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This PowerPoint template requires basic PowerPoint 
(version 2007 or newer) skills. Below is a list of 
commonly asked questions specific to this template. 
If you are using an older version of PowerPoint some 
template features may not work properly.

Using the template

Verifying the quality of your graphics
Go to the VIEW menu and click on ZOOM to set your 
preferred magnification. This template is at 100% 
the size of the final poster. All text and graphics will 
be printed at 100% their size. To see what your 
poster will look like when printed, set the zoom to 
100% and evaluate the quality of all your graphics 
before you submit your poster for printing.

Using the placeholders
To add text to this template click inside a 
placeholder and type in or paste your text. To move 
a placeholder, click on it once (to select it), place 
your cursor on its frame and your cursor will change 
to this symbol:         Then, click once and drag it to 
its new location where you can resize it as needed. 
Additional placeholders can be found on the left 
side of this template.

Modifying the layout
This template was specifically designed for a 48x36 
tri-fold presentation. Its layout should not be 
changed or it may not fit on a standard board. It has 
a one foot column on the left, a 2 foot column in 
the middle and a 1 foot column on the right.
The columns in the provided layout are fixed and 
cannot be moved but advanced users can modify any 
layout by going to VIEW and then SLIDE MASTER.

Importing text and graphics from external sources
TEXT: Paste or type your text into a pre-existing 
placeholder or drag in a new placeholder from the 
left side of the template. Move it anywhere as 
needed.
PHOTOS: Drag in a picture placeholder, size it first, 
click in it and insert a photo from the menu.
TABLES: You can copy and paste a table from an 
external document onto this poster template. To 
adjust  the way the text fits within the cells of a 
table that has been pasted, right-click on the table, 
click FORMAT SHAPE  then click on TEXT BOX and 
change the INTERNAL MARGIN values to 0.25

Modifying the color scheme
To change the color scheme of this template go to 
the “Design” menu and click on “Colors”. You can 
choose from the provide color combinations or you 
can create your own.

QUICK DESIGN GUIDE
(--THIS SECTION DOES NOT PRINT--)

This PowerPoint 2007 template produces a 36”x48” 
tri-fold presentation  poster. It will save you 
valuable time placing titles, subtitles, text, and 
graphics. 

Use it to create your presentation. Then send it to 
PosterPresentations.com for premium quality, same 
day affordable printing.

We provide a series of online tutorials that will 
guide you through the poster design process and 
answer your poster production questions. 

View our online tutorials at:
 http://bit.ly/Poster_creation_help 
(copy and paste the link into your web browser).

For assistance and to order your printed poster call 
PosterPresentations.com at 1.866.649.3004

Object Placeholders

Use the placeholders provided below to add new 
elements to your poster: Drag a placeholder onto 
the poster area, size it, and click it to edit.

Section Header placeholder
Move this preformatted section header placeholder 
to the poster area to add another section header. 
Use section headers to separate topics or concepts 
within your presentation. 

Text placeholder
Move this preformatted text placeholder to the 
poster to add a new body of text.

Picture placeholder
Move this graphic placeholder onto your poster, size 
it first, and then click it to add a picture to the 
poster.
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Explainable AI-Generated Image Detection RewardBench

OVERVIEW OF THE XAIGID-RewardBench

SOME FAILURE CASES OF MLLM POLICY MODELS

Conventional, classification-based AI-generated image detection methods cannot 
explain why an image is considered real or AI-generated in a way a human expert 
would, which reduces the trustworthiness and persuasive- ness of these detection 
tools for real-world applications. Leveraging Multi-4 modal Large Language Models 
(MLLMs) has recently become a trending solution to this issue. Further, to evaluate 
the quality of generated explana- tions, a common approach is to adopt an "MLLM 
as a judge" methodology7 to evaluate explanations generated by other MLLMs. 
However, how well those MLLMs perform when judging explanations for 
AI-generated im- age detection generated by themselves or other MLLMs has not 
been well studied. We therefore propose XAIGID-RewardBench, the first 
benchmark designed to evaluate the ability of current MLLMs to judge the quality 
of explanations about whether an image is real or AI-generated. The bench- mark 
consists of approximately 3,000 annotated triplets sourced from var- ious image 
generation models and MLLMs as policy models (detectors) to assess the 
capabilities of current MLLMs as reward models (judges). Our results show that the 
current best reward model scored 88.76% on this benchmark (while human 
inter-annotator agreement reaches 98.30%), demonstrating that a visible gap 
remains between the reasoning abilities of today’s MLLMs and human-level 
performance. In addition, we provide an analysis of common pitfalls that these 
models frequently encounter.

