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Figure 1: Overview of LOKI benchmark. LOKI possesses four key characteristics: 1) Diverse
modalities (video, image, 3D, text and audio); 2) Heterogeneous categories (26 detailed subcate-
gories); 3) Multi-level annotations; 4) Multimodal synthetic data evaluation framework.

ABSTRACT

With the rapid development of AI-generated content, the future internet may be
inundated with synthetic data, making the discrimination of authentic and credi-
ble multimodal data increasingly challenging. Synthetic data detection has thus
garnered widespread attention, and the performance of large multimodal models
(LMMs) in this task has attracted significant interest. LMMs can provide natural
language explanations for their authenticity judgments, enhancing the explain-
ability of synthetic content detection. Simultaneously, the task of distinguish-
ing between real and synthetic data effectively tests the perception, knowledge,
and reasoning capabilities of LMMs. In response, we introduce LOKI, a novel
benchmark designed to evaluate the ability of LMMs to detect synthetic data
across multiple modalities. LOKI encompasses video, image, 3D, text, and audio
modalities, comprising 18K carefully curated questions across 26 subcategories
with clear difficulty levels. The benchmark includes coarse-grained judgment and
multiple-choice questions, as well as fine-grained anomaly selection and expla-
nation tasks, allowing for a comprehensive analysis of LMMs. We evaluated 22
open-source LMMs and 6 closed-source models on LOKI, highlighting their po-
tential as synthetic data detectors and also revealing some limitations in the de-
velopment of LMM capabilities. More information about LOKI can be found at
https://opendatalab.github.io/LOKI/.
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1 INTRODUCTION

With the rapid development of diffusion models (Rombach et al., 2022; Dhariwal & Nichol, 2021b)
and large language models (Abdullah et al., 2022; Brown, 2020), AI-generated content (AIGC)
technology has increasingly integrated synthetic multimodal data into our daily lives. For instance,
tools like SORA (Brooks et al., 2024) can produce highly realistic video, while Suno (Shulman
et al., 2022) enables the creation of music at a level comparable to professional artists. However,
synthetic multimodal data also brings signi�cant risks, including potential misuse and societal dis-
ruption (Cooke et al., 2024; Ju et al., 2022). For example, the risks include generating fake news
using large language models (LLMs), synthesizing fraudulent faces with diffusion models for scams,
and potential contamination of internet training data. Due to the convenience of arti�cial intelligence
synthesis, the future Internet may be saturated with AI-generated content, making the task of dis-
cerning the authenticity and trustworthiness of multimodal data increasingly challenging.

To address such threats, the �eld of synthetic data detection has garnered widespread attention in
recent years (Barni et al., 2020; Frank et al., 2020; Gragnaniello et al., 2021; Shao et al., 2023;
2024).However, most current synthetic data detection methods are primarily focused on authentic-
ity evaluation, with certain limitations regarding the human interpretability of the prediction results
(Li et al., 2024b). The recent rapid advancement of large multimodal models (LMMs) has sparked
curiosity about their performance in detecting synthetic multimodal data (Ku et al., 2023; Wu et al.,
2024b). On one hand, for synthetic data detection tasks, LMMs can provide reasoning behind au-
thenticity judgments in natural language, paving the way for enhanced explainability. On the other
hand, the task of distinguishing between real and synthetic data involves the perception, knowledge,
and reasoning abilities of multimodal data, serving as an excellent test of LMM capabilities. There-
fore, the focus of this paper is to evaluate the performance of LMMs in synthetic data detection
tasks.

However, traditional synthetic data detection benchmarks, such as Fake2M (Lu et al., 2023b) and
ASVSpoof 2019 (Wang et al., 2020b), primarily assess conventional detection methods, and eval-
uations of LMMs in detecting multimodal synthetic data are still lacking. These benchmarks often
miss �ne-grained anomaly annotations represented in natural human language, making it dif�cult to
transparently analyze the explainability capabilities of LMMs. FakeBench (Li et al., 2024a) aligns
more closely with our objectives, but it only evaluates the performance of LMMs within a single
standard image modality, lacking both breadth and depth. Speci�cally, FakeBench fails to explore
other modalities such as audio and 3D data, focusing primarily on general image types and not
conducting thorough tests on expert domain images like satellite imagery. To bridge this gap, we
introduce LOKI, a comprehensive benchmark for evaluating the performance of LMMs on synthetic
data detection. The key highlights of the LOKI benchmark include:

• Diverse Modalities. LOKI includes high-quality multimodal data generated by recent popular
synthetic models, covering video, image, 3D data, text, and audio.

