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Fig. 1: Optimization manifold isotropy correlates with rendering stability.
Left (Anisotropy): 3DGS exhibits directionally anisotropic loss surfaces—elongated
contours and sharp cross-sectional curvature manifest as unstable geometry and
rendering artifacts. Diagnostic probing identifies three instability sources: position-
induced depth swaps, opacity variations, and rotation/scale ill-conditioning. Right
(Isotropy): StableGS regularizes toward an isotropic manifold with circular contours
and symmetric cross-sections, yielding stable geometry and artifact-free rendering.

Abstract. 3D Gaussian Splatting (3DGS) achieves impressive render-
ing quality but degrades drastically under sparse views. Through opti-
mization manifold analysis, we reveal that sparse supervision produces
anisotropic loss surfaces where rendering quality collapses sharply along
three geometric fragility axes: position shifts, rotation/scale ill-conditioning,
and opacity instability. Guided by this analysis, we propose Stable 3DGS
(StableGS), which steers optimization toward isotropic stability via ge-
ometric probing. Unlike the generic, uniform smoothing of methods like
SAM [8], which cannot fit 3DGS, StableGS uses domain-specific geo-
metric probes to target the splatting operator’s unique instabilities. Our
approach comprises: (1) Attribute-Space Probing that varies each
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Gaussian’s attributes based on Hessian-informed sensitivity analysis to
measure rendering fragility, then minimizes loss at probe points; (2)
Viewpoint-Space Probing that samples geometrically critical poses
and enforces consistency between base and probed configurations. Sta-
bleGS significantly advances state-of-the-art (SOTA) performance across
multiple benchmarks, achieving substantial improvements such as +0.64dB
PSNR on DTU [14] with 74% anisotropy reduction in optimization man-
ifold. Code is available at https://github.com/zyl123456aB/StableGS.

Keywords: Sparse-view novel view synthesis· 3D Gaussian Splatting ·
Isotropic stability

1 Introduction

Reconstructing high-fidelity 3D scenes from sparse input views remains a fun-
damental challenge in computer vision, with broad applications [21–23, 45] in
autonomous driving [46], augmented reality, and robotics. Acquiring dense multi-
view captures is often impractical due to constraints in time, cost, or physical
accessibility, making sparse-view novel view synthesis (typically 3-9 images) in-
creasingly critical. Existing methods struggle with artifacts such as floaters and
view-dependent inconsistencies under such constraints.

Recent methods address sparse-view degradation through various strategies.
NeRF-based approaches [10, 13, 29, 33, 34, 48, 51] employ semantic priors and
depth constraints, while 3DGS-based methods [4,6,18,20,25,35,61] leverage ex-
ternal depth supervision or multi-stage training. However, existing methods treat
symptoms through task-specific designs (injecting external supervision, apply-
ing heuristic regularization [54], or stochastically sampling model variations [60])
without understanding why sparse supervision causes 3DGS to fail.

We investigate this question through optimization manifold analysis, reveal-
ing that sparse training produces directionally anisotropic loss surfaces where
the splatting operator exhibits drastically different sensitivities across parame-
ter directions. By probing through systematic Gaussian attribute variations, we
identify three geometric fragility axes where the splatting pipeline becomes crit-
ically unstable: First, position shifts along viewing rays cause depth swaps that
disrupt occlusion ordering. Second, rotation and scale adjustments trigger projec-
tion ill-conditioning. Third, opacity variations destabilize alpha-blending. These
instabilities manifest as floaters, splat collapse/explosion, and view-dependent
visibility encoding. This directional fragility, where rendering quality remains
stable in certain directions but collapses sharply along others, explains why stan-
dard optimization converges to solutions that work for training views but fail
catastrophically on novel viewpoints.