ABSTRACT

To evaluate each model’s performance as a judge, we calculated the accuracy it achieved when compared with 
human annotations. The results are presented in Table 4. These accuracies shine a light on the ability of today’s 
SOTA models to act as reward models for AI-generated images. While these models are able to identify 
high-quality responses to an extent, their ability to perform this judge role still has room for improvement. No 
model achieved an accuracy over 90% on this benchmark, which reveals the gap between human and current 
MLLM judges (Table 4). Table 4: Performance of MLLMs as Reward Models (Judges). All proprietary models and 
Gemma performed reasonably well on this benchmark. Gemma’s strong performance may be related to its origin 
as a model from the Gemini family. The two Qwen models are much weaker and thus performed much worse on 
the benchmark. The ’2-Way Acc’ column considers only cases where the human annotator marked a clear winner. 
The goal was to see if models could identify the correct winner in unambiguous cases. This is because ties create 
"gray areas" which make it harder to classify, but the task is more straightforward when a clear winner exists.

RESULTS

CONTRIBUTIONS

(1) We are the first to conduct a systematic 
study of current MLLMs as both policy 
models and reward models within the 
context of explainable AI-generated image 
detection.

(2) We introduce the first reward model 
benchmark designed to gauge MLLMs’ 
performance on the novel task: Judging 
Explainable AI-Generated Image 
Detection. 

(3) We provide meaningful insights into the 
capabilities and common failure modes in 
explainable AI-generated image detection.

CONCLUSION

In this paper, we presented the first systematic study of 
MLLMs as both policy (AI-generated image detectors) and 
especially reward models (judges) for the tasks related to 
explainable AI-generated image detection, with an emphasis 
on judging explanations for AI-generated image detection. 
Our work delivers three key contributions. First and 
foremost, we in- troduce XAIGID-RewardBench, the first 
benchmark designed to evaluate MLLM reward models 
(judges) in this novel task: Judging Explainable AI-Generated 
Image Detection, composed of approximately 3,000 
human-annotated preference triplets. Second, through this 
benchmark, we quantitatively demonstrate a visible gap in 
current model capabilities, with our top-performing reward 
model reaching only 88.76% accuracy (while human inter- 
annotator agreement reaches 98.30%). Third, we provide 
meaningful insights into common failure modes, identifying 
critical flaws in model reasoning such as generalizing over 
clear artifacts and failing to connect evidence to a logical 
conclusion. Collectively, our contribu- tions provide a 
foundational benchmark and a clear analysis to guide the 
community in developing more accurate, reliable, and 
trustworthy systems for detecting and explaining 
AI-generated images, including judging explainable 
AI-generated image detection.

LIMITATIONS AND FUTURE WORK

While this benchmark provides a crucial tool for the community, 
our reliance on human preference as the "ground truth" for 
explanation quality has its own limitations. However, at present, 
no absolutely objective metric exists for evaluating explanations 
in AI-generated image detection, considering the complex nature 
of the task itself. Therefore, human judgment remains the only 
viable gold standard. We did our best to make this process 
rigorous by using a detailed rubric, and our high inter-annotator 
agreement confirms a consistent signal. Future work, however, 
could achieve even greater robustness by dramatically increasing 
the scale of the dataset and employing a larger, more diverse 
pool of annotators to build a stronger consensus on challenging 
or ambiguous cases.
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