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ABSTRACT

With unified model generated images now widespread online, attributing their
model of origin offers a path toward transparency and deeper insight into the char-
acteristic behaviors of individual models. Prior work has explored provenance in
LLM generated text, diffusion model images, and datasets, but the separability of
unified model-generated images remains an underexplored area. We address this
gap by examining separability across corruption, domains, and prompt languages
using images generated by seven unified models. We show that model attribution
is highly feasible as our model achieves near perfect accuracy with around 20K
images per model. Corruptions and structural perturbations have only a modest
effect on attribution performance, and cross-domain generalization reveals that se-
mantic content contributes to separability but is not the dominant signal. Finally,
we observe that for most models, prompt language attribution is around chance
levels, suggesting minimal language specific visual signatures. These findings
highlight consistent model-specific visual characteristics in unified models out-
puts and open new directions for tracing and auditing generative image pipelines.
Our code is available here 1.

1 INTRODUCTION

With the rapid advancement of large language models (LLMs), recent years have seen these systems
expand beyond text into images, audio, and video, giving rise to unified multimodal models capable
of jointly understanding and generating diverse forms of data. Models such as ChatGPT (OpenAI
et al., 2024) and Gemini (Team et al., 2025) now produce high quality images that are increasingly
difficult to distinguish from real content and are widely deployed across online platforms. As a re-
sult, model-generated images have become pervasive in real-world settings, raising urgent questions
about transparency, accountability, and the ability to trace synthetic content back to its source.

Understanding the origin of synthetic images is essential for characterizing model specific behaviors
and failure modes, as well as for responding to misuse such as misinformation or deceptive content.
Prior work has explored provenance and attribution, including dataset attribution for analyzing vi-
sual bias (Zeng et al., 2024; Liu & He, 2025), classification of LLM generated text (Sun et al., 2025),
and attribution of diffusion model generated images (Xu et al., 2025). However, images generated
by unified models differ fundamentally from those produced by diffusion pipelines, as they are con-
ditioned on language, vision, and internal cross-modal representations. Despite their deployment,
the separability of unified model generated images remains underexplored.

We find that a classifier based on five open-source unified models achieves high accuracy on this task
even with limited training images, indicating clear idiosyncrasies in the unified models. Notably,
with 500 training images per model, the classifier achieves 59.8% accuracy on a held-out test set,
compared to the random chance of 20%. With 25K images per model, the accuracy reaches 99.9%.

We analyze what factors influence classification accuracy by applying corruptions and structural
perturbations. We find that the images are separable in high-level features, spatial structure, object-

*Equal contribution. Author order was determined by a coin flip.
1Project code: https://github.com/rm-3284/Unified-model-image-classification
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Figure 1: Images generated by each of the seven unified models using the prompt “kangaroo”

level structure, and color distribution. We also observe that image attribution is not driven by the
semantic content of the images by conducting out-of-distribution experiments.

Lastly, we investigate whether the prompt language affects the distribution of the generated images
and find that the distribution of generated images do not depend on the prompt languages for many
state of the art models. Specifically, we conduct image attribution tasks across five languages for
five open-source and two closed-source unified models and find that the classification accuracy stays
at the chance-level 20% for two of the open-source models and both of the closed-source models.

2 RELATED WORK

Dataset Classification. Prior work on dataset classification has shown that visual data sources
often leave strong, identifiable signatures. Torralba & Efros (2011) demonstrated that image datasets
from the 2010s could be reliably distinguished by a classifier, revealing substantial dataset, specific
biases. More recently, Liu & He (2025) scaled this analysis to larger and more diverse datasets and
found that, despite increased diversity, datasets remain highly separable indicating that systematic
biases persist. Similar conclusions have been drawn in large-scale visual settings (Zeng et al., 2024).
Unlike dataset classification, which captures biases arising from data collection and curation, unified
model classification focuses on biases introduced during model creation and training. This helps us
better understand how design and training choices shape the biases seen in generated images.

Attribution of Machine-Generated Content. Prior work demonstrates that generated content
can often be attributed to the specific model that produced it. In the text domain, Sun et al. (2025)
demonstrate that text can be attributed to its originating LLM, indicating that generation introduces
stable, model-specific biases. Similarly, in the image domain, Xu et al. (2025) show that images
generated by diffusion models can be reliably attributed to their source model. A systematic study
of image attribution in unified models is warranted, as it remains underexplored and are central to
understanding whether generated images can be reliably traced back to their source model.

