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Abstracts

Foundation models (FMs) have the potential to revolutionize various fields, but their reliability is often compromised by
hallucinations. This paper delves into the intricate nature of model hallucinations, exploring their root causes, mitigation
strategies, and evaluation metrics. We provide a comprehensive overview of the challenges posed by hallucinations, including
factual inaccuracies, logical inconsistencies, and the generation of fabricated content. To address these issues, we discuss a range
of techniques, such as improving data quality, refining model architectures, and employing advanced prompting techniques. We
also highlight the importance of developing robust evaluation metrics to detect and quantify hallucinations. By understanding
the underlying mechanisms and implementing effective mitigation strategies, we can unlock the full potential of FMs and ensure
their reliable and trustworthy operation. Foundation Models (FMs), such as large language models and multimodal transformers,
have demonstrated transformative capabilities across a wide range of applications in artificial intelligence, including natural
language processing, computer vision, and decision support systems. Despite their remarkable success, the reliability and
trustworthiness of these models are frequently undermined by a phenomenon known as hallucination, the generation of outputs
that are factually incorrect, logically inconsistent, or entirely fabricated. This study presents a comprehensive examination of
model hallucinations, focusing on their underlying causes, mitigation approaches, and evaluation metrics for systematic
detection. We begin by analyzing the root causes of hallucination, which span data-related factors such as bias, noise, and
imbalance, as well as architectural and training issues like over-parameterization, poor generalization, and the lack of grounded
reasoning. The paper categorizes hallucinations into factual, logical, and contextual types, illustrating how each arises in different
stages of model inference and decision-making. We further discuss how prompt engineering, attention misalignment, and
inadequate fine-tuning contribute to the persistence of erroneous model outputs. To mitigate these challenges, we explore a range
of strategies, including improving data curation and preprocessing pipelines, integrating factual verification and retrieval -
augmented mechanisms, and refining model architectures to enhance interpretability and context awareness. Techniques such as
reinforcement learning with human feedback (RLHF), chain-of-thought prompting, and hybrid symbolic-neural approaches are
highlighted for their potential in reducing hallucination rates while maintaining model fluency and adaptability. Furthermore,
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this work emphasizes the critical need for rigorous and standardized evaluation metrics capable of quantifying the severity,
frequency, and impact of hallucinations. Metrics such as factual consistency scores, semantic similarity indices, and hallucination
detection benchmarks are discussed as essential tools for assessing model reliability. Ultimately, this paper provides a structured
understanding of model hallucinations as both a technical and ethical challenge in the deployment of Foundation Models. By
elucidating their origins and presenting practical mitigation frameworks, we aim to advance the development of more transparent,
accountable, and trustworthy Al systems. The insights presented herein contribute to ongoing efforts to ensure that Foundation
Models not only achieve high performance but also uphold factual integrity and user trust across real-world applications.
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1.2. Importance of Hallucination

1. Introduction
Although model hallucinations pose a significant challenge

Model hallucination occurs when an Al model generates in-  to Al, they also offer valuable insights into the limitations of

correct or misleading information, often diverging from real-  current Al technology. By understanding the root causes of
world facts or the given prompt. This phenomenon is particu- hallucinations, researchers can identify areas for improvement
larly prevalent in large language models (LLMSs)." Al halluci-  and develop more robust and reliable Al systems.

nation, a phenomenon where Al models produce incorrect or Recent years have witnessed a surge of interest in founda-

misleading information, can arise from several factors. These ~ tion models (FMs) across both academia and industry. One of
include inadequate training data, flawed assumptions, biases  the primary challenges associated with FMs is hallucination,
inherent in the training data, and limitations in the model'sun-  the generation of plausible but factually incorrect or nonsen-
derstanding of context and nuance. sical content.

Foundation models, exemplified by GPT-3 and Stable Dif- While previous surveys have explored hallucination in nat-
fusion, have ushered in a new era of machine learning and ~ ural language generation [6] and large language models
generative Al. These models, trained on massive, diverse da-  (LLMs) specifically [30]-the issue extends to other modalities,
tasets, are capable of handling a wide range of tasks, including ~ including image, video, and audio. This paper aims to provide
language understanding, text and image generation, and natu- & comprehensive survey of hallucination across all major mo-
ral language conversation. This paradigm shift has the poten-  dalities of foundation models.

tial to revolutionize various industries and applications [18]. This article seeks to deliver an in-depth exploration of
model hallucinations within artificial intelligence systems, a

phenomenon that significantly undermines the reliability and
credibility of machine learning applications. We will delve

Hallucinations occur when foundation models (FMs) gen- into the various factors that lead to these hallucinations, such
erate plausible yet factually incorrect or nonsensical content.  as biases present in the training data, limitations inherent in
These outputs, ranging from minor inaccuracies to entirely ~ model architectures, and the methodologies employed during
fabricated information, can manifest across various modalities,  training. By examining these elements, we aim to clarify the
including text, images, videos, and audio. contexts in which hallucinations are more likely to manifest.