Our analysis connects to optimization manifold geometry and generaliza-
tion [8,19,26,56]. Traditional methods like SAM [8] seek flat minima by minimiz-
ing worst-case loss within a parameter neighborhood, improving generalization
in classification tasks. However, they treat all parameters uniformly and tar-
get isotropic flatness in all directions. In contrast, 3DGS exhibits structured

https://github.com/zyl123456aB/StableGS
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anisotropy specific to the splatting operator: depth-direction position shifts
cause fundamentally different failures (occlusion flips) than lateral shifts (cov-
erage changes), and these require different probing strategies. Moreover, SAM
operates purely in parameter space, whereas 3DGS rendering quality depends
critically on geometric relationships (depth ordering, projection conditioning)
and viewpoint consistency that cannot be captured by parameter-space probing.

Guided by this analysis, we propose Stable 3DGS (StableGS ), which uses
geometric probes as diagnostic tools to map rendering fragility and then steers
optimization toward isotropic stability. Rather than injecting external depth pri-
ors [7] or stochastically exploring parameters [60], we systematically probe the
optimization manifold to identify rendering-fragile directions and explicitly op-
timize to avoid these regions. Attribute-Space Probing uses Hessian trace
estimation to identify sensitive attributes, then perturbs each Gaussian along
these vulnerable directions and minimizes worst-case rendering loss. Viewpoint-
Space Probing samples geometrically critical poses (occlusion boundaries, par-
allax discontinuities) and enforces rendering consistency between base and probed
configurations, preventing convergence to view-specific sharp minima. Together,
ASP and VSP reshape the optimization manifold from directionally anisotropic
to isotropic, yielding intrinsically stable splatting operators. The key contribu-
tions of this work are as follows:

– We identify three geometric fragility axes in 3DGS under sparse supervision
and propose StableGS, which steers optimization toward isotropic stability
without external supervision;

– We introduce Attribute-Space Probing (ASP), which perturbs Gaussians
along Hessian-identified vulnerable directions and minimizes worst-case ren-
dering loss, achieving 74% anisotropy reduction;

– We introduce Viewpoint-Space Probing (VSP), which enforces rendering
consistency at geometrically critical poses, preventing convergence to view-
specific sharp minima;

– We improve PSNR over the state-of-the-art by 0.33 dB, 0.64 dB, and 0.25
dB on the LLFF, DTU, and Mip-NeRF360 datasets, respectively.

2 Related Work

2.1 Sparse-View Novel View Synthesis

Neural Radiance Fields [31] severely overfit under sparse inputs. NeRF-based
methods address this through external supervision: PixelNeRF [55] uses pre-
trained encoders, DietNeRF [13] leverages CLIP [38] semantics, SparseNeRF [48]
distills depth ranking from monocular estimators [40], RegNeRF [34] applies
patch regularization, and FreeNeRF [54] employs frequency regularization.

3D Gaussian Splatting [16] also degrades under sparse views. Depth-based
methods like DNGaussian [20] and FSGS [61] leverage monocular depth es-
timators [39, 40] but depend on error-prone priors [41, 52]. CoR-GS [57] co-
regularizes dual fields through registration and rendering agreement. Dropout
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methods [36, 53] randomly eliminate Gaussians inspired by DropConnect [47].
However, these methods lack systematic analysis of why sparse views cause splat-
ting failures. Unlike prior works addressing symptoms, we identify three failure
modes—depth ordering instability, projection degeneracy, and alpha-blending
incoherence—and stabilize the differentiable splatting operator.

2.2 Rendering Stability and Robustness

Algorithm 1: StableGS Training Pipeline

Require: Images {Im}, poses {Pm}
Ensure: Optimized Gaussians Θ∗

1: Initialize G from SfM
2: Warm-up (1–1000):
3: for t = 1 to 1000 do
4: Sample m, render Îm
5: Update G with ∇Lrecon

6: end for
7: Probing (1001–tmax):
8: for t = 1001 to tmax do
9: Sample m, render Îm

10: Update τϕ (every 100 iters)
11: Compute ρϕ (Eq. (5))
12: Perturb: Θ̃ ← Eqs. (8)–(13)
13: Render Ĩm, compute LASP