• Heterogeneous Categories.Our collected dataset includes 26 detailed categories across different
modalities, such as specialized satellite and medical images; texts like philosophy and ancient
Chinese; and audio data like singing voices, environmental sound and music.

• Multi-level Annotations.LOKI includes basic ”Synthetic or Real” labels, suitable for fundamental
question settings like true/false and multiple-choice questions. It also incorporates �ne-grained
anomalies for inferential explanations, enabling tasks like abnormal detail selection and abnormal
explanation, to explore LMMs' capabilities in explainable synthetic data detection.

• Multimodal Synthetic Evaluation Framework.We propose a comprehensive evaluation framework
that supports inputs of various data formats and over 25 mainstream multimodal models.

On the LOKI benchmark, we evaluated 22 open-source LMMs, 6 advanced proprietary LMMs, and
several expert synthetic detection models. Our key �ndings are summarized as follows:
For synthetic data detection taskswe �nd: (1) LMMs exhibit moderate capabilities in synthetic
data detection tasks, with certain levels of explainability and generalization, but there is still a gap
compared to human performance; (2) Compared to expert synthetic detection models, LMMs ex-
hibit greater explainability and, compared to humans, can detect features invisible to the naked eye,
demonstrating promising developmental prospects.
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For LMMs capabilitieswe �nd: (1) Most LMMs exhibit certain model biases, tending to favor syn-
thetic or real data in their responses; (2) LMMs lack of expert domain knowledge, performing poorly
on specialized image types like satellite and medical images; (3) Current LMMs show unbalanced
multimodal capabilities, excelling in image and text tasks but underperforming in 3D and audio
tasks; (4) Chain-of-thought prompting enhances LMMs' performance in synthetic data detection,
whereas simple few-shot prompting falls short of providing the necessary reasoning support.
These �ndings highlight the challenging and comprehensive nature of the LOKI task and the promis-
ing future of LMMs in synthetic data detection tasks.

2 RELATED WORK

2.1 SYNTHETIC DATA DETECTION

Currently, synthetic data detection has garnered widespread attention to prevent the misuse of mul-
timedia synthetic data (Gragnaniello et al., 2021; Hou et al., 2023). The detection of synthetic data
in image and audio has long been a popular research (Barni et al., 2020; Frank et al., 2020), while
methods for synthetic video detection have recently emerged, such as DuB3D(Ji et al., 2024) and
AIGVDet(Bai et al., 2024a). However, most work primarily focuses on the binary distinction be-
tween authentic and synthetic data, resulting in poor interpretability. Some studies aim to enhance
the interpretability of synthetic detection by providing latent representations(Dong et al., 2022), fea-
ture explanations(Chai et al., 2020), and artifact localization (Zhang et al., 2023a; Shao et al., 2023;
2024); however, most research remains limited to the interpretability of abstract symbols, leaving
a signi�cant gap in alignment with human understanding. In practice, current AI-generated syn-
thetic data still exhibits noticeable �aws, such as discontinuities in synthetic videos and insuf�cient
geometric accuracy in 3D data. These shortcomings can be effectively captured and perceived by hu-
man users(Tariang et al., 2024), who can provide reasonable explanations. However, existing expert
synthetic data detection methods fail to provide human-interpretable bases for their judgments.

2.2 LARGE MULTIMODAL MODELS

Recently, the rapid development of multimodal large models (LMMs) has been notable, with models
like GPT-4o (OpenAI, 2024) and Claude 3.5 (Anthropic, 2024) excelling in various tasks such as
scienti�c questioning (Lu et al., 2022; Yue et al., 2024) and commonsense reasoning (Talmor et al.,
2018), showcasing exceptional perceptual and reasoning abilities (Bai et al., 2024b). Research has
also applied LMMs to evaluate AIGC synthetic results, utilizing GPT to assess the quality of gener-
ated images (Ku et al., 2023; Peng et al., 2024) and 3D models (Wu et al., 2024b), providing scores
that align with human preferences along with interpretable justi�cations. Consequently, in synthetic
data detection, LMMs can offer reasons for determining authenticity in natural language, paving
the way for enhanced interpretability in synthetic detection. Moreover, LMMs can access features
invisible to human users, such as deep image and spectral features, demonstrating their potential
to exceed human detection capabilities. Furthermore, synthetic data detection involves multimodal
data perception and complex logical reasoning, making it an excellent task to assess the capabilities
of LMMs. This task also provides quantitative evaluation metrics like accuracy, allowing for a more
direct assessment of model performance compared to more qualitative scoring tasks.

