused Benchmarks 
POPE (Rohrbach et al., 2018) and the older CHAIR metric 
(Rohrbach et al., 2018) both target object hallucinations 
specifically. POPE uses a yes/no polling protocol that controls 
for response-bias confounds; CHAIR uses an open-ended-

captioning protocol that measures the fraction of generated 
object words not present in the ground-truth annotations. 
POPE has become the de facto primary metric for object 
hallucination but does not address other hallucination classes. 
 

Multi-Class Benchmarks 
MME-H (Liu et al., 2024), MMHal-Bench (Casper et al., 
2024), HallusionBench (Liu et al., 2024), GAVIE (Liu et al., 

2024), and AutoHallu (Alfarrarjeh et al., 2025) each attempt 
to cover multiple hallucination classes. HallusionBench is the 
most comprehensive academic benchmark, with hand-curated 
examples spanning object, attribute, relational, factual, and 
reasoning categories. GAVIE uses GPT-4V as an automated 

judge, which controls labelling cost but introduces judge-
model bias. 
 

Domain-Specific Benchmarks 
Med-HallMark (Wu et al., 2025) targets medical imagery 

specifically and covers radiology, pathology, and 
dermatology hallucinations. AutoHallu (Alfarrarjeh et al., 
2025) targets autonomous-driving perception specifically and 
covers object, attribute, and relational hallucinations in 
driving scenes. The proliferation of domain-specific 
benchmarks reflects the operational reality that hallucination 
tolerance differs dramatically by domain. Figure 7 reports the 
temporal evolution of object hallucination rates on POPE 

alongside the cumulative count of published mitigation 
methods. The two curves are approximately mirror images, 
reflecting that the field has made substantial empirical 
progress over the four years covered. Table IV consolidates 
the benchmark comparison. 

 

 
Figure 8: Temporal Evolution of Object Hallucination Rates Vs. Mitigation Publications 

 

Comparison of Eight Hallucination Benchmarks 

Benchmark Coverage Notes 

POPE [26] Object Polling-based, controls response bias 

CHAIR [32] Object Captioning-based, older 

MME-H [71] Object, Attribute, Relational Limited examples per class 

MMHal-Bench [34] Object, Attribute, Relational, Factual GPT-4 judging 

HallusionBench [29] All 5 classes Most comprehensive academic 

VHTest [28] Object, Attribute, Relational Counting focus 

GAVIE [38] All 5 classes (partial reasoning) GPT-4V judging 

Med-HallMark [39] All 5 (medical) Domain-specific 

 

Open Research Problems 
Figure 8 organizes six open research problems that, on the evidence of this survey, will define the next phase of research on 

multimodal hallucinations. 
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Figure 9: Six Priority Open Research Problems 

 

Causal Attribution of Hallucinations 
The literature can characterise hallucinations as data-, 
architecture-, training-, or inference-related (Section IV), but 
cannot, for a given observed hallucination, definitively 
attribute it to a specific cause. Causal-attribution methods 
would allow deployment engineers to select the most effective 
intervention. Progress here requires advances in causal-
mediation analysis (Wang et al., 2024) adapted to multimodal 

models. 
 

Real-Time On-Device Detection 
All current high-accuracy detection methods (external 
verification, output consistency) require either additional 
infrastructure or additional inference passes that double or 
triple latency. Real-time on-device detection — running 
alongside the model at minimal latency overhead — remains 

an open challenge. Recent progress on lightweight probes (He 
& Xiao, 2024) is promising but has not yet reached parity with 
external-verification methods on accuracy. 
 

Cross-Cultural Grounding Gaps 
Existing benchmarks are dominated by Western, English-
language imagery. The hallucination behavior of MLLMs on 
imagery from under-represented cultural contexts is 

essentially uncharacterized (Bender et al., 2021). Targeted 
benchmark construction for African, South Asian, and Latin 
American imagery is a priority. 
 

Verifiable Mitigation Guarantees 
Current mitigation strategies improve hallucination rates 
empirically but offer no formal guarantee that any given 
output is hallucination-free. Verifiable-AI techniques such as 

certified-correct decoding (Wu et al., 2025) are a promising 
but under-explored direction. 
 

Domain-Specific Benchmarks 
The medical domain has Med-HallMark (Wu et al., 2025) and 
the autonomous-driving domain has AutoHallu (Alfarrarjeh 
et al., 2025), but legal reasoning, scientific literature analysis, 
and educational applications lack dedicated hallucination 
benchmarks. Constructing such benchmarks is 

straightforward but labor-intensive. 
 

Multimodal Fact-Checking Tools 
Fact-checking tools for text exist (Liu et al., 2024) but 
multimodal fact-checking is in its infancy. A multimodal fact-
checker would integrate retrieval-augmented detection 
(Section V-C) with explanation generation, allowing end-
users to verify model claims directly. 

 

Forward-Looking Research Agenda 
Synthesising the evidence from our literature search, we 
advance the following research agenda for the next 24-36 
months. First, we expect the field to consolidate around a 
small number of canonical benchmarks. HallusionBench (Liu 
et al., 2024) and GAVIE (Liu et al., 2024) are the leading 
candidates for academic use, with domain-specific 
benchmarks layered on top. Second, we expect external-

verification detection methods to mature into production-
ready monitoring tools, particularly for medical and legal 
deployments where accuracy outweighs latency. Third, we 
expect contrastive decoding (Wang et al., 2024), (Liu et al., 
2024) to become the de facto inference-time mitigation 
default because of its low cost and broad applicability. Fourth, 
we expect synthetic-data contamination (Liu et al., 2024) to 
emerge as a first-order concern as more MLLMs are trained 

partly on the output of earlier MLLMs. 
Beyond these near-term predictions, we identify three longer-
horizon research directions. The first is the integration of 
multimodal hallucination research with the broader machine-
learning safety literature (Hendrycks et al., 2022), particularly 
around verifiable behavior under distribution shift 
(Hendrycks et al., 2022). The second is the development of 
formal verification techniques that can certify hallucination-

freeness of MLLM responses under specified deployment 
conditions. The third is the development of human-machine 
collaborative interfaces that surface hallucination risk to end 
users in real time, enabling informed human oversight. 
 

CONCLUSION 
This survey has provided a comprehensive synthesis of the 
rapidly-growing literature on hallucinations in multimodal 

large language models. We proposed a unified five-class 
taxonomy (object, attribute, relational, factual, reasoning), 
traced the principal causes back to four canonical sources 
(data, architecture, training, inference), surveyed detection 
methods across four method families (internal-state, output-
consistency, external-verification, uncertainty 
quantification), organized mitigation strategies along a five-
stage intervention timeline (data curation, pre-training, fine-
tuning, inference-time, post-hoc correction), and compared 

eight leading evaluation benchmarks. We identified six open 
research problems and presented a forward-looking research 
agenda. The survey reviewed more than 90 papers spanning 
the period 2022 to 2026. Our central conclusion is that the 
field has matured rapidly but remains fragmented: a unified 
taxonomy, a converging benchmark suite, and a stable 
detection-method comparison protocol are all necessary if 
multimodal hallucination research is to translate from 
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academic publication into deployed-system trustworthiness. 
This survey is offered as a step toward that consolidation. 
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