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Abstract
This paper presents an artistic and technical investigation into the
attention mechanisms of video diffusion transformers. Inspired
by early video artists who manipulated analog video signals to
create new visual aesthetics, this study proposes a method for
extracting and visualizing cross-attention maps in generative video
models. Built on the open-source Wan model, our tool provides
an interpretable window into the temporal and spatial behavior of
attention in text-to-video generation. Through exploratory probes
and an artistic case study, we examine the potential of attention
maps as both analytical tools and raw artistic material. This work
contributes to the growing field of Explainable AI for the Arts
(XAIxArts), inviting artists to reclaim the inner workings of AI as a
creative medium.
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1 Introduction
Reviewing the history of early video art, a common trend emerges:
a drive to produce imagery that disrupted the aesthetic conventions
of broadcast television and cinema [9]. To achieve this, artists like
Nam June Paik and the Vasulkas cultivated a deep technical un-
derstanding of video systems, enabling them to construct bespoke
tools capable of manipulating analog signals in expressive, often
radical ways. These interventions yielded profoundly original video
works that redefined the medium. With the rise of AI video models,
we ask: can a similar strategy be applied today—one that harnesses
technical insight to subvert and expand the generative possibilities
of these new systems?

Video diffusion models have recently demonstrated remarkable
fidelity in generating realistic moving images [7]. However, while
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common metrics like Fréchet Video Distance (FVD) [13] focus on
output quality, less focus has been given to the internal mechanics
of these models. The field of machine learning interpretability seeks
to address such gaps [1, 11], with the subfield of Explainable AI for
the Arts (XAIxArts) [3] focusing specifically on the relevance of
interpretability for artists engaging with generative systems. One
established interpretability method is the visualization of atten-
tion maps in transformer based models which can be visualized for
human comprehension [4, 5]. In text-to-image models like Stable
Diffusion [10], cross-attention maps highlight how text tokens in
the prompt correspond to regions of a visual output [6, 12]. While
these methods have been explored in image models, their applica-
tion to video diffusion has only recently begun from a technical
perspective [8, 16], and remains particularly underexplored from
an artistic one.

This project introduces a tool for visualizing cross-attention in
video diffusion transformers using the open-source video model
Wan2.1 [15]. The tool enables artists to inspect attention behavior
across heads (parallel attention sub-units), blocks (layered model
stages), and diffusion steps (iterations of gradual video refinement
during generation). Such transparency offers a new vector for artis-
tic experimentation, exposing how prompts shape generated videos
and suggesting new strategies for creative intervention that go
beyond the traditional outputs of AI systems.

2 Attention Maps: High Level Overview
Attention maps are a central interpretability tool for understanding
how transformer models [14] operate across modalities such as lan-
guage and vision [4, 5]. In the context of text-to-video transformers,
attentionmaps are computed through the equation softmax

(
𝑄𝐾𝑇

)
,

where 𝑄 (queries) correspond to the prompt tokens and 𝐾 (keys)
correspond to the embedded video representation. These attention
weights indicate how much influence a given token has on specific
regions of the generated output.

This mechanism allows us to trace how specific words from the
prompt direct the generation of certain visual elements, effectively
offering a window into the model’s internal reasoning process.
By extracting and visualizing these maps for every prompt token
across attention heads, attention layers, and diffusion steps, we can
begin to understand the generative decision-making structure and
employ it as raw material for artistic exploration.

3 Method
Our method comprises two primary components: extraction and
visualization of attention maps.

Extraction: We define a Python wrapper around the cross-
attention layers of the Wan model. During generation, the wrapper
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