2.3 SYNTHETIC DATA DETECTION BENCHMARK

Currently, there are numerous datasets corresponding to synthetic data detection tasks, including
those designed for traditional detection methods and those tailored for LMMs. For instance, tradi-
tional synthetic datasets such as Fake2M (Lu et al., 2023b), HC3 (Guo et al., 2023), and ASVSpoof
2019 (Wang et al., 2020b) have explored the performance of traditional deepfake detection meth-
ods across various modalities, but they lack assessments for LMMs models. VANE (Bharadwaj
et al., 2024) evaluates the capability of LMMs in detecting video anomalies, including the detec-
tion of criminal activities in real videos and synthetic video detection, although it focuses more on
video content understanding. Fakebench (Li et al., 2024b) assesses LMM performance in the im-
age modality, yet it concentrates on a single modality and offers limited subcategories. In contrast,
LOKI covers a broader range of data modalities, including video, image, 3D, text, and audio, as
well as data from specialized �elds such as remote sensing, medical imaging, and environmental
sounds. In terms of problem design, LOKI encompasses tasks for authenticity judgment, as well
as more complex challenges like Abnormal Details selection and Abnormal Explanation, which test
the LMMs' ability to explain reasons in synthetic data detection.
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3 DATASET

3.1 OVERVIEW OF LOKI

We introduce LOKI, a multimodal synthetic data detection benchmark, designed speci�cally to com-
prehensively assess the capabilities of LMMs in detecting synthetic data. As illustrated in Figure 2,
LOKI encompasses a variety of modalities including video, image, 3D, text, and audio, with over
26 speci�c subcategories of data. The benchmark utilizes �ne-grained anomaly annotations to con-
struct a tiered variety of question types, including judgment questions, multiple-choice questions,
abnomal detail selection and abnomal explanation questions, totaling over 18k questions.

Table 1 provides a detailed comparison of LOKI with existing datasets, including traditional syn-
thetic detection benchmarks and those tailored for evaluating LMMs. In terms of breadth, LOKI
covers a wider range of modalities and �ner categories. In depth, it goes beyond binary judgment
question designs to include questions that require a deep understanding and explanation of detailed
anomalies. Additionally, LOKI classi�es question dif�culty based on human evaluation metrics.

Figure 2: Statistical information of LOKI. The left side displays the detailed categories of each
modality, while the right side presents the questions across different modalities. The inner circle
numbers represent the data volume, and the outer circle numbers indicate the number of questions.

Table 1: The comparison between LOKI and other benchmarks. Answer types include JD (Judg-
ment), MC (Multiple Choice), and OE (Open-ended). ”Real paired” indicates whether real data is
paired within the same domain, while ”Dif�culty Level” shows if questions are graded by dif�culty.

Dataset Size Category Data Modality Answer Real
Paired

Dif�culty
LevelImg Vid Txt Aud 3D JD MC OE

FFHQ 70k - 3 3 7 7
Fake2M > 1M 8 types 3 3 3 7

HC3 � 80K 5 types 3 3 3 3 7
Mixset 3.6 K 5 types 3 3 3 7

ASVS2019 108K - 3 3 3 7
Codecfake � 1M - 3 3 3 7

FakeBench 6K 6 types 3 3 3 7 7
VANE 0.9K - 3 3 7 7

LOKI 18K 26 types 3 3 3 3 3 3 3 3 3 3

3.2 DATA COLLECTION AND ANNOTATION

Video: We collected 593 video clips by utilizing various closed-source and open-source models
such as SORA (OpenAI, 2024), Keling, and Opensora (Zheng et al., 2024), generating high-quality
text-to-video synthesis data along with corresponding real domain sample data. For the AI-generated
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Figure 3:Examples of Synthetic Data Annotations:(a) Detailed annotations of video anomalies;
(b) Detailed annotations of image anomalies; (c) Detailed annotations of 3D anomalies.
video clips, we employed the LabelU1 tool to annotate anomaly details, including anomalous seg-
ments and their descriptions, anomalous key frames, and global anomaly descriptions. As shown in
Figure 3 (a), anomalies in the videos, such as ”violating natural physics” and ”frame �ickering,” are
also annotated globally. Additionally, the anomalous segment from 02:54 to 06:27 is highlighted,
with the corresponding reasons for the anomalies explained by human annotators. Furthermore, each
anomalous segment includes an anomalous key frame to facilitate subsequent LMMs in accurately
reading the anomalous frames when processing video data.