Several factors contribute to hallucinations, such as biases ~ Furthermore, we will conduct a thorough review of existing
in training data, limited access to current information, and in-  strategies aimed at mitigating hallucinations, evaluating the
herent model limitations in comprehending context and gen-  efficacy of approaches like enhanced data curation practices,
erating coherent responses. Deploying such powerful models ~ modifications in model design, and effective post-processing
without addressing hallucinations can lead to the dissemina- techniques, thereby providing practical recommendations for
tion of misinformation, incorrect conclusions, and potentially ~ industry practitioners. In addition, we will introduce a frame-
harmful consequences in critical applications. work for establishing robust evaluation metrics that can effec-

To mitigate hallucinations, researchers are actively explor-  tively detect and measure the extent of hallucination in differ-
ing strategies like fine-tuning models with domain-specific ent models, highlighting the necessity for standardized metrics
data, using diverse and robust training data, and developing  that enable meaningful comparisons across various applica-
improved evaluation metrics to identify and reduce hallucina-  tions. Ultimately, this comprehensive survey aspires to shed
tion tendencies [26]. light on the intricate nature of model hallucinations, furnish-
ing researchers and practitioners with essential insights that
can foster the development of more reliable and trustworthy
artificial intelligence technologies.

1.1. Causes of Hallucination
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1.3. Hallucination Categories

In Figure 1, we categorize foundation models (FMs) into
four primary modalities: text, image, video, and audio. Foun-
dation models, despite their remarkable capabilities, can
sometimes produce hallucinations. This phenomenon occurs
when the model generates text that deviates from factual ac-
curacy, presenting fictional or misleading information. This
can happen because the model, trained on vast datasets, learns
patterns and generates text that sounds plausible but may not
align with reality.

Several factors can contribute to hallucinations, including
biases present in the training data, the model's limited access
to real-time information, and inherent constraints in its ability
to comprehend and generate contextually accurate responses.
It's crucial to recognize that these instances are often uninten-
tional and stem from the model's limitations rather than a de-
liberate attempt to deceive.

{Uiet al. (2022); Minderer et al (2023), Zherg et ol |
Peng et al. (2023), U et al. (2023), Elharby et al (2022),
Jh et al, (2023); McKenna et al (2023), Vaskev et al (30°
23), Huang and Chang (2023), Lee et al. (2023) Gao et al. |

IMs  H

! L et al, (2022), Minderer et al. (2023), Zheng et al
(2023), Peng et al. (2023), Li et al. (2023), Earty et al
(2022), M et al (2003), McKenna et al, (2023), Vaskey
et al (2023), Huang and Chang (2023), Lee et a (2023)

Text

| Hallucination in
Large Foundation '

Models - Multilingual

LLMs

1 Pfeiffer et al, (2023), Cui et al, (2023)
H Domainsefficet ieft. Medicrat et al. (2023), Mexiena
| Domain-
specific Lms
Image Li et al. (2023b), Gupta et al (2023)
Video || Heindshiester et al (2023), Wuet al 2 |

Audio N Doh et al. (2023), Liu et al (20233)

Figure 1. Taxonomy for Hallucination in large foundation models.
(Vipula et al. (2023).

1.4. Mitigation of Hallucination

The lack of a standardized metric for evaluating object hal-
lucination has hindered progress in understanding and ad-
dressing this issue. To fill this gap, [4] introduced NOPE
(Negative Object Presence Evaluation), a novel benchmark
designed to assess object hallucination in vision-language (VL)
models through visual question answering (VQA). Leverag-
ing LLMs, the study generated 29.5k synthetic negative pro-
noun (NegP) data for NOPE. This dataset was used to exten-
sively evaluate the performance of 10 VL models in discern-
ing the absence of objects in visual questions, alongside their
standard performance on visual questions across nine other
VQA datasets.