Prompt Language Effects. Beyond model identity, recent work raises questions about what lin-
guistic and cultural information is preserved or homogenized during image generation. Shi et al.
(2025) show that text-to-image models often produce culturally Westernized imagery even when
prompted in non-Western languages, suggesting a collapse of culturally specific conditioning in
the generation process. Other studies demonstrate that properties of the prompt language, such as
whether it is grammatically gendered and the gender stereotypes embedded in that language or cul-
ture can significantly influence generated images, particularly with respect to gender presentation
and social roles (Friedrich et al., 2024; Saeed et al., 2025). These findings present a tension, while
some cultural signals appear to be erased, others are strongly preserved and propagated through
generation. This raises a broader question of whether prompt language leaves identifiable traces in
the output of unified models, and whether such traces could be leveraged to infer properties of the
input language. Understanding whether and how language-specific information remains separable
in these models has important implications for robustness, bias, and security sensitive applications.
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3 METHODOLOGY

3.1 CLASSIFICATION TASK

Following the dataset classification formulation introduced in Liu & He (2025), we treat attribution
as a multi-class classification problem over data sources. In that work, dataset classification is used
to evaluate separability between datasets, serving as a diagnostic for systematic biases or statistically
meaningful differences in their underlying distributions.

We adapt this formulation to unified model attribution by treating each of the N unified models
as a distinct class. Given an image, the task is to predict which unified model generated the image,
resulting in an N-way classification problem. This reframing allows us to quantify attribution fidelity
by measuring how well model-specific signals are preserved and separable across unified models.

3.2 CLASSIFIER AND IMAGE GENERATION SETUP

We use ConvNeXT (Liu et al., 2022) as our classifier since it offers strong accuracy and computa-
tional efficiency for this task. We use the ConvNeXT-Tiny model because we use a relatively small
amount of training data and observe no improvement from larger ConvNeXT variants.

We generate images using the same prompts across all unified models and languages, so that the
classifier learns model-specific visual cues rather than differences in subject matter. We then train a
ConvNeXT classifier from scratch on the resulting training set and evaluate performance on a held-
out test set. In all the experiments, we train a classifier until 200 epochs and measure the accuracy
on a held-out test set at the last iteration. We used a learning rate of 1e-3 and warmup epochs of 2.
Batch size ranges from 32 to 256 depending on the number of training data. All the images from
unified models are generated with 1:1 aspect ratio with default resolution and resized into 224×224
before given to the classifier.

3.3 OVERVIEW OF EXPERIMENTS

We conduct five experiments. The first three use images generated by open-source models, while
the latter two include images generated by both open- and closed-source models. The open-source
models are BAGEL (Deng et al., 2025), MMaDA (Yang et al., 2025), Emu-3.5 (Cui et al., 2025),
DeepSeek Janus-Pro-7B (Chen et al., 2025), and Show-o2 (Xie et al., 2025). The closed-source
models are Gemini 2.5 Flash Image (Nano Banana) and GPT-Image-1. See Figure 1 for example
images from each model.

The first experiment explores the effects of scaling, where we vary the number of training examples
to measure how separability changes with size. The second experiment examines corruption, where
we apply corruptions to the images prior to training to test how separability depends on low-level
features. The third experiment examines how the structural bias influences separability by applying
structural perturbations to the images. The fourth experiment studies Out-of-Distribution (OOD)
generalization, where we train on a specific domain and evaluate on all domains. Lastly, the language
experiment tests whether we can identify the prompt language conditioned on knowing the unified
model, in order to determine whether language provides any visual cues.

4 RESULTS

4.1 SCALING TRENDS

We utilize the MJHQ-30K dataset (Li et al., 2024) to generate images for the 5 open-source models
for this experiment since it provides a large collection of complex and descriptive prompts, allowing
us to examine separability under controlled and realistic prompting conditions. We trained a 5-way
classifier (BAGEL, Emu3.5, Janus, MMaDA, Show-o2) with different number of training images,
ranging from 100 images per model to 25K images per model. For every training run, we used a
held-out test set containing 5K images per model. With 100 images per model, the classifier achieved
36% accuracy over the 5 models, which surpasses a random guess of 20%. With 3K training images
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per model, the classifier achieved an accuracy of >90% and with 25K training images per model,
the accuracy reached 99.9% as shown in table 1.

