Multi-Step Guided Diffusion for Image Restoration on Edge Devices: Toward
Lightweight Perception in Embodied Al

Aditya Chakravarty
Independent Research
San Francisco, CA

chakravarty.aditya28@gmail.com

1. Introduction

Diffusion models have emerged as powerful tools for solv-
ing inverse problems without task-specific retraining. Meth-
ods like Diffusion Posterior Sampling (DPS) [4] and Free-
DoM [17] guide the generative process using externally
defined objectives, enabling flexible and modular infer-
ence. Related multi-call approaches [1, 7, 11] extend these
ideas through iterative guidance, but often require retrain-
ing, complex scheduling, or domain-specific tuning.

Manifold Preserving Guided Diffusion (MPGD) [6] was
recently proposed as a training-free alternative that con-
strains guidance to the tangent space of a learned image
manifold, improving stability and realism during restora-
tion. However, MPGD and similar methods typically apply
only a single gradient update per denoising step, leaving
the potential of deeper, multi-step conditioning unexplored.
Moreover, MPGD was developed and evaluated primarily
on face-centric datasets, raising questions about its robust-
ness on more diverse or out-of-distribution content.

In this work, we revisit MPGD through the lens of multi-
step optimization: applying several gradient descent up-
dates within each denoising timestep. Inspired by prior ob-
servations in RePaint [1] and LGD [11] that repeated up-
dates can improve fidelity, we conduct an empirical study
to probe the trade-offs between quality, diversity, and infer-
ence cost. We find that increasing the number of guidance
steps significantly boosts both perceptual quality (LPIPS)
and pixel-level accuracy (PSNR), while also enhancing ro-
bustness to degraded or out-of-distribution inputs. No-
tably, we show that MPGD—despite being trained on face
datasets—can effectively restore generic, non-face natural
images through multi-step conditioning.

Our experiments focus on two canonical inverse prob-
lems: 4x super-resolution and Gaussian deblurring. We
evaluate across a range of optimization depths using a Jet-
son Orin Nano, a compact edge GPU platform aligned
with the practical constraints of embodied Al systems. Re-
sults on both ImageNet and UAV 123 aerial imagery demon-

strate that MPGD with multi-step optimization is a vi-
able, lightweight solution for real-time visual restoration in
robotics and mobile Al agents operating in unconstrained
environments.

2. Method and Experimental Setup

We consider 4x super-resolution (bicubic downsampling)
and Gaussian deblurring (kernel size 61, intensity 3.0), both
with additive noise ¢ = 0.05, following [6, 16]. We use
the pixel-space MPGD implementation with DDIM sam-
pling [10] and a pretrained FFHQ autoencoder [12]. We
generate outputs for 1000 ImageNet [5] test images, sweep-
ing steps € {1,3,7,15,20} , timesteps € {20, 50,100},
and guidance scales € {4,7.5,17.5}. For evaluation we
consider LPIPS [18], SSIM [13], inference time and PSNR.
All experiments run on a single NVIDIA Jetson Orin Nano
(8 GB VRAM).

Application Case: Aerial Inspection from UAV123 To
assess real-world viability in an embodied Al context,
we evaluate MPGD on degraded aerial footage from the
UAV 123 dataset [9]. This dataset comprises UAV video se-
quences over buildings, roads, and industrial sites, which
are representative of visual inspection scenarios.

We extract 300 diverse frames spanning multiple scenes.
These are processed using the same MPGD configuration
as the main ImageNet benchmarks, without further training
or adaptation. Outputs are compared across LPIPS, PSNR,
SSIM, and inference time.

3. Results and Discussion

Across both tasks, we observe that performance improves
with more optimization steps and moderate guidance scales,
saturating around 15 steps. The reconstructions (Figure |
) evolve from generic face-like shapes at 1 step to well-
structured outputs at 15 steps, even for out-of-distribution
images. Inference latency ranges from 50—100ms per image
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Figure 1. Comparison of SR and Deblur results at 1, 7, and 15 steps.

on Jetson Orin Nano (Table 1), validating MPGD’s applica-
bility for real-time embedded perception.

Performance on UAV123 dataset On UAV123 images,
MPGD achieves strong perceptual and pixel-level perfor-
mance, despite scene variability and noise. Table 2 shows
MPGD (15 steps) surpasses NAFNet[2] and Uformer[14]
in LPIPS and PSNR while maintaining real-time through-
put on Jetson Orin Nano. This suggests MPGD’s utility as
a lightweight plug-in module for real-time image enhance-
ment in aerial infrastructure inspection.

Method LPIPS| SSIM{ PSNR{  Time (ms) |
MPGD (15 steps) 0.32 0.90 2091 80
NAFNet [2] 0.36 0.86 20.13 35
Uformer [14] 0.34 0.87 19.65 58

Table 1. Comparison of MPGD with baseline models (ImageNet).

Method LPIPS| SSIM{ PSNR{  Time (ms) |
MPGD (15 steps) 0.35 0.88 21.20 90
NAFNet 0.38 0.84 20.10 42
Uformer 0.37 0.85 19.90 65

Table 2. Performance on degraded UAV 123 frames (300 samples).

Across both tasks, we observe that performance im-
proves with more optimization steps and moderate guid-
ance scales, saturating around 15 steps. Qualitatively,
reconstructions evolve from generic face-like shapes at
1 step to well-structured outputs at 15 steps, even for
out-of-distribution images. Inference latency ranges from
50-100ms per image, validating MPGD’s applicability for
real-time embedded perception.

Conclusions and Ongoing/Future Work

We presented a multi-step Manifold Preserving Guided Dif-
fusion (MPGD) approach for training-free image restora-

tion, targeting deployment on edge devices like the Jetson
Orin Nano. Our experiments on both standard benchmarks
and the UAV 123 dataset demonstrate MPGD’s utility as a
lightweight, retraining-free vision module for embodied Al
agents, such as drones and mobile robots, which operate un-
der stringent power and compute constraints. Crucially, we
show that multi-step optimization allows a model trained on
face-centric data to generalize surprisingly well to natural,
non-face images—suggesting that task-driven optimization
can compensate for mismatched training domains in prac-
tice.

This work is part of an ongoing effort to extend MPGD
to a broader class of embodied perception challenges, in-
cluding low-light navigation, infrastructure inspection, and
visual localization under domain shift. Recent advances in
diffusion-based decision-making [3, 8] suggest that gener-
ative priors can support robust visual modules across di-
verse environments. Building on this, we plan to explore
adaptive optimization depth during inference [11], as well
as lightweight test-time adaptation strategies tailored to
resource-constrained edge deployment [15]. We are also in-
vestigating extensions of MPGD for multi-modal and non-
linear inverse problems, including conditioning on spatial
prompts or language cues. These directions aim to position
MPGD as a deployable and adaptable backbone for real-
time perception in embodied Al systems.
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