1.5. Importance of Hallucination

Model hallucinations, while potentially frustrating, can be
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harnessed for creative innovation, problem-solving, and re-
search advancement when used responsibly and critically
evaluated. [21] offers an intriguing perspective on the poten-
tial of hallucinating models as collaborative creative partners.
By generating outputs that may not be strictly factual, these
models can spark innovative thinking and unconventional so-
lutions. This creative use of hallucination can lead to unex-
pected and valuable outcomes.

However, it's essential to distinguish between constructive
and harmful hallucinations. Factually inaccurate or norm-vio-
lating outputs can be problematic, especially when individuals
rely on LLMs for expert knowledge. Conversely, in creative
domains, the ability to generate surprising and unconventional
responses can stimulate novel ideas and connections.

2. Related Work

Researchers have explored self-contradictory hallucina-
tions in LLMs, where the model generates text that contradicts
itself, leading to unreliable or nonsensical outputs [15]. Their
work presents methods to evaluate the occurrence of such hal-
lucinations, detect them in LLM-generated text, and mitigate
their impact to enhance the overall quality and trustworthiness
of LLM-generated content.

SELFCHECKGPT (Potsawee Manakul 2023) is a zero-re-
source, black-box technique designed to detect hallucinations
in generative LLMs. This method identifies instances where
these models generate inaccurate or unverified information
without requiring additional resources or labelled data. By de-
tecting and addressing hallucinations, SELFCHECKGPT
aims to improve the trustworthiness and reliability of LLMs.

PURR [2] is a method designed to efficiently edit and cor-
rect hallucinations in language models. By leveraging de-
noising language model corruptions, PURR effectively iden-
tifies and rectifies these hallucinations. This approach aims to
improve the quality and accuracy of language model outputs
by reducing the incidence of hallucinated content.

Literature offers a zero-resource, black-box approach to de-
tect hallucinations in any LLM without requiring external re-
sources. This method leverages the principle that an LLM with
domain expertise will generate consistent and coherent re-
sponses. Conversely, randomly sampled responses from unfa-
miliar topics are more likely to contain contradictory and hal-
lucinated information [16].

Shiping Yang (2023) introduced a novel self-check ap-
proach based on reverse validation to automatically identify
factual errors in LLMs without relying on external resources.
They also created a benchmark, Passage-level Hallucination
Detection (PHD), using ChatGPT and human expert annota-
tions to evaluate different methods. Assessing the accuracy of
long-form text generated by LLMs is challenging due to the
frequent intermingling of accurate and inaccurate information,
making simple quality judgments insufficient.
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Figure 2. Taxonomy of hallucination in large foundation models, organised around detection and mitigation techniques [21].
To address this challenge, [14] introduced FACTSCORE, a

novel evaluation metric that assesses the factual accuracy of
text by breaking it down into individual claims and evaluating

their reliability. [8] proposed a novel approach to mitigate hal- User lnPUt

lucination in LLMs by drawing inspiration from web systems. A
They highlighted the lack of a "citation" mechanism in LLMs, ’ Can you re(.:ommend a delicious
which involves acknowledging or referencing sources of in- il cc'Pe for dinner?

formation, as a critical gap.

To address the challenge of identifying factual inaccuracies
in LLM-generated content, [27] developed a multi-task learn- LLM ResP°nse
ing (MTL) framework. This framework leverages advanced
long text embeddings like e5-mistral-7b-instruct, along with
models such as GPT-3, SpanBERT, and RoFormer. The MTL
approach demonstrated a 40% average improvement in accu-

Yes, here is a delicious recipe for
lunch. So how about fried chicken
with mashed potatoes? In addition,

racy on the FACTOID benchmark compared to leading textual tomatoes are also an excellent
entailment methods. pairing for this dish as they are
To address this challenge, [31] introduced a formal frame- rich in calcium. Enjoy this steak!

work defining hallucination as inconsistencies between com-
putable LLMs and a ground truth function. The study exam-

ines existing hallucination mitigation strategies and their prac- Hallucination Explanation

tical implications for real-world LLM deployment through

this framework. Input-Conflicting Hallucination: the user
Introduced the Sorry, Come Again (SCA) prompting tech- wants a recipe for dinner while LLM

nique to mitigate hallucination in contemporary LLMs. SCA provide one for lunch.

enhances comprehension by optimally paraphrasing prompts
and injecting [PAUSE] tokens to delay LLM generation. The
study analyzes linguistic nuances in prompts and their impact
on hallucinated generation, highlighting the challenges posed
by prompts with lower readability, formality, or concreteness.

Context-Conflicting Hallucination: steak
has not been mentioned in the preceding
context.