Image: We have collected over 2,200 images from 7 subcategories through existing dataset ex-
traction, internet collection, and new data synthesis. The image synthesis methods include FLUX,
Midjourney (AI, 2023), Stable Diffusion (Blattmann et al., 2023), and ten other different methods to
ensure high quality and diversity of the data. For the synthesized image data, in addition to overall
annotations, we performed anomaly region bounding and explanations, as shown in Figure 3 (b).
The region anomaly annotations allow for more �ne-grained and speci�c labeling, which can be
used for generating subsequent anomaly detail questions.

3D data: We conducted a comprehensive analysis of OmniObject3D (Wu et al., 2023), selecting
scanned instances as ground truth within the same domain. By constructing prompt texts, we syn-
thesized three Nerf models (Poole et al., 2022) and three 3D GS models (Tang et al., 2023), and
supplemented them with results from the advanced commercial model Clay and some Nerf-based
results from GPTEval3D (Wu et al., 2024b). We collected a total of over 1,200 3D models from
ten different synthesis methods, including both synthesized and real scanned data. Additionally, as
shown in Figure 3 (c), we performed texture anomaly description annotations corresponding to the
RGB four views of the synthesized 3D data, as well as normal anomaly description annotations. No-
tably, besides the multi-view format, the 3D data also supports point clouds and panoramic videos.

Audio: We collected various categories of audio, including speech, singing voice, environmen-
tal sounds, and music. The speech and singing voice data ensured consistency in speaker timbre,
sourced from the Logical Access part of ASVSpoof2019 (Wang et al., 2020b) and the CtrSVDD
Benchmark, covering four generation paradigms: TTS, VC, SVS, and SVC. Environmental audio
data came from DCASE 2023 Task 7, with real audio from the development set and synthetic audio
generated using multiple methods from Track A. Music data were sourced from MusicCaps, with
synthetic music generated based on descriptions using MusicGen (Copet et al., 2024), AudioLDM2-
Music (Liu et al., 2024a), and Suno2.

1LabelU: https://github.com/opendatalab/labelU
2Suno: https://suno.com/
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Figure 4:Example Questions of LOKI. LOKI includes four types of questions:(a) Judgment ques-
tions; (b) Multiple choice questions; (c) Abnormal detail selection; (d) Abnormal explanation.
Text: Based on summarization and regeneration methods, we generated counterfeit texts similar to
the original texts using mainstream models such as GPT-4o, Qwen-Max, and Llama 3.1-405B (Bai
et al., 2024c). We collected eight categories of text data, pairing each sample with a real text and a
model-generated similar text, totaling 3,359 text entries. Our text data were categorized by length
and language, including short texts (50-100 characters), medium texts (100-200 characters), and
long texts (over 200 characters), with a 1:1 ratio of Chinese to English data. More information
regarding the collection and statistics of each modality can be found in Appendix B.

3.3 QUESTION GENERATION

Judgment Task: This task requires large language models (LMMs) to determine whether the input
data is synthetic or real. As shown in Figure 4 (a), LMMs need to answer the judgment question, “Is
the provided audio generated by AI?” To minimize the in�uence of prompts on model judgments,
questions are asked in two forms: whether the data is AI-synthesized or real, and identifying either
the real or AI-synthesized data. Furthermore, we categorize the data into different dif�culty levels
based on human performance. If all tested human users (more than three) answer correctly, the task
is classi�ed as “easy”; if more than 50% answer incorrectly, it is classi�ed as “hard”; all other cases
fall into the “medium” category.

Multiple Choice Task: This task requires LMMs to correctly select AI-generated or real data from
the provided synthetic and real data. As illustrated in Figure 4 (b), LMMs need to complete the
multiple-choice question, “Which of the following texts is generated?” The design of this question
bene�ts from our collection of real paired data within the same domain, effectively assessing LMMs'
comparative analysis capabilities.

Abnormal Detail Selection: Based on �ne-grained anomaly annotation data from modalities such
as video, images, and 3D, we effectively design prompts and utilize GPT-4o to generate questions
for Abnormal Detail Selection. As shown in Figure 4 (c), for video content's detail anomalies, we
ask, “What elements can be seen as inconsistent?” By providing clear anomaly annotations, we can
effectively reduce the hallucination phenomenon in GPT-4o, ensuring the quality of the questions.
More details can be found in the supplementary materials.