14: Sample K cameras {P′
k}

15: Render Θ, Θ̃, compute LVSP

16: L = Lrecon + λALASP + λVLVSP

17: Update G with ∇L
18: Densify/prune (every 100 iters)
19: end for

Robustness has been studied in ad-
versarial training [9, 32] and consis-
tency regularization [24, 50]. In neural
rendering, recent work explores input-
level stability: NeRF in the Dark [27]
handles noisy images, Self-Calibrating
NeRF [15] addresses pose errors, Gaus-
sian Activated NeRF [6] studies activa-
tion choices, and Scene Representation
Transformer [42] uses set-latent represen-
tations for sparse-view robustness. Hash-
based methods [11, 33] analyze encod-
ing stability, while uncertainty quantifi-
cation [43, 44] estimates prediction con-
fidence. However, these focus on input
perturbations or encoding rather than
parameter-space stability of the render-
ing operator.

Unlike general optimization [8, 59]
seeking flat minima, we directly stabilize
the splatting operator through probing-
aware training and cross-view consis-
tency, addressing the cause of sparse-
view degradation.
Second-order optimization. Recent works accelerate 3DGS with second-order
updates: 3DGS2 [17] and matrix-free Levenberg–Marquardt with residual sam-
pling [37] approximate Newton/LM steps for faster, denser-view fitting. Sta-
bleGS is not a second-order optimizer: it never forms or inverts the Hessian
and never solves H−1∇L; instead it uses cheap Hessian trace/eigenvalue diag-
nostics (Eqs. (3), (6)) to place geometric probes for sparse-view regularization.
The two are orthogonal—second-order solvers ask how fast 3DGS converges,
whereas StableGS asks which sparse-view minimum it converges to. Moreover,
since ASP and VSP operate purely through differentiable rendering losses and
parameter-space probes without modifying the rasterizer, StableGS is comple-
mentary to renderer-side advances such as Mip-Splatting and 2D-GS: any can
serve as the back-end while our probes reshape the manifold, so the contributions
stack rather than substitute.
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Fig. 2: Overview of ASP and VSP. ASP and VSP steer 3DGS toward isotropically
stable optimization manifold for robust novel view synthesis.
3 Method

As shown in Figure 2, we present StableGS with ASP and VSP to address sparse-
view 3DGS degradation through geometric probing. Our approach: (1) analyzes
optimization manifold anisotropy to identify geometric fragility axes, (2) uses
Hessian-informed probes as diagnostic tools to map rendering-fragile regions,
and (3) steers optimization toward isotropic stability.

3.1 Preliminaries: 3D Gaussian Splatting

Following 3DGS [16], we represent a scene using N anisotropic Gaussians, where
each Gaussian i is parameterized by: position µi ∈ R3, scale si ∈ R3, rotation
quaternion qi ∈ R4 (unit quaternion), opacity αi ∈ R (logit space), and spherical
harmonic coefficients fi ∈ RK for view-dependent appearance.

We denote all parameters as Θ = {µi, si,qi, fi, αi}Ni=1 and training cam-
era poses as {Pm}Mm=1, where Pm = {Rm, tm} with Rm ∈ SO(3) denoting
the World-to-Camera rotation matrix and tm ∈ R3 denoting the camera
center in world coordinates.

The 3D covariance matrix is Σi = R(qi)S(si)S(si)
TR(qi)

T . To render pixel
p from camera Pm, the splatting pipeline: (1) projects 3D covariance to 2D via
Σ′

i = JiWmΣiW
T
mJT

i (where Wm is the world-to-camera rotation and Ji the
projective Jacobian at µi [62]); (2) depth-sorts Gaussians by their camera-space
depth di = (Rm(µi − tm))z (i.e., the z-coordinate of the Gaussian center in
camera coordinates); (3) alpha-composites colors:

C(p;Θ,Pm) =
∑

i∈N (p)

ci(dm) · α̃i

i−1∏
j=1

(1− α̃j), (1)

where N (p) denotes the depth-sorted ordered list of Gaussians whose 2D
footprints cover pixel p, ci(dm) decodes color from SH coefficients, and α̃i =
σ(αi)G2D

i (p) combines opacity with 2D Gaussian footprint.
Standard training minimizes photometric loss:

Lrecon(Θ) =
1

M

M∑
m=1

[
ℓ1(Îm, Im) + λSSIMLSSIM(Îm, Im)

]
. (2)
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3.2 Optimization Manifold Diagnosis

We characterize the optimization manifold’s directional stability through local
curvature. For parameter configuration Θ, the Hessian matrix H = ∇2

ΘL(Θ)
captures second-order sensitivity. We define the anisotropy index:

A(Θ) =
λmax(H)

λmin(H)
, (3)

measuring the condition number of the loss surface. High A indicates directional
fragility: large λmax implies steep curvature along certain eigenvectors, while
small λmin implies flat, low-curvature directions elsewhere—this coexistence of
steep and flat directions is the defining signature of directional anisotropy. We
approximate λmax and λmin via Power Iteration [28], reusing the Hessian-vector
product (HvP) operator established in Eq. (6).

For each attribute type ϕ ∈ {µ, q, s, α, f}, we define the attribute-specific
Hessian sub-matrix Hϕ = ∇2

θ(ϕ)L, where θ(ϕ) collects all parameters of type ϕ
across all Gaussians. These sub-matrices capture the second-order sensitivity of
the loss to each attribute type independently.

Position shift (depth swap). During the depth-sort step, Gaussians near
occlusion boundaries exhibit unstable rankings. The depth di = (Rm(µi−tm))z
is the scalar z-coordinate of Gaussian i in the camera frame, where Rm rotates
from world to camera coordinates and tm is the camera center. Consider a po-
sition probe µi → µi + ϵµ with ∥ϵµ∥ ∼ 0.1 world units. If ϵµ aligns with the
viewing ray vcam = µi − tm, the depth changes as:

di → di +∆d, ∆d = (Rmϵµ)z, (4)

where ∆d is the projection of the perturbation onto the camera’s optical axis.
When |∆d| exceeds the inter-Gaussian depth gap, Gaussian i swaps its rank in
the ordered list N (p), causing it to abruptly appear in front of or behind nearby
surfaces—manifesting as floaters. The gradient magnitude along the depth di-
rection ∥∇µi

L· v̂cam∥ (where v̂cam = vcam/∥vcam∥) is typically 100× larger than
lateral directions, contributing to large eigenvalues in Hµ.

Rotation / Scale Ill-conditioning. The projected covariance Σ′
i becomes

ill-conditioned when Σi has extreme aspect ratios or aligns adversarially with the
camera. Small rotation/scale probes can cause eigenvalue collapse: λmin(Σ

′
i) → 0

or λmax(Σ
′
i) → ∞, collapsing splats into lines or exploding them to cover the

screen. We quantify this via the condition number: κ(Σ′
i) =

λmax(Σ
′
i)

λmin(Σ′
i)
. Gaus-

sians with κ(Σ′
i) > 100 dominate the high-curvature eigenspace of Hq and Hs,

creating sharp loss ridges.
Opacity instability. Under sparse supervision, opacity αi often encodes

view-specific visibility. A Gaussian may adopt σ(αi) ≈ 1 to block certain train-
ing views while σ(αi) ≈ 0 elsewhere. This produces inconsistent transmittance
products Ti =

∏i−1
j=1(1 − α̃j) on novel views, causing ghosting artifacts. High

curvature in Hα indicates opacity-related fragility.
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These fragility axes share a common cause: the loss surface L(Θ) exhibits
steep gradients along fragile directions coexisting with flat regions elsewhere—
the directional anisotropy characterized by high A(Θ).

3.3 Attribute-Space Probing (ASP)

Attribute Probing Degree. ASP diagnoses rendering fragility by perturbing
Gaussian attributes in directions informed by local curvature. For each attribute
type ϕ ∈ {µ, q, s, α, f} (position, rotation, scale, opacity, appearance), we com-
pute the attribute curvature scale: τϕ =

√
tr(Hϕ)/dϕ, where Hϕ is the Hessian

sub-matrix for attribute ϕ and dϕ is its dimensionality (e.g., dµ = 3, dq = 4,
dα = 1). This root-mean-squared eigenvalue measures average curvature magni-
tude along the ϕ-manifold. The probe magnitude is set inversely proportional to
curvature:

ρϕ =
cϕ

τϕ + ϵ
, (5)

where cϕ is a global scaling constant (shared across all Gaussians for attribute
ϕ) and ϵ = 10−6 prevents division by zero. In steep regions (large τϕ), small ρϕ
prevents overshooting sharp gradients; in flat regions (small τϕ), large ρϕ enables
effective exploration.