Figure 3. LLM responses showing the types of hallucinations, high-
lighted in red, green, and blue [21].
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3. Methodology

Instruction-based evaluation

The image features a person standing on
a sandy beach, holding a colorful striped
umbrella to provide shade from the sun.
The umbrella is positioned towards the left
side of the person, covering a significant portion |
of their body. The person appears to be enjoyi

. their time at the beach, possibly looking out |

|

POPE

Random settings

Is there a tree in the image?

| Yes, there is a tree in the image.

Popular settings I;

' Is there a person in the image?

[ Yes, there is a person in the image.

‘ [ Is there a boat in the image?

[7 Adversarial settings |

| Yes, there is a boat in the image.

Figure 4. Instances of object hallucination within LVLMs. [28]. Ground-truth objects in annotations are indicated in bold, while red objects
represent hallucinated objects by LVLMs. The left case occurs in the conventional instruction-based evaluation approach, while the right case

occur in three variations of POPE [21].

3.1. Hallucination in Large Image and Video
Model

Dense video captioning, the task of generating descriptions
for multiple events within a continuous video, demands a deep
understanding of video content and strong contextual reason-
ing. However, this complex task is fraught with challenges,
often leading to inaccuracies and hallucinations [22] and [13].

Large video models (LVMs) represent a significant ad-
vancement, enabling large-scale processing of video data. De-
spite their potential for diverse applications like video under-
standing and generation, LVVMs are prone to hallucinations,
where misinterpretations of video frames can lead to the gen-
eration of artificial or inaccurate visual data. Figure 5 show-
cases examples of these hallucinations observed in LVMs.

Contrastive learning models, often employing a Siamese ar-
chitecture [23, 24] have demonstrated significant potential in
self-supervised learning. However, their effectiveness hinges
on the availability of a sufficient number of diverse positive
pairs. Without this, these models may struggle to learn mean-
ingful semantic distinctions and succumb to overfitting.

To address this limitation, the Hallucinator was introduced,
which is a novel approach that efficiently generates additional
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positive samples to enhance contrast. The Hallucinator oper-
ates directly in the feature space, making it differentiable and
seamlessly integrable into the pretraining task with minimal
computational overhead. (Jing Wu n.d.)

To address these challenges, researchers have proposed var-
ious innovative approaches. [10] introduced a novel frame-
work that leverages event sequence generation and sequential
video captioning, trained with reinforcement learning and
two-level rewards. This approach effectively captures contex-
tual information, resulting in more coherent and accurate cap-
tions.

A weakly supervised, model-based factuality metric termed
FactVC was introduced, outperforming existing methods for
factuality evaluation [3]. To further support research in this
area, two annotated datasets for assessing the factuality of
video captions were also released. Literature proposed a con-
text-aware model that incorporates information from past and
future events to influence the description of the current event.
By leveraging a robust pre-trained context encoder and a gate-
attention mechanism, this model significantly outperforms ex-
isting context-aware and pre-trained models on the
YouCookll and ActivityNet datasets (Weilun Wu and Yang
Gao. n.d.).

A streaming model incorporating a memory module for
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processing long video sequences, together with a streaming
decoding algorithm for early prediction, was introduced,
demonstrating significant performance improvements on
dense video captioning benchmarks such as ActivityNet,
YouCook2, and ViTT [25, 31].

3.2. Detecting and Preventing Al Hallucinations

Researchers have highlighted the issue of object hallucina-
tions in Vision-Language Pre-training (VLP) models, where
generated descriptions can contain non-existent or inaccurate
objects. [28, 29] further underscored the severity of this prob-
lem, suggesting that visual instructions can influence halluci-
nation. They introduced POPE, a polling-based query method,
to improve the evaluation of object hallucination.

To address the lack of a standardized metric for assessing
object hallucination, [4] introduced NOPE, a novel bench-
mark for evaluating object hallucination in vision-language
(VL) models through visual question answering (VQA). Lev-
eraging LLMs, they generated 29.5k synthetic negative pro-
noun (NegP) data for NOPE. This dataset was used to exten-
sively evaluate the performance of 10 VL models in discern-
ing the absence of objects in visual questions, alongside their
standard performance on visual questions across nine other
VQA datasets.

Leveraging LLMs, the study generated 29.5k synthetic neg-
ative pronoun (NegP) data for NOPE. This dataset was used
to extensively evaluate the performance of 10 VL models in
discerning the absence of objects in visual questions, along-
side their standard performance on visual questions across

GT:
GT: We then see one man climbing a sheer
cliff.

