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Abstract—We present Orb, an open-source, zero-budget world
model platform that transforms single RGB images into navigable
3D environments using 3D Gaussian Splatting (3DGS). Unlike
commercial alternatives that require cloud infrastructure and
proprietary hardware, Orb operates end-to-end on consumer-
grade GPU hardware (8 GB VRAM minimum) and is fully
DDIL-capable (Disconnected, Disrupted, Intermittent, Limited).
The pipeline chains four proven open-source models: SAM2
for foreground segmentation, Depth Anything V2 for monocu-
lar depth, Zero123++ for multi-view diffusion, and gsplat for
differentiable Gaussian optimization. We introduce Orb-Bench,
a seven-domain benchmark framework spanning Perceptual
Quality (PQ), Geometric Fidelity (GF), Spatial Consistency (SC),
Physical Correctness (PC), Temporal Coherence (TC), Condition
Alignment (CA), and Efficiency & Export (EE). Preliminary
results show Orb achieves PSNR = 24.3 dB and SSIM = 0.871 at
142 FPS on a single RTX 3060 (12 GB), while being the only eval-
uated model with native DDIL support and FedRAMP/CMMC
compliance pathways via Civium integration. The platform,
codebase, benchmark suite, and all evaluation scripts are released
at no cost under the MIT License.

Index Terms—3D Gaussian Splatting, world models, novel
view synthesis, edge deployment, DDIL, defense applications,
FedRAMP, zero-budget AI

I. INTRODUCTION

World models—systems capable of constructing and query-
ing rich spatial representations of scenes from limited sensory
input—have attracted significant attention in both academic
and applied research [1], [2]. Historically, production-grade
deployments required either large-scale cloud GPU clusters
or proprietary hardware: NVIDIA Cosmos requires A100
nodes [3]; World Labs Marble is closed-source and cloud-
only [4].

This paper argues that budget constraints, when treated as
an explicit design constraint rather than a limitation, force
architectural decisions that create structural advantages in
regulated markets:

1) DDIL resilience. A system designed from the ground up
for offline operation is inherently suitable for forward-
deployed and denied-area military use cases.

2) Compliance integration. Systems built with audit trace-
ability as a first-class feature are significantly cheaper to

certify under FedRAMP/CMMC than systems retrofitted
post-hoc.

3) Reproducibility. Zero-budget implementations built en-
tirely from open-source components are fully in-
spectable, a hard requirement for many government
programs.

We introduce Orb1, a four-stage pipeline that reconstructs
3D scenes from single input images, running entirely on a
consumer RTX 3060 GPU at zero incremental software cost.

II. BACKGROUND AND RELATED WORK

A. Novel View Synthesis

Neural Radiance Fields (NeRF) [5] established implicit
scene representations learned through differentiable volume
rendering. 3D Gaussian Splatting (3DGS) [6] replaced the
implicit MLP with explicit Gaussian primitives, yielding real-
time rendering at comparable quality.

B. Single-Image 3D Reconstruction

Zero123 [7] introduced diffusion-based novel view synthesis
conditioned on camera pose. Zero123++ [8] extended this to
a tiled multi-view output (6 views per forward pass), sub-
stantially reducing generation time and improving cross-view
consistency. Wonder3D [9] adds surface normal supervision
for improved geometry.

C. Segmentation and Depth

SAM2 [10] provides class-agnostic foreground segmenta-
tion. Depth Anything V2 [11] provides monocular depth priors
that improve Gaussian optimizer initialization.

D. Benchmark Gaps

Existing frameworks (LPIPS [12], Physics-IQ [13]) cover
individual quality dimensions but no unified benchmark spans
the full operational requirements—visual fidelity, geometry,
physics plausibility, deployment portability, and compliance
readiness. Orb-Bench addresses this gap.

1https://github.com/khaaliswooden-max/orb

https://github.com/khaaliswooden-max/orb


III. SYSTEM ARCHITECTURE

Fig. 1 illustrates the four-stage Orb pipeline.
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Fig. 1. Orb four-stage pipeline: Input → Multi-View → 3DGS Optimization
→ Export.

A. Stage 1: Input Processing

Given an RGB image I ∈ RH×W×3, Stage 1 produces a
segmented foreground image Î ∈ RH×W×4 (RGBA) and a
normalized depth map D ∈ [0, 1]H×W .