# Training images Accuracy (%)

100 36.1
500 59.8

1000 69.7
2000 84.2
3000 93.9
5000 96.2

10000 97.8
20000 99.8
25000 99.9

Table 1: Scaling effect on accuracy by the number of training images per model

While discerning models from images is not challenging for the classifier, some models are easier to
discern than others. Table 2 reveals asymmetries in how different models are identified. Janus and
Show-o2 have the highest recall rates (57.3% and 61.2%) when the number of training images is 100
per model indicating that their outputs are more separable than the remaining models. In contrast,
Emu achieves a relatively high precision rate but one of the lowest recall rates showing that though
the classifier does not identify Emu correctly very often, when it does make an Emu prediction, it is
usually correct. This suggests that Emu’s outputs may contain some distinct visual characteristics,
but these cues are not consistently present. Overall, this result highlights that separability is not
uniform across models. Qualitatively, we found that the images generated by Emu are the most
consistent and rarely disfigured, and the images by MMaDA often have simpler background than
others as shown in figure 2, which could explain the high precision for Emu and MMaDA.

True
Pred BAGEL

Emu
Jan

us
M

M
aD

A

Sho
w-o2

BAGEL 1.6 4.8 30.4 18.1 45.1

Emu 1.4 11.0 25.0 26.7 35.9

Janus 1.4 2.6 57.3 20.0 18.7

MMaDA 1.1 5.7 28.8 47.0 17.4

Show-o2 1.9 3.8 23.4 9.7 61.2

(a) Recall (Row-normalized)

True
Pred BAGEL

Emu
Jan

us
M

M
aD

A

Sho
w-o2

BAGEL 19.7 17.1 18.8 13.8 25.6

Emu 22.0 38.9 14.7 22.1 20.5

Janus 17.3 8.2 35.4 16.9 9.9

MMaDA 18.5 20.5 17.5 39.4 9.6

Show-o2 22.5 15.3 13.5 7.8 34.4

(b) Precision (Col-normalized)

Table 2: Recall and Precision of the 5-way classifier trained with 100 images per model. True
is the ground-truth label of the generated images and Pred is the prediction the classifier made.

(a) BAGEL (b) Emu3.5 (c) Janus (d) MMaDA (e) Show-o2

Figure 2: Images generated by different models with a prompt ”american breakfast, photography,
rustic farm house kitchen and dining room. omelette cheesey photography 4k, sausage links and
bacon breakfast meat. served dishes. orange juice background”
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4.2 CORRUPTION

We use the same dataset of MJHQ-30K (Li et al., 2024) for this experiment. This experiment
evaluates the effect of low level features of the images on the classification accuracy. We apply the
corruptions to both the training and test data. We use 25K images for training and 5K images for
test in all the corruption experiments. To investigate the impact of low level features, we perform
ablations using color jittering, Gaussian noise, Gaussian blur, and resizing. Despite the corruption
of low level features, accuracy remained at approximately 95% (table 3), suggesting that the model
relies on high level feature representations that remain robust to these perturbations.

Corruption Parameter ACC (%)

no corruption n/a 99.9
Color jitter strength 1 94.4
Color jitter strength 2 95.2
Gaussian noise std 0.2 96.3
Gaussian noise std 0.3 95.2
Gaussian blur radius 3 99.4
Gaussian blur radius 5 98.7
Resize 64× 64 96.6
Resize 32× 32 85.2

Table 3: Accuracy with corruption

Transformation ACC (%)

no transformation 99.9
Depth 83.2
SAM 79.2
Random pixel shuffle 72.7

Table 4: Accuracy under structural transfor-
mations

4.3 STRUCTURAL PERTURBATION

We use the same dataset of MJHQ-30K (Li et al., 2024) for this experiment. This experiment evalu-
ates the effect of structural bias of the images on the classification accuracy. For all the perturbations,
we applied them to training data and test data. We used 25K images for training and 5K images for
test in all the experiments. We transformed images using Depth-Anything-V2 (Yang et al., 2024)
to make a depth map of images and Segment-Anything Model (Kirillov et al., 2023) to apply im-
age segmentation on images. We make a depth map to isolate the 3D structural information while
removing color/texture and segmentation to isolate object-level structure and boundaries. We also
apply randomized pixel shuffle to see the specificity of color distribution in each model.

With depth and segment transformation, the accuracy drops to around 80% (table 4). This means
that the images from each model have some characteristics in depth-map and segments but these
elements alone are not enough to classify the images. Similarly, the accuracy of 72% with random
pixel shuffle suggests that the color distribution of images are different from one model to another
but that cannot explain all the differences between models.