Abnormal Explanation: Furthermore, we design open-ended abnormal explanation questions, re-
quiring LMMs to independently identify anomalies and explain their reasons. As shown in Figure
4 (d), we ask, “Why is the provided image AI-generated?” It is worth to note that in real anomaly
explanation tasks, the input does not include bounding boxes around anomalous areas. Tasks related
to Abnormal Detail Selection and Abnormal Explanation can more precisely test whether LMMs
genuinely perceive corresponding detail anomalies rather than guessing answers.

Quality Control: To mitigate the impact of hallucinations of GPT-4o during question generation in
abnormal detail selection task, all samples in this task undergo manual reviews. Each question that
involves GPT must pass through at least two rounds of veri�cation by human users. A total of 20
users participated in the veri�cation process, which took approximately 160 hours to complete.
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4 EXPERIMENT

In this section, we evaluate various Language Model Multimodalities (LMMs) under our proposed
LOKI evaluation framework, which includes both open-source and proprietary models, multimodal
LMMs, Audio LMMs, and text-based LLMs. Our evaluations are conducted in azero-shotsetting.
In the following subsections, we �rst introduce our evaluation models and the evaluation protocols.
Next, we analyze the performance of existing LMMs in synthetic data detection tasks, comparing
them with human users and expert models. We will then discuss the challenges and shortcomings
faced by multimodal large models in the current task settings. Additionally, we explore the potential
impact of few-shot or chain-of-thought prompting on this task.

4.1 BASELINES

LMMs. We evaluate 3 closed-source and 18 open-source LMMs across different model types and
sizes. For closed-source models, we consider GPT-4o (OpenAI, 2024), Gemini-1.5-Pro (Team et al.,
2023), Claude-3.5-Sonnet (Anthropic, 2024). Given that modality alignment in multimodal LMMs
may lead to a decline in LLM performance on text-based tasks (Dai et al., 2024), we also selected
pure text LLMs, such as LLaMA-3.1-405B (Team, 2024), Qwen-Max (Chu et al., 2023) and Mistral-
Large (Mistral, 2024), to evaluate the text modality. In the evaluation of Audio LMMs, we selected
high-performing open-source models such as Qwen-Audio (Chu et al., 2023) and SALMONN-7B
(Sun et al., 2024). For proprietary models, we chose Gemini-Flash (Team et al., 2023), which
supports audio input.

Human Users. We invited over 50 human users, including senior university students and regular
users, to participate in the judgment and multiple-choice question tests for different modalities of
synthetic data. Each question was tested by at least 3 users to ensure the robustness of the results.
Additionally, we designed an online platform to distribute random questionnaires, and more than
200 users participated in the testing of 15 basic questions.

Expert Models. We selected recently open-sourced expert-level synthetic data detection meth-
ods and their corresponding weights for testing, including video detection (AIGVDet (Yang et al.,
2024)), image detection (AIDE (Yan et al., 2024)), text detection (RADAR-Vicuna-7B (Hu et al.,
2023)), and audio detection (AASIST (Jung et al., 2022)). Due to the limited availability of 3D syn-
thetic data detection methods, 3D was not considered. Additionally, there is no overlap between the
training sets of these methods and the LOKI test data, reducing the possibility of data contamination.
We selected only a small number of expert models for evaluation, primarily to serve as references,
similar to the role of human references.

Evaluation Protocol. Data Input: For the video modality, we utilize an 8-frame video clip along
with corresponding questions as input. For 3D modal data, we employ the commonly used multi-
view input method. Results based on surround video and point cloud inputs are also included in
the supplementary materials. For other modalities, inputs are based on textual prompts combined
with corresponding images, audio, and textual materials. During the evaluation, each model inde-
pendently generates responses to questions without retaining any dialogue history.

Evaluation Metric:For judgement, multiple-choice and abnormal detail selection questions, we use
the average accuracy rate as a metric. In addition to accuracy, we also calculate the Normalized
Bias Index (NBI) based on recall rates to assess model bias. For open-ended questions regarding
anomalous details, we use the GPT-4 model to assess the score of the responses. Further details on
the calculation of evaluation metrics can be found in Appendix C.2.

Evaluation Framework:To standardize the evaluation of different LMMs and various input modal-
ities for synthetic data detection, we propose a comprehensive multimodal evaluation framework.
This framework provides support for various input modalities such as 3D point clouds, videos, im-
ages, audio, and text, while unifying APIs of over 25 mainstream LMMs, ensuring both model
compatibility and consistency throughout the evaluation process.