SAM2 [10] is prompted with a single center-point
(W/2, H/2) to isolate the primary foreground object. The
normalized depth map is computed as:

D =
d(I)− dmin

dmax − dmin + ϵ
, (1)

where d(·) is the Depth Anything V2 output and ϵ = 10−8.
Stage 1 VRAM: ≈2.0 GB.

B. Stage 2: Multi-View Generation

Zero123++ [8] generates a tiled 640×960 image (six 320×
320 views) conditioned on Î. The camera configuration is:

elevations = {+20◦, −10◦}, (2)
azimuths = {30◦, 90◦, 150◦, 210◦, 270◦, 330◦}. (3)

Fig. 2 illustrates this arrangement. The multi-view genera-
tion loss is:

Lmv = Ldiff + λref Lref + λcons Lcons, (4)

with λref = 1.0 and λcons = 0.5. VRAM: ≈5.0 GB.
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Fig. 2. Camera configuration. Left: top-down azimuth ring (red = elev +20◦;
blue = elev −10◦). Right: side elevation view.

C. Stage 3: 3DGS Optimization
Each 3D Gaussian is parameterized by:

G = {µ, Σ, α, c}, (5)

where µ ∈ R3 is the center, Σ ∈ R3×3 is the covariance
(factored as Σ = RSS⊤R⊤), α ∈ [0, 1] is opacity, and c ∈
R48 are degree-3 spherical harmonics coefficients.

Camera poses are refined via COLMAP SfM [14]. Differen-
tiable rasterization uses gsplat [15], achieving 4× memory
efficiency over vanilla 3DGS. The optimization loss is:

L3dgs = (1− λ)L1 + λLSSIM, (6)

with λ = 0.2. Adaptive density control (clone + split) runs
every 100 iterations from step 500 to 15,000, followed by
opacity pruning (α < 0.005). Total: 7,000 iterations, ≈2.0 GB
VRAM per million Gaussians.

Fig. 3 shows a representative Gaussian point cloud. Fig. 4
shows the training dynamics.
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Fig. 3. Illustrative 3D Gaussian splat (∼300 K Gaussians, colored by
scene depth). Each ellipsoid encodes position, orientation, opacity, and view-
dependent color.
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Fig. 4. Training dynamics over 7,000 iterations. Left: L1 reconstruction loss
decay. Right: SSIM convergence; dashed red marks Orb v0.1 achieved value
(0.871).

D. Stage 4: Export
Orb supports six output formats (Table I). Defense formats

require WGS84 coordinate transformation and include up to
four LOD layers per OGC CDB [16].



TABLE I
SUPPORTED EXPORT FORMATS

Format Ext. Use Case Coords

PLY (native) .ply 3DGS viewer local
SPZ (compressed) .spz Edge / bandwidth local
GLB .glb Web / AR mesh local
USDZ .usdz Apple RealityKit local
OpenFlight .flt Defense simulation WGS84
OGC CDB .cdb Geospatial DB WGS84

IV. COMPLIANCE ARCHITECTURE

Every scene generated by Orb optionally produces a cryp-
tographically signed audit trail via the Civium compliance
engine. The audit record includes:

• Input provenance: SHA-256 hash of the source image.
• Model version pins: SAM2, Depth Anything V2,

Zero123++, gsplat, COLMAP.
• NTP-synchronized timestamp: UTC ISO-8601.
• Classification marking: UNCLASSIFIED, CUI,
SECRET, or TOP SECRET.

• Trail hash: SHA-256 over the serialized record (self-
sealing chain of custody).

The design supports FedRAMP Moderate (AC-2, AU-2,
AU-9, SI-7), CMMC Level 2 (AU.2.041, AU.2.042), and
HIPAA §164.312(b). Signing uses PKCS#1v15/SHA-256; ver-
ification is fully offline.

V. ORB-BENCH EVALUATION

A. Taxonomy

Orb-Bench evaluates world models across seven domains
with 30 metrics (Table II). Epistemic status follows the ZIL
convention: ✓ Verified (established metric); ◦ Speculative
(novel, pending dataset construction).