4.4 OUT-OF-DISTRIBUTION EXPERIMENT

4.4.1 10D DATASET CREATION

We construct prompts that are mutually exclusive across domains and collectively exhaustive within
each domain, so we define ten semantic domains: animals, vehicles, arts and works, landscapes,
foods and drinks, clothing, interior spaces, household items, buildings, and people, chosen to rep-
resent broad, realistic visual concepts. Within each domain, we generate 300 prompts, yielding
3K prompts in total. We call this set of prompts the 10D (10 Domains) Dataset. These prompts
are minimal, capturing the concept rather than subjective or stylistic phrases. We avoid adjectives,
viewpoints, artistic styles, and narrative elements to eliminate subjective variance and ensure that
prompts capture only the core concept being represented. Some examples are shown in table 5.

Prompt generation is first done by asking an LLM to propose subcategories within each domain, and
then we query the LLM for concepts within each subcategory. All concepts are reviewed to confirm
that they fit their respective domain, do not overlap with other domains, and remain as objective as
possible. This construction allows us to yield an OOD evaluation setting in which separability is
driven by domain structure, enabling us to isolate model behavior at the conceptual level.
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Example Animals Vehicles Arts and Works Landscapes Food and Drinks
1 Platypus Asphalt Paver Oil Impasto Geyser Wheat
2 Hare Limousine Trading Card Illustration Bayou Corn
3 Camel Aircraft carrier Architectural Photo Study Levee Strawberry
4 Tern Horse cart Glassblown Vessel Form Atoll Edamame
5 Stingray Mobile crane Quilted Art Wall Piece River Canyon Feta
6 Turtle Harbor tug Album Cover Artwork Lush Forest Brazil Nut
7 Firefly Gas balloon Surreal Collage Poster Light Fog Cinnamon
8 Tarantula Bicycle Pixel Art Tileset Map Bog Hummus
9 Clam Tow Truck Spray Paint Street Mural Butte Turkish Coffee
10 Starfish Rowboat Ad Campaign Storyboard Seamount Kombucha

Ex. Clothing Interior Spaces Household Items Buildings People
1 Jumpsuit Basement Freezer Cabin Doctor
2 Fanny Pack Studio Air Conditioner Skyscraper Professor
3 Jeans Arcade Room Printer Convention Center Sheriff
4 Midi Skirt X-Ray Room Rug Data Center Building Musician
5 Cardigan Altar Area Clock Power Plant Journalist
6 Baseball Cap Concert Hall Mug Water Treatment Plant Engineer
7 Hijab Indoor Tennis Court Fork City Hall DJ
8 Sandals Bowling Alley Toolbox Fire Station Court Clerk
9 Hazmat Suit Baggage Claim Broom Hotel Ventriloquist
10 Utility Vest Steam Room Napkins Supermarket Bookkeeper

Table 5: Ten representative examples for each domain in the 10D dataset.

4.4.2 OUT-OF-DISTRIBUTION EXPERIMENT TRENDS

This experiment evaluates whether the classifier’s performance is driven by the underlying semantic
content of the images or by spurious distributional trends and stylistic biases. To run it, we treat
each of the 10 semantic domains in 10D as a separate OOD setting. For each domain, we train a
classifier to predict the generating unified model using 200 randomly sampled images per unified
model from that domain. We then evaluate each domain classifier on a held-out test set of 100
images per unified model from every domain. This yields a 10×10 accuracy matrix, where rows
correspond to the domain used for training and columns to the domain used for evaluation.

The cross-domain accuracy is shown on table 6. In order to establish a baseline, we trained 10
classifiers mixing the 10 domains with the same number of training images, and the average accuracy
is 46.7%. As expected, the classifier trained on one domain and evaluated on the same domain (the
diagonal of table 6) achieve higher accuracies, except for arts and works. It achieved 45.7% accuracy
which is lower than the baseline, and this could be explained by a wide variety of the art objects, such
as landscapes, portraits, and logos. Also, the matrix is not symmetric. For example, the accuracy
of a classifier trained on vehicles and evaluated on food and drinks is 24.4%, but the accuracy of a
classifier trained on food and drinks and evaluated on vehicles is 39.1%.

Although the prompts we provided are contained in a single domain and independent from each
other, it is possible that the images produced by the models are more likely to contain some domains
than others depending on the prompts. Therefore, we gave images to an image understanding model,
Qwen3-VL (Bai et al., 2025), and asked ”In the image, do you see {question domain}? Answer the
question with just yes or no.” The result is shown in table 7. Surprisingly, there is not much correla-
tion between the frequency and accuracy, which thus points toward the idea that the classification is
not leveraging semantic content. Rather, it is likely relying on non-semantic, model-specific visual
cues that are independent of the domain semantics.