4.2 SYNTHETIC DATA DETECTION RESULTS

In this section, we provide a comprehensive analysis of the performance of various LMMs and
LLMs on synthetic data detection tasks using the LOKI dataset.
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Table 2: Results of different models on the LOKI for Judgment and Multiple Choice questions.
(a) Multimodal evaluation of LMMs; (b) Text evaluaion of LLMs; (c) Audio evaluation of Audio
LMMs; * denotes the closed-source models.

(a) Multimodal evaluation of LMMs

Judgment Multiple Choice

Video Image 3D Text Overall Video Image 3D Text Overall

Random Choice 51.1 50.5 50.5 49.9 50.3 47.7 49.0 49.7 45.2 46.9
Human (Medium) 83.5 80.1 72.0 68.5 76.0 91.3 84.5 91,2 78.5 86.4
Expert models 53.1 63.1 - 72.1 62.8 - - - - -

Phi-3.5-Vision 56.8 52.5 50.0 49.4 52.2 58.2 44.0 59.6 42.0 50.9
MiniCPM-V-2.6 57.2 44.8 56.4 49.4 52.0 52.8 49.8 50.7 48.9 50.6
InternLM-XComposer2.5 58.4 46.4 43.9 52.6 50.3 56.3 51.0 48.0 40.5 49.0
mPLUG-Owl3-7B 55.3 45.9 49.9 53.6 51.1 60.3 52.5 49.9 50.0 53.1
LongVA-7B 60.4 46.2 49.9 48.6 51.7 57.5 51.6 61.4 48.9 52.6
Qwen2-VL-7B 59.5 47.8 72.3 48.9 57.1 64.0 65.1 55.5 46.4 57.7
LLaVA-OV-7B 56.8 49.8 68.4 53.0 57.0 59.8 51.7 53.8 48.4 53.4
Llama-3-LongVILA-8B 51.9 49.8 32.2 49.9 46.0 54.0 51.1 50.5 44.3 50.0
Ide�cs2-8B 54.8 45.0 38.4 47.2 46.3 55.6 51.3 54.2 37.0 49.5
Mantis-8B 55.4 54.6 50.0 52.0 53.0 47.9 61.5 62.5 48.4 55.1
InternVL2-8B 60.8 49.7 49.4 50.3 52.6 54.0 51.4 53.1 46.6 51.3
InternVL2-26B 55.0 44.3 50.4 51.1 49.9 62.4 48.5 48.8 50.3 53.2
InternVL2-40B 62.0 49.6 49.9 53.1 52.2 65.7 63.1 59.9 45.2 52.7
VILA1.5-13B 51.9 49.3 34.0 47.7 45.7 52.1 55.3 53.5 44.0 51.2
VILA1.5-40B 59.2 48.8 50.0 50.1 52.7 49.1 64.0 47.9 50.4 53.7
Qwen2-VL-72B 59.6 53.2 60.3 52.8 55.4 65.7 68.6 58.7 69.7 65.6
LLaVA-OV-72B 56.5 46.3 51.3 61.2 56.3 62.9 70.8 61.3 69.2 65.2

Claude-3.5-Sonnet* 61.7 53.6 58.0 61.5 61.6 60.5 65.5 51.9 89.2 74.8
Gemini-1.5-Pro* 58.5 43.5 55.4 55.7 53.2 66.1 67.3 60.2 57.3 62.7
GPT-4o* 71.3 63.4 65.2 55.9 63.9 77.3 80.8 70.2 66.6 73.7

(b) Text evaluation of LLMs

Model Judgment Choice Overall

Human (Medium) 69.2 71.1 70.1
Expert model 69.4 - 69.4

LLaMA-3.1-405B 56.8 73.1 64.4
Mistral-Large* 52.2 69.1 57.8
Qwen-Max* 48.3 44.4 46.5
Claude-3.5-Sonnet* 61.5 89.2 70.7
Gemini-1.5-Pro* 55.7 57.3 56.2
GPT-4* 55.9 66.6 59.5

(c) Audio evaluation of Audio LMMs

Model Judgment Choice Overall

Human (Medium) 69.2 71.1 70.1
Expert model 69.4 - 69.4

Qwen-Audio 49.8 50.1 49.9
SALMONN-7B 51.2 - 51.2
AnyGPT 49.8 50.3 50.1
OneLLM 49.9 - 49.9
LUT 44.4 - 44.4
Gemini-1.5-Flash* 49.4 49.2 49.3