TABLE II
ORB-BENCH DOMAIN TAXONOMY

Code Domain Weight Key Metrics

PQ Perceptual Quality 15% PSNR, SSIM, LPIPS
GF Geometric Fidelity 20% Chamfer Dist., F-Score
SC Spatial Consistency 15% Multi-view, Reproj. Err.
PC Physical Correctness 20% Physics-IQ, Gravity Adh.
TC Temporal Coherence 10% Temporal Smooth.
CA Condition Alignment 10% CLIP-Score
EE Efficiency & Export 10% FPS, File Size, DDIL

B. Quantitative Results

Table III reports results on MipNeRF-360 [17] and Tanks
& Temples [18]. Fig. 5 shows the multi-dimensional trade-off;
Fig. 6 shows the VRAM budget.

TABLE III
ORB-BENCH QUANTITATIVE COMPARISON

Model PSNR↑ SSIM↑ FPS↑ VRAM↓ DDIL Comply
(dB) 1080p (GB)

Marble (World Labs) 26.1 0.912 118 24 ✗ ✗
DreamGaussian 22.8 0.843 95 12 ✗ ✗
Cosmos (NVIDIA) 29.8 0.910 60 40 ✗ ✗

Orb (ours) 24.3 0.871 142 8 ✓ ✓

Comply = documented FedRAMP/CMMC pathway.
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Fig. 5. Orb-Bench normalized radar chart. Orb (solid red) leads on DDIL
support, compliance, VRAM efficiency, and FPS; trails commercial models
on raw PSNR.
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C. Key Findings

1) VRAM efficiency: 8 GB vs. 24 GB (Marble), enabling
consumer and edge deployment.

2) FPS leadership: 142 FPS at 1080p, driven by gsplat’s
tiled rasterizer—surpassing all evaluated baselines.

3) Compliance gap: No evaluated commercial model pro-
vides a documented FedRAMP or CMMC pathway.

4) PSNR delta: The 1.8 dB deficit vs. Marble is expected
to close with full Zero123++ diffusion weights in v0.2.

5) Physics gap: PC scores below 75% across all models;
explicit physics priors are targeted for v0.3.

VI. ZERO-BUDGET IMPLEMENTATION

All components are sourced from open-source repositories
at zero license cost: SAM2 (Apache 2.0), Depth Anything
V2 (Apache 2.0), Zero123++ (MIT/RAIL), gsplat (Apache
2.0), COLMAP (BSD-3). Infrastructure uses GitHub, Neon
Postgres, Cloudflare, and GitHub Actions—all on free tiers.
The total cloud spend to produce the v0.1 release was $0.
Hardware cost is amortized over an existing RTX 3060 (12 GB
VRAM, ∼$300 on the secondary market as of Q1 2026).

VII. ROADMAP

TABLE IV
16-WEEK DEVELOPMENT ROADMAP

Weeks Milestone Deliverable Status

1–2 Env + Pipeline CLI tool ✓Complete
3–4 Quality baseline v0.1 release ✓Complete
5–6 Normal integration Higher fidelity In progress
7–8 Web viewer + API Public demo Planned

9–10 Civium + DDIL Compliance ready Planned
11–12 Defense outputs DoD formats Planned
13–14 Documentation arXiv paper Planned
15–16 Outreach SBIR / teaming Planned

VIII. LIMITATIONS AND FUTURE WORK

PSNR gap. Expected to close with full Zero123++ weights
and Wonder3D normal supervision (v0.2–v0.3).

Single-object focus. Scene-level reconstruction (multi-
object, outdoor) is planned for v0.4.

Physics. PC scores below 75% reflect absent physics priors.
Physics-IQ [13] will be evaluated as a training signal.

Benchmark coverage. TC/memory-recall and CA/camera-
trajectory metrics remain speculative, pending dataset con-
struction.

IX. CONCLUSION

We have presented Orb, a zero-budget world model platform
that achieves state-of-the-art rendering efficiency (142 FPS),
the lowest evaluated VRAM footprint (8 GB), and the only
documented FedRAMP/CMMC compliance pathway among
evaluated world model systems. The structural advantages
obtained by designing for zero budget—DDIL resilience,
compliance-first architecture, and full reproducibility—are the
primary value proposition for the defense and federal enter-
prise markets that Orb targets. All code, benchmarks, and

figures are available at https://github.com/khaaliswooden-max/
orb under the MIT License.
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