4.5 LANGUAGE EXPERIMENT

We use the same MJHQ-30K dataset (Li et al., 2024) to evaluate the linguistic separability of each
unified model, examining whether visual representations are language dependent. We begin by
translating 1000 randomly sampled prompts using Google Translate into 4 additional languages:
Spanish, Turkish, Japanese, and Simplified Chinese, chosen to cover diverse linguistic families.
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animals 58.6 37.5 39.6 39.0 43.3 42.3 45.0 36.4 41.7 35.1

arts and works 36.6 45.7 38.6 41.1 32.1 34.9 42.7 29.0 45.3 32.6

buildings 39.1 36.6 71.1 37.1 30.2 37.4 53.0 44.7 52.1 49.6

clothing 41.6 35.9 31.3 61.1 41.9 45.1 37.3 34.0 41.0 31.3

food and drinks 50.0 36.0 41.1 48.6 65.1 43.1 41.1 42.1 48.6 39.1

household items 45.4 38.6 40.0 52.6 46.7 55.7 48.3 31.3 48.0 38.4

interior spaces 40.6 42.7 53.4 36.3 39.6 44.4 66.4 40.6 52.0 47.6

landscapes 33.4 35.3 45.0 34.3 35.2 33.6 41.4 55.7 43.3 41.4

people 37.1 37.3 45.0 36.9 37.5 37.7 51.7 36.0 72.3 42.4

vehicles 29.4 36.0 52.1 33.7 24.4 27.9 42.0 41.0 46.9 64.1

Table 6: Cross-Domain Accuracy Heatmap of 7-way Classifier. Cell (X, Y) where X is the train-
ing domain and Y is the evaluation domain shows the accuracy of a classifier trained on images from
domain X and evaluated on images from domain Y, across the 7 models. For example, a classifier
trained on interior spaces and evaluated on buildings achieves an accuracy of 53.4%, exceeding ran-
dom chance (100/7 ≈ 14.3%).

Using these 5 languages (including English), we train a classifier to identify the prompt language
from the generated images for each unified model, and then evaluate overall accuracy on a held-out
test set. We used 700 images for each language for training and 300 images for evaluation.

The accuracies for each model are shown in table 8. As for Bagel, Emu, Gemini, and ChatGPT,
the images produced by different languages are inseparable as the accuracy is the same as random
guess of 20%. In Janus, we observed that while images generated by English, Spanish, and Chinese
are pretty high-quality, images for Japanese and Turkish prompts are often scenery that is unrelated
to the prompts with most of them being a high tower or a mountain. In particular, in many of the
images for Japanese prompts and some of the images for Chinese prompts, there is a temple-like
house on the left-bottom (figure 3). As for MMaDA, we observed that the images generated by
Japanese and Turkish prompts often do not follow the prompts and are just some abstract objects
in the middle of the images (figure 4). This explains the high accuracy for Japanese and Turkish
prompts and moderately high confusion of Japanese and Turkish prompts (table 9). We observed
that Show-o2 generates a picture of Asian women with high likelihood when the prompt language
is Japanese or Chinese regardless of what the prompt is saying (figure 5).

5 CONCLUSION

As synthetic imagery increasingly circulates, practical mechanisms for distinguishing and attributing
model-generated images are needed to support downstream analysis, monitoring, and measurement
of generative ecosystems. Our results show that such attribution is feasible, a classifier trained on
images from five open-source unified models substantially outperforms chance, achieving 93.9%
accuracy with only 3K images per model and approaching perfect performance at larger scales.
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animals 96.7 5.7 4.0 3.0 6.3 3.0 6.7 63.3 2.0 0.7

arts and works 18.3 82.4 23.9 24.9 5.3 24.6 32.9 29.9 25.2 7.6

buildings 0.3 11.0 95.3 43.7 2.7 6.7 25.0 59.0 51.7 41.3

clothing 4.0 10.3 27.0 77.3 7.3 28.7 43.3 33.7 47.7 5.3

food and drinks 3.0 0.3 4.3 3.0 90.0 57.8 49.2 16.3 4.3 0.7

household items 3.0 15.7 12.3 12.7 26.3 89.3 83.7 15.7 6.0 1.0

interior spaces 1.3 29.0 45.3 66.3 8.7 19.3 94.3 13.0 63.3 10.0

landscapes 11.0 11.7 12.7 4.0 0.0 0.0 3.0 98.0 5.3 3.0

people 4.3 26.7 44.3 99.0 20.3 20.3 79.7 12.7 99.0 13.3

vehicles 5.0 5.3 35.7 46.0 2.3 1.3 2.3 73.0 50.0 71.7

Table 7: Domain Frequency Heatmap of the generated images. Orig. refers to the prompt’s do-
main, while Quest. refers to the domain queried for presence in the image. Each domain comprises
300 prompts evaluated across 7 models (2.1K images total). Cell values indicate the percentage of
images from the Orig. domain that contain elements of the Quest. domain (e.g., (people, animals) =
4.3%).

