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ABSTRACT

Estimating uncertainty in text-to-image diffusion models is challenging due to
their large parameter counts (often exceeding 100 million) and operation in com-
plex, high-dimensional spaces with virtually infinite input possibilities. In this
paper, we propose Epistemic Mixture of Experts (EMoE), a novel framework for
efficiently estimating epistemic uncertainty in diffusion models. EMoE leverages
pre-trained networks without requiring additional training, enabling direct uncer-
tainty estimation from a prompt. We introduce a novel latent space within the
diffusion process that captures model uncertainty better during the first denoising
step than existing methods. Experimental results on the COCO dataset demon-
strate EMoE’s effectiveness, showing a strong correlation between uncertainty
and image quality. Additionally, EMoE identifies under-sampled languages and
regions with higher uncertainty, revealing hidden biases related to linguistic rep-
resentation. This capability demonstrates the relevance of EMoE as a tool for
addressing fairness and accountability in AI-generated content.

1 INTRODUCTION

In recent years, text-to-image diffusion models have made remarkable strides, enabling faster image
generation (Song et al., 2020; Liu et al., 2023; Yin et al., 2024), improved image quality (Dhariwal &
Nichol, 2021; Nichol et al., 2022; Rombach et al., 2022), and even extending into video generation
(Ho et al., 2022b; Khachatryan et al., 2023; Bar-Tal et al., 2024). Diffusion models operate through
a two-phase process: in the forward phase, noise is incrementally added to the data, while in the
reverse phase, the model learns to denoise and reconstruct the image. However, despite their grow-
ing popularity, these models often function as black boxes, providing little transparency into their
decision-making processes or how they handle uncertainty (Berry et al., 2024; Chan et al., 2024). To
address these limitations, we introduce Epistemic Mixture of Experts (EMoE), a novel framework
for capturing and quantifying epistemic uncertainty in text-conditioned mixture-of-experts diffusion
models, which are capable of generating high-resolution images (512 × 512 × 3). Epistemic un-
certainty, arising from a model’s lack of knowledge, can be reduced with additional data, whereas
aleatoric uncertainty, stemming from inherent randomness in the data, remains irreducible (Hora,
1996; Der Kiureghian & Ditlevsen, 2009; Hüllermeier & Waegeman, 2021).

An example of our approach is illustrated in Figure 1. The top row contains images for the prompt,
“A white man holding the office of the US President” with low epistemic uncertainty (0.32), followed
by “A black man holding the office of the US President” with an uncertainty 0.34. The bottom row
displays images for the prompt, “A white woman holding the office of the US President” with an
uncertainty 0.43, followed by “A black woman holding the office of the US President” with high
epistemic uncertainty (0.60). This comparison highlights potential biases in the model’s handling of
demographic diversity across race and gender. To our knowledge, EMoE is the first framework to
effectively capture epistemic uncertainty in text-conditioned diffusion models for image generation.

The EMoE framework is built on two key components. First, it leverages pre-trained mixture-of-
experts (MoE) for zero-shot uncertainty estimation. Notably, the experts in the MoE were not trained
for uncertainty estimation but were independently trained on different datasets. Originally intro-
duced by Jacobs et al. (1991), Mixture-of-Experts (MoE) models form ensembles in sub-modules,
where each expert specializes in specific tasks, benefiting from a shared base model to ensure ef-
ficiency while harnessing the collective power of multiple experts (Shazeer et al., 2017). Training
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