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Abstract

This project explores diffusion / score-based generative models as learned priors for
solving inverse problems in robotic perception and mapping. Concretely, the goal is
to reconstruct a dense 2D occupancy grid map (and optionally dense depth) from
sparse, noisy range observations by combining a measurement model with a diffusion
prior. The core hypothesis is that diffusion priors can enforce structural realism
in maps (e.g., walls, corners, free-space continuity) more effectively than classical
handcrafted regularizers (e.g., TV) and prior plug-and-play denoisers, improving
map fidelity under aggressive sparsity and noise.

Background and Motivation Robotic mapping can be written as an inverse prob-
lem:

y = A(x) + ε, (1)

where x is a latent map (occupancy grid), y are sensor observations (e.g., 2D LiDAR
beams or sparse depth), A(·) is a forward projection / raycasting operator, and ε is
noise. Classical occupancy grid mapping builds probabilistic updates from beams [1],
and modern SLAM systems rely heavily on scan matching and graph optimization [2,
3]. However, in challenging regimes (limited field-of-view, sparse beams, occlusions,
noisy sensors), the mapping problem is severely ill-posed and benefits from strong
priors. These can be Diffusion models which provide a principled learned prior by
approximating the score ∇x log p(x) [4, 5]. This enables MAP-like reconstruction
or posterior sampling conditioned on measurements [6], bridging modern generative
modeling with classical inverse problem formulation.

Objectives The goals are to train or adapt a diffusion / score model over 2D occu-
pancy grid maps (and optionally depth maps) derived from simulated robot environ-
ments. Preference to train a small network, but will depend on time, maybe only fine
tune an existing model using my data. Then, I will use it to solve a measurement-
conditioned reconstruction problem using the diffusion prior, producing dense maps
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from sparse/noisy observations. Lastly, I will compare against existing baselines
such as least squares and TV-regularized least-square. I will compare using standard
metrics such as SSIM.

Technical Approach

For Data and Map Representation, required to generate ground-truth occupancy
grids from simulated embodied environments using Habitat [7]. A robot trajectory
is sampled; at each pose, synthetic range measurements are produced (e.g., a subset
of LiDAR beams, limited FOV, or subsampled depth pixels). Ground-truth maps
are rasterized at a fixed resolution (e.g., 256 × 256 or 128 × 128). The goal is for
these measurements to be sparse (low number of beams).

The Forward Model can be represented by the forward operator At(x) which re-
turns predicted measurements (e.g., expected range-to-hit along rays). Aggregating
over T poses yields:

y = A(x) + ε, A(x) := {At(x)}Tt=1. (2)

For feasibility within the course timeframe, we will implement a differentiable ap-
proximation of raycasting (e.g., discrete ray marching with soft occupancy) or use a
linearized proxy operator in the occupancy image domain (e.g., sparse projection /
masking) while keeping the evaluation grounded in a robotics measurement process.

Diffusion Prior and Conditioning We will use a diffusion model trained on maps
to estimate either a denoising model ϵθ(xt, t) (DDPM-style) [5], or a score model
sθ(x, σ) ≈ ∇x log pσ(x) (SDE/score-based) [4].

To incorporate measurements, we will implement diffusion posterior sampling
(DPS) [6] or an equivalent score-based update:

xk+1 = xk − η∇xLdata(xk) + ηλ sθ(xk, σk) +
√

2η ξk, (3)

where Ldata(x) = ∥A(x)− y∥2 (or a likelihood-consistent term), σk follows the diffu-
sion noise schedule, and ξk ∼ N (0, I).

Resources and Compute

Training a 2D diffusion model on 1282–2562 grids is feasible on a single GPU. If
compute is constrained, smaller grids are to be used, fewer diffusion steps, or fine-
tune a lightweight UNet.
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