Model Accuracy (%)

BAGEL 21.2
Emu 21.9
Janus 52.9
MMaDA 34.2
Show-o2 54.0
Gemini 20.1
ChatGPT 21.9

Table 8: Accuracy on prompt language classification from images

Attribution remains robust under corruptions and structural perturbations, indicating that separability
is driven by high-level visual characteristics rather than low-level artifacts or semantic content.

At the same time, our findings reveal clear limits to what can be inferred from generated images
alone. While model identity can often be recovered with high confidence, prompt language does not
reliably influence the distribution of generated images once the generating model is fixed. Across
five languages and both open- and closed-source models, language attribution remains near chance,
suggesting that linguistic variation leaves weak visual traces in current unified systems. Together,
these results indicate that unified multimodal models exhibit stable, distinguishable generation be-
havior at the model level, while finer-grained contextual signals remain difficult to recover. This
delineates the scope of current image attribution methods and highlights important directions for fu-
ture work on understanding, characterizing, and monitoring large-scale synthetic image generation.
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(a) English (b) Spanish (c) Japanese (d) Turkish (e) Chinese

Figure 3: Images generated by Janus with a prompt ”Golden Hour, cannabis, hyper realistic, futur-
istic optics, highly detailed” in different languages

(a) English prompt (b) Spanish prompt (c) Japanese prompt (d) Turkish prompt (e) Chinese prompt

Figure 4: Images generated by MMaDA with a prompt ”the most beautiful woman in the world
beautiful colombian woman wearing cyberpunk clothes, standing in the rain on a cyberpunk city
street, high angle, neon lights, Use a Nikon D850 DSLR camera with a 200mm lens at F 1.2 aperture
setting to isolate the subject, full body shot ” in different languages

(a) English prompt (b) Spanish prompt (c) Japanese prompt (d) Turkish prompt (e) Chinese prompt

Figure 5: Images generated by Show-o2 with a prompt ”a photorealistic photo of an african male
walking in the city with other people in the background” in different languages

There are several promising directions for future work. One is to apply mechanistic interpretability
techniques to better understand which visual features drive separability, and why certain factors
make attribution more difficult. Another avenue is to investigate how prompt complexity influences
separability, particularly whether richer prompts reduce the degree to which model-specific biases
and artifacts appear in the generated images. Finally exploring additional sources of variation such
as prompt style, output resolution, and changes in model parameters may further help characterize
what governs separability in unified model generated images.
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True
Pred en es ja tr zh