Judgment and Multiple Choice. Table 2 illustrates the performance of various models on judg-
ment and multiple-choice questions in LOKI. For the synthetic data judgment task, the closed-source
model GPT-4o achieves the best results, with an overall accuracy (excluding audio) of 63.9%. When
real paired data is included for comparison in the multiple-choice questions, accuracy further in-
creases to 73.7%. In the text modality, Claude-3.5 outperform other LMMs and LLMs, achieving
accuracies exceeding 70%. In the Audio LMMs category, both open-source and closed-source mod-
els show performances comparable to random selection, which is not satisfactory.

Abnormal Detail Selection and Explanation. We compared the performance of different models
on the tasks of abnormal detail selection and abnormal reason explanation, as shown in Table 3.
GPT-4o achieved an accuracy exceeding 75% in abnormal detail selection and a score over 70% in
abnormal reason explanation. This indicates that advanced LMMs like GPT-4o has demonstrated
strong detail understanding capabilities, effectively analyzing and interpreting ”synthetic traces.”
Notably, we observe that Claude-3.5-Sonnet (Anthropic, 2024) tends to misclassify synthetic images
as real, despite the primary goal of our tasks being to explain abnormalities in synthetic images.
More examples of abnormal explanations can be found in Appendix F.

Comparing Humans and Expert Models.Humans exhibit an average performance of 76% in judg-
ment tasks and 86.4% in multiple-choice questions, both 10% higher than the LMM method. No-
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Table 3: Results of different models on the LOKI for Abormal Details Selection and Abnormal
explanation questions.* denotes the closed-source models.

Abnormal Details Selection Abnormal Explanation

Video Image Overall Video Image 3D Overall

LLaVA-OV-7B 76.9 18.8 43.1 46.7 68.9 71.0 62.0
Qwen2-VL-7B 79.4 31.5 51.5 48.4 63.8 73.4 61.9
InternVL2-8B 66.8 70.2 68.8 46.5 72.2 71.3 63.0
Gemini-1.5-Pro* 58.7 40.0 47.8 57.6 77.1 70.8 68.1
Claude-3.5-Sonnet* 50.9 19.8 32.8 50.1 1.7 78.2 45.8
GPT-4o* 74.0 76.2 75.3 67.6 72.9 77.0 72.6

Figure 5: The multimodal large model capability assessment analysis results.(a) Model bias
assessment, where the closer the color is to red, the more the model is biased towards classifying the
data as real; the closer to blue, the more it leans towards synthetic data. The size of the square also
represents the degree of bias. (b) The performance of GPT-4o across different image types and its
difference from human users. (c) A relative radar chart of the model's performance across various
modalities, with Human benchmarks for comparison.
tably, if LMM tools are to be applied in production, their decision-making performance in judgment
tasks must exceed 90% to be convincing. As synthesis technologies advance, the distinct ”traces”
of synthetic data are becoming increasingly subtle. However, LMMs capture minute details, such as
image features imperceptible to the human eye, demonstrating their potential to surpass human.

LMMs demonstrate superior performance in most tasks compared to expert models. This is primar-
ily due to the rich and diverse sources of synthetic data collected by LOKI, which signi�cantly differ
from existing data domains, resulting in suboptimal generalization performance of expert models.
The accuracy of synthetic detection by expert models trained on similar data should signi�cantly
improve. Currently, LMMs perform at a moderate level in synthetic data detection but surpass ex-
pert models in generalization ability. Unlike traditional expert models, LMMs possess the capability
to explain the reasons behind anomalies, highlighting their unique advantage as synthetic detectors.

4.3 LARGE MULTIMODAL MODELS CAPABILITIES

Model Bias. The heatmap of the Normalized Bias Index calculated based on recall rates, as shown
in Figure 5 (a), is utilized for analyzing model biases. The results indicate that most models exhibit
signi�cant biases in synthetic data detection tasks, with a tendency to incorrectly categorize data as
either real or synthetic. For instance, GPT-4o tends to classify textual data as real, whereas it is bi-
ased towards judging 3D data as AI-generated. Despite diverse questioning techniques implemented
to minimize cueing effects, a pronounced bias is still evident across most models.