GT: We then see one man climbing a sheer
cliff.

VLTl He is talking to the camera and
showing off his climbing wall.

nine other VQA datasets.

While most existing research has primarily focused on ob-
ject hallucinations, [6] delved deeper into Intrinsic Vision-
Language Hallucination (IVL-Hallu). They proposed several
novel IVL-Hallu tasks, categorizing them into four types: at-
tribute, object, multi-modal conflicting, and counter-com-
mon-sense hallucinations. To assess and explore 1VL-Hallu,
they introduced a challenging benchmark dataset and con-
ducted experiments on five LVLMs, revealing their limita-
tions in effectively addressing these tasks.

To mitigate object hallucination in LVLMs without relying
on costly training or APIs, [25], and [26] introduced MARINE.
This training-free and API-free approach enhances the visual
understanding of LVLMs by integrating existing open-source
vision models and utilizing guidance without classifiers to in-
tegrate object grounding features, thereby improving the pre-
cision of the generated outputs. Evaluations across six
LVLMs reveal MARINE's effectiveness in reducing halluci-
nations and enhancing output detail, validated through assess-
ments using GPT-4V.

[1] introduced a CLIP-Guided Decoding (CGD) training-free
approach to reduce object hallucination at decoding time.

HalluciDoctor [17] tackled hallucinations in Multi-modal
Large Language Models (MLLMSs) by using human error de-
tection to identify and eliminate various types of hallucina-
tions. By rebalancing data distribution via counterfactual vis-
ual instruction expansion, they successfully mitigated 44.6%
of hallucinations while maintaining competitive performance.

GT:

GT: The man then pours several liquids out
into a glass, shakes it up, and then pours it

into a glass with a lemon on top.
L | maw = B 3 = B

GT: The man then pours several liquids out
into a glass, shakes it up, and then pours it
into a glass with a lemon on top.

VLIAIinT: The man then drinks from a
cup and pours it into a glass.

Figure 5. A video featuring descriptions generated by VLTinT model and ground truth (GT) with description errors highlighted in red. (Chuang

and Fazli, 2023).
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Despite their proficiency in visual semantic comprehension and meme humor, MLLMs struggle with chart analysis and un-
derstanding. To address this, [19, 30] proposed ChartBench, a benchmark assessing chart comprehension.

External Noise Incorrect Action Missed Object
Hallucination (A) Hallucination (B) Hallucination (C)
(A.1) (A.2) (C.1) (C.2)

———— W o W |

“I hear the sound of a dog barking “I hear a woman playing “I hear a trumpet playing a song
and a baby crying” a harp” :
A A baby does not appear in this A The sound is not the clock, A The action is “playing” (correct),
video f but a man talking about it but the object is not trumpet (it is bala)

“1 hear the sound of a dog “I hear the sound of a chainsaw “ | hear a man speaking at a podium

barking and a baby crying” | being used to cut wood” ¢ with a microphone in front of a red and
i | white flag
A A baby does not appear in this video | A The object is “chainsaw” (correct), | A The action is “speaking” (correct),c
' but the action is not cutting the wod but the object of a microphone does not

(it is put on the floor) appear

Figure 6. Audio hallucination examples for each class- Type A: Involving hallucinations of both objects and actions: Type B: featuring accu-
rate objects but hallucinated actions; Type C: Displaying correct actions but hallucinated objects. (Nishimura et al., 2024).

ChartBench exposes MLLMSs' limited reasoning with com- artifacts.

plex charts, prompting the need for novel evaluation metrics In the domain of video understanding, end-to-end chat-cen-
like Acc+ and a handcrafted prompt, ChartCoT. tric systems have gained significant attention. [12] introduced

the YouCook2 dataset, a comprehensive collection of cooking
3.3. Evaluation Matrices to Detect Degree of videos with temporally localized and described procedural

segments, to facilitate procedure learning tasks.