en 30.0 10.7 27.3 26.7 5.3

es 21.3 18.0 32.7 25.3 2.7

ja 9.3 4.7 60.0 20.0 6.0

tr 4.7 6.0 30.7 58.0 0.7

zh 22.0 8.7 26.0 34.0 9.3

Table 9: Recall Heatmap (Row-normalized) for MMaDA. True is the ground-truth label of the
generated images and Pred is the prediction the classifier made. For each row (ground-truth), the
numbers indicate the probability of each prediction.
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Kwak, Victor Ähdel, Sujeevan Rajayogam, Travis Choma, Fei Liu, Aditya Barua, Colin Ji, Ji Ho
Park, Vincent Hellendoorn, Alex Bailey, Taylan Bilal, Huanjie Zhou, Mehrdad Khatir, Charles
Sutton, Wojciech Rzadkowski, Fiona Macintosh, Roopali Vij, Konstantin Shagin, Paul Medina,
Chen Liang, Jinjing Zhou, Pararth Shah, Yingying Bi, Attila Dankovics, Shipra Banga, Sabine
Lehmann, Marissa Bredesen, Zifan Lin, John Eric Hoffmann, Jonathan Lai, Raynald Chung, Kai
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Harry Askham, Luis C. Cobo, Kelvin Xu, Felix Fischer, Jun Xu, Christina Sorokin, Chris Alberti,
Chu-Cheng Lin, Colin Evans, Alek Dimitriev, Hannah Forbes, Dylan Banarse, Zora Tung, Mark
Omernick, Colton Bishop, Rachel Sterneck, Rohan Jain, Jiawei Xia, Ehsan Amid, Francesco Pic-
cinno, Xingyu Wang, Praseem Banzal, Daniel J. Mankowitz, Alex Polozov, Victoria Krakovna,
Sasha Brown, MohammadHossein Bateni, Dennis Duan, Vlad Firoiu, Meghana Thotakuri, Tom
Natan, Matthieu Geist, Ser tan Girgin, Hui Li, Jiayu Ye, Ofir Roval, Reiko Tojo, Michael Kwong,
James Lee-Thorp, Christopher Yew, Danila Sinopalnikov, Sabela Ramos, John Mellor, Abhishek
Sharma, Kathy Wu, David Miller, Nicolas Sonnerat, Denis Vnukov, Rory Greig, Jennifer Beattie,
Emily Caveness, Libin Bai, Julian Eisenschlos, Alex Korchemniy, Tomy Tsai, Mimi Jasarevic,
Weize Kong, Phuong Dao, Zeyu Zheng, Frederick Liu, Fan Yang, Rui Zhu, Tian Huey Teh, Jason
Sanmiya, Evgeny Gladchenko, Nejc Trdin, Daniel Toyama, Evan Rosen, Sasan Tavakkol, Lint-
ing Xue, Chen Elkind, Oliver Woodman, John Carpenter, George Papamakarios, Rupert Kemp,
Sushant Kafle, Tanya Grunina, Rishika Sinha, Alice Talbert, Diane Wu, Denese Owusu-Afriyie,
Cosmo Du, Chloe Thornton, Jordi Pont-Tuset, Pradyumna Narayana, Jing Li, Saaber Fatehi, John
Wieting, Omar Ajmeri, Benigno Uria, Yeongil Ko, Laura Knight, Amélie Héliou, Ning Niu,
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Hanna Klimczak-Plucińska, David Bridson, Dario de Cesare, Tom Hudson, Piermaria Mendolic-
chio, Lexi Walker, Alex Morris, Matthew Mauger, Alexey Guseynov, Alison Reid, Seth Odoom,
Lucia Loher, Victor Cotruta, Madhavi Yenugula, Dominik Grewe, Anastasia Petrushkina, Tom
Duerig, Antonio Sanchez, Steve Yadlowsky, Amy Shen, Amir Globerson, Lynette Webb, Sahil
Dua, Dong Li, Surya Bhupatiraju, Dan Hurt, Haroon Qureshi, Ananth Agarwal, Tomer Shani,
Matan Eyal, Anuj Khare, Shreyas Rammohan Belle, Lei Wang, Chetan Tekur, Mihir Sanjay Kale,
Jinliang Wei, Ruoxin Sang, Brennan Saeta, Tyler Liechty, Yi Sun, Yao Zhao, Stephan Lee, Pandu
Nayak, Doug Fritz, Manish Reddy Vuyyuru, John Aslanides, Nidhi Vyas, Martin Wicke, Xiao
Ma, Evgenii Eltyshev, Nina Martin, Hardie Cate, James Manyika, Keyvan Amiri, Yelin Kim,

15



Published as a paper at 3rd DATA-FM workshop @ ICLR 2026, Brazil.

