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Figure 1: Our demo enables prompt-based editing of a video stream in real-time and in high-fidelity (e.g., 1080p at 46 FPS with
87 ms per-frame pipeline latency). (a–d) modify existing real-world people: (a) input & output pair; example prompts (b) inflatable
plastic dolls, (c) the men are made out of flowers, (d) the men are made out of broken pottery with gold-filled seams. (e–g) add a
new, spatially registered object for the prompt “Make a teddy sit in the chair”.

ABSTRACT

We present a demonstration of real-time, prompt-based video edit-
ing for augmented reality (AR). Our system uses a lightweight Flow
Matching image generation model and runtime optimizations to
transform live camera streams while preserving interactive frame
rates. Unlike scene-reconstruction methods, which add virtual ob-
jects but cannot modify existing real-world content, our pipeline
unifies both operations. At the conference, visitors will experience
two setups: a large-screen Magic Mirror that alters their appear-
ance, and AR glasses that modify their egocentric view. At 1080p,
the prototype achieves 46 FPS with 87 ms pipeline latency, and
supports output resolutions up to 4K.

Index Terms: Augmented Reality, Generative Artificial Intelli-
gence, Flow Matching.
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1 MOTIVATION

With the recent explosion of Artificial Intelligence, Augmented Re-
ality (AR) and Virtual Reality research has been heavily influenced
by it. Gaussian Splatting [4] and Neural Radiance Fields [8] are
widely used; in their standard form, they reconstruct a scene and
possibly add new virtual objects to it, but cannot modify existing
real-world content; a capability that prompt-based generative edit-
ing provides. Image (e.g., [1, 10]) and video generation models
have also found wide adoption, mainly for offline high-fidelity gen-
eration; their underlying architectures require heavy computations
that make them basically infeasible for real-time applications. The
fundamental question that led to this demo is: How far can we push
real-time Flow Matching to make it usable for a wide range of AR
applications?

2 RELATED WORK

The most similar works are EgoEdit [6], StreamDiffusion
(SD1) [5], and StreamDiffusionV2 (SD2) [2]. These modify video
streams at high frame rates, but each has a limitation for AR:
EgoEdit ignores motion-to-photon latency (almost 1 s, unusable for



AR); SD1, an image model, has severe temporal inconsistency in
egocentric AR; and SD2, a video model with impressive speed (42
FPS at 480p, 360 ms latency on 4×H100), produces severe artifacts
with high inertia; fast moving objects need up to 1 s to update.

By contrast, our single-GB200 system natively generates 1080p
(5× the pixels per frame of SD2’s 480p output) at 15 FPS; with
ESRGAN upscaling it delivers 46 FPS at 1080p with 87 ms per-
frame pipeline latency, higher image quality, and lower inertia than
SD2.

3 DEMO DESCRIPTION

Our demonstration lets attendees directly experience prompt-based
editing of a live video stream: a visitor chooses a text prompt and
observes the transformation while moving in front of the camera or
viewing the environment through AR glasses. The live nature of
both setups makes the tradeoff between editability, visual quality,
and response latency directly visible.

Our prototype runs on NVIDIA GB200 GPUs in a data center
and streams the result over a wired network; the planned configura-
tion for the conference. At 1080p, it achieves 46 FPS with an 87 ms
per-frame pipeline latency (ESRGAN-upscaled from 540p; native
1080p generation reaches 15 FPS at 270 ms per frame; see Table 1);
the supplementary video shows detailed measurements for row 1).

Generated Resolution Display FPS Cycle (ms)

540p 1080p 46 87
720p 1440p 25 157
1080p 4K 15 270
1152p 2304p 13 300
1504p 2976p 5 740

Table 1: Performance measurements. FPS is the output (temporally
upsampled) frame rate; cycle is per-frame inference time. The 540p
and 720p rows use a second GPU for ESRGAN 2× upscaling [11] to
the displayed resolution.

We plan to show our system in two different setups at the ISMAR
conference:

• Magic Mirror. On a large portrait display, visitors see a live,
prompt-modified view of themselves, making changes in ap-
pearance and response latency immediately visible.

• AR Glasses. Wearing AR glasses, a visitor experiences a
prompt-modified egocentric view of the environment; this
view is mirrored to a separate landscape display so bystanders
can share it.

4 REQUESTS TO ORGANIZERS

We will bring almost all hardware required for the demonstration.
We kindly ask the conference organizers to provide us with the fol-
lowing items:

• A high-speed internet connection through an ethernet cable:
bandwidth above 10 Mbps and roundtrip latency around 30
ms. Test with https://speedtest.net (bandwidth) and
ping lisn.fr (latency).

• 2 large screens or projectors: one portrait display for the
Magic Mirror (≥ 90× 160 cm), and one landscape display
(≥ 160×90 cm) to share the AR-glasses egocentric view with
bystanders.

5 CONCLUSIONS

This demonstration shows prompt-based generative editing running
live in AR at interactive frame rates and measured end-to-end la-
tency, but it relies on data center GPUs and a wired network, so it
is not yet suitable for untethered mobile AR.

The two setups have different latency requirements. The Magic
Mirror, a non-head-coupled display, is analogous to video confer-
encing, where ITU-T G.114 recommends one-way delays below
400 ms; our 87 ms is well within range [3]. The AR glasses are
head-coupled video see-through; a single latency-matched pipeline
avoids the optical see-through misregistration (“swimming”), but
their motion-to-photon tolerance is about 20 ms [9], so closing the
gap from 87 ms is future work.

As the system uses an image generation model, rapidly mov-
ing surfaces show temporal inconsistencies; the demo exposes this
tradeoff. Improving temporal coherence and the computational
footprint are next steps; a local deployment on non-data-center
GPUs is under investigation but not needed for the demo. Future
neural-network hardware [7] could eventually integrate such com-
putations into mobile AR.

A key insight this demonstration surfaces is the distinction be-
tween adding to and altering the real world. Scene-reconstruction
methods such as Gaussian Splatting [4] and Neural Radiance
Fields [8] excel at adding new virtual objects to a captured scene
and keeping them registered across viewpoints (Figure 1(e–g)), but
in their standard form cannot alter the appearance of existing real-
world objects (Figure 1(a–d)). Prompt-based generative editing per-
forms both within one pipeline, unifying adding and modifying;
something reconstruction-based AR keeps separate.
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