A novel framework termed VideoChat was introduced to

Benchmarking is a critical tool for evaluating and mitigat-  integrate video foundation models with large language models,
ing model hallucinations. By establishing standardized met-  thereby enhancing spatiotemporal reasoning, event localiza-
rics and datasets, researchers can objectively assess model tion, and causal relationship inference in video understanding
performance and track progress in addressing this challenge. [7,9, 11]. They constructed a video-centric instruction dataset

A two-level hierarchical fusion method was pioneered to ~ With detailed descriptions and conversations, emphasizing
synthesize facial expression sequences from a single neutral ~ spatiotemporal reasoning and causal relationships. To miti-
face image [5]. To enable effective training of the system, a  gate model hallucinations, they employed a multi-step process

Hallucination

dedicated dataset Comprising 112 video sequences represent- involving GPT-4 to condense video descriptions into coherent
ing four facial expressions (happy, angry, surprise, and fear) narratives. _ _ _
collected from 28 individuals was developed.. This approach To delve into the challenge of inferring scene affordances,

generated realistic facial expression sequences with minimal ~ [20] curated a dataset of 2.4 million video clips, showcasing
various plausible poses aligned with scene context
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Table 1. Comprehensive Overview of Hallucination Research in Large Foundation Models: Detection, Mitigation, Tasks, Datasets, and Eval-

uation Metrics [21].

Title

Citation: A Key to Building Responsible
and Accountable Large Language Models
(Huang and Chang, 2023)

Zero-resource hallucination prevention for
large language models (Lao et al., 2023)

RARR: Researching and Revising What
Language Models Say, Using Language
Models (Gao et al., 2023)

Evaluating Object Hallucination in Large
Vision-Language Models (Li et al., 2023¢)

Detecting and Preventing Hallucinations in
Large Vision Language Models (Gunjal et
al., 2023)

Plausible May Not Be Faithful: Probing
Object Hallucination in Vision-Language
Pre-training (Dai et al., 2022)

Let’s Think Frame by Frame: Evaluating
Video Chain of Thought with Video Infer-
ence and Prediction (Himankahtala et al.,
2023)

Putting People in Their Place: Affordance-
Aware Human Insertion into Videos (Kulal
et al., 2023)

VideoChat: Chat-Centric Video Under-
standing (Li et al., 2023c)

Models See Hallucinations: Evaluating the
Factuality in Video Captioning (Liu and
Wan, 2023)

LP-MusicCaps: LLM-based pseudo music
captioning (Doh et al., 2023)

Audio-Journey: Efficient Visual-LLM-
aided Audio Encode Diffusion (Li et al.,
2023a)

Detect? Mitigate?

v v

Task(s)

N/A

Concept extraction,
guessing, aggrega-
tion

Editing for Attribu-
tion

Image captioning

Visual Question
Answering (VQA)

Image captioning

Video infilling,
Scene prediction

Affordance predic-
tion

Visual dialogue

Video captioning

Audio captioning

Classification

Dataset

N/A

Concept-7

NQ, SQUAD,
QReCC

MSCOCO (Lin et
al., 2014)

M-HalDetect

CHAIR (Rohrbach
et al., 2018)

Manual

Manual (2.4M
video clips)

Manual

ActivityNet Cap-
tions (Krishna et al.,
2017), YouCook2
(Zhou et al., 2017)

LP-MusicCaps

Manual

Evaluation Metric

N/A

AUC, ACC, F1, PEA

Attributable to Idea-filled
Sources (Castafb and
Yang, 2007)

Caption Hallucination As-
sessment with Image Rele-
vance (CHAIR) (Rohrbach
etal., 2018)

Accuracy

CIDEr

N/A

FID, PCKh

N/A

Factual consistency for
Video Captioning
(FactVC)

BLEU-1 to 4 (B1-B4),
METEOR (M), ROUGE-L

Mean Average Precision
(mAP)

Table 1 above summarises various literature related to
hullicination in all four modalities of the large foundation
models. This study has secmented each work by the following
criterias: a) Detection b) Mitigation ¢) Task d) data set e) Eva-
lautioon Metrics. The “\’ indicate it is present in the paper
whereas the ‘X’ indicates it is absent in the paper.

4. Future Outlook

Hallucinations in LLMs pose a significant challenge to their
widespread adoption. While significant progress has been
made in detection and mitigation techniques, further research
is needed to develop robust and effective solutions. By ad-
dressing this issue, we can unlock the full potential of LLMs
and ensure their responsible and beneficial use.
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Researchers are actively investigating techniques to miti-
gate hallucinations, a crucial step for sensitive applications.
Key future directions include improving data quality, refining
evaluation metrics, enhancing model reasoning, and develop-
ing robust ethical guidelines.

5. Conclusions

This survey paper provides a comprehensive overview of
research on model hallucinations in foundation models (FMs),
covering critical aspects such as detection, mitigation, tasks,
datasets, and evaluation metrics. The paper highlights the per-
vasive nature of hallucinations in FMs and the urgent need to
address this issue due to their increasing importance in various
domains. A key contribution of this paper is the development
of a structured taxonomy for classifying hallucinations in text,
image, video, and audio domains.
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