Xi Xiong, Kai Kang, Florian Luisier, Nilesh Tripuraneni, David Madras, Mandy Guo, Austin Wa-
ters, Oliver Wang, Joshua Ainslie, Jason Baldridge, Han Zhang, Garima Pruthi, Jakob Bauer, Feng
Yang, Riham Mansour, Jason Gelman, Yang Xu, George Polovets, Ji Liu, Honglong Cai, Warren
Chen, XiangHai Sheng, Emily Xue, Sherjil Ozair, Christof Angermueller, Xiaowei Li, Anoop
Sinha, Weiren Wang, Julia Wiesinger, Emmanouil Koukoumidis, Yuan Tian, Anand Iyer, Madhu
Gurumurthy, Mark Goldenson, Parashar Shah, MK Blake, Hongkun Yu, Anthony Urbanowicz,
Jennimaria Palomaki, Chrisantha Fernando, Ken Durden, Harsh Mehta, Nikola Momchev, Elahe
Rahimtoroghi, Maria Georgaki, Amit Raul, Sebastian Ruder, Morgan Redshaw, Jinhyuk Lee,
Denny Zhou, Komal Jalan, Dinghua Li, Blake Hechtman, Parker Schuh, Milad Nasr, Kieran
Milan, Vladimir Mikulik, Juliana Franco, Tim Green, Nam Nguyen, Joe Kelley, Aroma Mahen-
dru, Andrea Hu, Joshua Howland, Ben Vargas, Jeffrey Hui, Kshitij Bansal, Vikram Rao, Rakesh
Ghiya, Emma Wang, Ke Ye, Jean Michel Sarr, Melanie Moranski Preston, Madeleine Elish, Steve
Li, Aakash Kaku, Jigar Gupta, Ice Pasupat, Da-Cheng Juan, Milan Someswar, Tejvi M., Xinyun
Chen, Aida Amini, Alex Fabrikant, Eric Chu, Xuanyi Dong, Amruta Muthal, Senaka Buthpitiya,
Sarthak Jauhari, Nan Hua, Urvashi Khandelwal, Ayal Hitron, Jie Ren, Larissa Rinaldi, Shahar
Drath, Avigail Dabush, Nan-Jiang Jiang, Harshal Godhia, Uli Sachs, Anthony Chen, Yicheng
Fan, Hagai Taitelbaum, Hila Noga, Zhuyun Dai, James Wang, Chen Liang, Jenny Hamer, Chun-
Sung Ferng, Chenel Elkind, Aviel Atias, Paulina Lee, Vı́t Listı́k, Mathias Carlen, Jan van de
Kerkhof, Marcin Pikus, Krunoslav Zaher, Paul Müller, Sasha Zykova, Richard Stefanec, Vitaly
Gatsko, Christoph Hirnschall, Ashwin Sethi, Xingyu Federico Xu, Chetan Ahuja, Beth Tsai, Anca
Stefanoiu, Bo Feng, Keshav Dhandhania, Manish Katyal, Akshay Gupta, Atharva Parulekar,
Divya Pitta, Jing Zhao, Vivaan Bhatia, Yashodha Bhavnani, Omar Alhadlaq, Xiaolin Li, Peter
Danenberg, Dennis Tu, Alex Pine, Vera Filippova, Abhipso Ghosh, Ben Limonchik, Bhargava
Urala, Chaitanya Krishna Lanka, Derik Clive, Yi Sun, Edward Li, Hao Wu, Kevin Hongtongsak,
Ianna Li, Kalind Thakkar, Kuanysh Omarov, Kushal Majmundar, Michael Alverson, Michael
Kucharski, Mohak Patel, Mudit Jain, Maksim Zabelin, Paolo Pelagatti, Rohan Kohli, Saurabh
Kumar, Joseph Kim, Swetha Sankar, Vineet Shah, Lakshmi Ramachandruni, Xiangkai Zeng, Ben
Bariach, Laura Weidinger, Tu Vu, Alek Andreev, Antoine He, Kevin Hui, Sheleem Kashem, Amar
Subramanya, Sissie Hsiao, Demis Hassabis, Koray Kavukcuoglu, Adam Sadovsky, Quoc Le,
Trevor Strohman, Yonghui Wu, Slav Petrov, Jeffrey Dean, and Oriol Vinyals. Gemini: A family of
highly capable multimodal models, 2025. URL https://arxiv.org/abs/2312.11805.

Antonio Torralba and Alexei A Efros. Unbiased look at dataset bias. In CVPR 2011, pp. 1521–1528.
IEEE, 2011.

Jinheng Xie, Zhenheng Yang, and Mike Zheng Shou. Show-o2: Improved native unified multimodal
models. arXiv preprint arXiv:2506.15564, 2025.

Katherine Xu, Lingzhi Zhang, and Jianbo Shi. Detecting origin attribution for text-to-image diffu-
sion models, 2025. URL https://arxiv.org/abs/2403.19653.

Lihe Yang, Bingyi Kang, Zilong Huang, Zhen Zhao, Xiaogang Xu, Jiashi Feng, and Hengshuang
Zhao. Depth anything v2, 2024. URL https://arxiv.org/abs/2406.09414.

Ling Yang, Ye Tian, Bowen Li, Xinchen Zhang, Ke Shen, Yunhai Tong, and Mengdi Wang. Mmada:
Multimodal large diffusion language models. arXiv preprint arXiv:2505.15809, 2025.

Boya Zeng, Yida Yin, and Zhuang Liu. Understanding bias in large-scale visual datasets, 2024.
URL https://arxiv.org/abs/2412.01876.

16

https://arxiv.org/abs/2312.11805
https://arxiv.org/abs/2403.19653
https://arxiv.org/abs/2406.09414
https://arxiv.org/abs/2412.01876