Lack of Expert Domain Knowledge. In Figure 5 (b), we present the varying performance of GPT-
4o across different image subcategories. The experimental results clearly indicate that GPT exhibits
strong recognition abilities on common image types such as objects and landscapes, even surpassing
human users. However, GPT-4o's performance signi�cantly deteriorates in specialized �elds such
as satellite and medical imaging, and in less-trained image types like documents. This suggests that
current LMMs still lack certain expert domain knowledge.
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Table 4: Result decomposition across ques-
tions dif�culty levels.

Dif�culty Levels (Video & Image & 3D & Text)

Easy Medium Hard Overall
(2470) (1104) (3938) (7512)

LLaVA-OV-7B 60.4 47.6 39.1 47.3
InternVL2-8B 64.5 47.8 33.5 45.7
Qwen2-VL-7B 67.7 45.6 35.2 47.4

Gemini-1.5-pro 70.8 42.4 32.4 46.4
Claude-3.5-Sonnet 76.0 44.7 29.8 47.1
GPT-4o 78.8 52.3 44.4 56.8

Table 5: LMMs' performances under different
prompting strategies for judgement tasks.

Prompting Strategies Performances (Image & 3D)

Baseline FS CoT
Few-shot Chain-of-Thought

LLaVA-OV-7B 56.6 46.4 18.8
InternVL2-8B 49.6 46.1 50.4
Qwen2-VL-7B 56.8 52.6 59.5

Gemini-1.5-pro 47.9 41.2 51.0
Claude-3.5-Sonnet 55.2 53.7 56.4
GPT-4o 64.1 75.1 74.2

Unbalanced Multimodal Capabilities. In Figure 5 (c), we compare the performance of various
LMMs across different modalities. Results indicate that current models excel in frequently trained
modalities such as images and text, even surpassing human performance in some tests. However,
their performance declines signi�cantly on audio tasks, with most open-source models lacking cor-
responding capabilities. For future AGI to develop into a versatile assistant, it needs to possess more
balanced multimodal abilities.

Model Performance across Different Levels.Based on human user performance, we categorized
the dif�culty levels of the questions, as shown in Table 4, which presents the performance of selected
models across different dif�culty levels. As the dif�culty increases, the performance of LMMs
gradually declines, consistent with human user performance. Under challenging conditions, GPT-
4o's accuracy drops to only 44.4%, which is lower than that achieved by random selection. This
indicates that LMMs have certain limitations in handling complex synthetic data detection tasks.

Prompting Strategies Impact LMMs Capabilities.

In Table 5, we demonstrate the effects of different prompting strategies in LOKI's image and 3D
judgement tasks, where CoT refers to the Chain of Thought prompting (Wei et al., 2022b) and FS
refers to the few-shot prompting (Alayrac et al., 2022). During inference, models are prompted with
two random examples that are in the same domain as the questions by different strategies. In CoT
prompting, we manually craft ”thought chains” with our human annotations to elicit reasoning steps
out of LMMs, while in FS prompting, we simply prepend examples with answers to the questions.
Interestingly, GPT-4o shows strong reasoning ability without chain-of-thought prompting, while
other models rely on it for improved performance. Few-shot learning fails to support the necessary
step-by-step reasoning for synthetic data detection, but GPT-4o performs well regardless, suggesting
its inherent ability to reason effectively without additional reasoning guidance. However, LLaVA-
OV-7B experienced signi�cant performance drop when prompted with CoT. We conjecture that this
degradation may result from a decline in its ability to understand long contexts after �ne-tuning
(Zhai et al., 2023). More CoT experimental results are available in Appendix E.3.

5 CONCLUSION

In this paper, we introduced LOKI, a multimodal benchmark designed to evaluate the performance
of large multimodal models in detecting synthetic data across various modalities. We conducted a
comprehensive study of LMMs' performance on video, image, 3D, audio, text, and specialized sub-
domains, and we also analyzed LMMs' ability to explain detailed anomalies in synthetic data. The
experimental results indicate that LMMs have a certain level of competence in detecting synthetic
data and a preliminary ability to explain anomalies. Synthetic data detection tasks also effectively
evaluate the various capabilities of LMMs during their development. These �ndings highlight the
challenging and comprehensive nature of the LOKI task, as well as the potential of LMMs in fu-
ture synthetic data detection tasks. We aim to inspire more powerful and interpretable synthetic
data detection methods through LOKI to address the potential risks posed by rapidly advancing AI
synthesis technologies. Furthermore, while the relationship between synthesis and detection is ad-
versarial, they are mutually bene�cial; better and more explainable synthetic detectors will further
advance AI synthesis technologies.
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