We approximate tr(Hϕ) via Hutchinson’s estimator [12]:

tr(Hϕ) ≈
1

B

B∑
b=1

zTb Hϕzb, zb ∼ N (0, Idϕ
), (6)

where B random probes yield relative variance in the trace estimate. The Hessian-
vector product Hϕzb = ∇θ(ϕ)(∇θ(ϕ)L · zb) is computed via automatic differenti-
ation without explicit materialization of Hϕ. The same HvP operator is reused
in Power Iteration to estimate λmax(H) and λmin(H) for the anisotropy A.

Position Probing Direction. To diagnose depth ordering stability, we de-
compose the position gradient into depth and lateral components. Let vcam,i =
µi−tm denote the (unnormalized) ray from camera center tm to Gaussian i, with
unit direction v̂cam,i = vcam,i/∥vcam,i∥. The depth component is the orthogonal
projection of the gradient onto this viewing ray:

gdepth,i =
(∇µiLrecon)

Tvcam,i

∥vcam,i∥2
vcam,i =

(
(∇µi

Lrecon)
T v̂cam,i

)
v̂cam,i. (7)

The lateral component is the residual: glateral,i = ∇µiLrecon − gdepth,i.
We construct depth-biased probes using ρµ from Eq. (5), with depth-direction

weight γ = 0.7 to specifically stress occlusion boundaries where depth ordering
is most fragile:

ϵµ,i = ρµ
γ · gdepth,i + (1− γ) · glateral,i

∥γ · gdepth,i + (1− γ) · glateral,i∥
, (8)
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where γ ∈ (0.5, 1) emphasizes depth-direction perturbations (which alter sort-
ing rank in N (p)) over lateral perturbations (which only affect pixel coverage).
Setting γ = 0.7 (validated via ablation in Sec. 4.2) produces probes aligned with
the dominant failure mode.

Rotation and Scale Probing Direction. For rotation, we sample probes
in the tangent space of SO(3). Concretely, for each Gaussian i, we draw a per-
turbation ωi ∈ R3 from the Lie algebra so(3) and apply it via the exponential
map exp : so(3) → SO(3), then compose with the current rotation quaternion
via quaternion multiplication ⊗:

q′
i = qi ⊗ exp(ωi), ωi ∼ N (0, (ρq,i)

2I3), (9)

where exp(ω) ∈ R4 converts the axis-angle vector ω ∈ R3 to a unit quaternion,
and ⊗ denotes Hamilton quaternion multiplication. The per-Gaussian magnitude
ρq,i is adaptively scaled by the projection condition number:

ρq,i = ρq ·min

(
κ(Σ′

i)− 1

100
, 1

)
, (10)

where ρq is the base magnitude from Eq. (5) and κ(Σ′
i) = λmax(Σ

′
i)/λmin(Σ

′
i).

When Σi has extreme aspect ratios or aligns with the viewing direction, κ(Σ′
i) ≫

1 and projection becomes ill-conditioned—small rotation changes cause large
2D footprint variations. Larger probes for high-κ Gaussians force the model to
handle these near-degenerate cases.

For scale, we probe in log-space to preserve positivity of scale values:

s′i = si ⊙ exp(δs,i), δs,i ∼ N (0, ρ2sI3), (11)

where ⊙ denotes element-wise multiplication and exp(·) is applied element-wise.
Opacity and Appearance Probing Direction. For opacity, we probe

directly in logit space using ρα from Eq. (5). Since αi is the logit-space opacity
and gα,i = ∂Lrecon/∂αi is scalar, the normalized gradient direction reduces to
its sign:

α′
i = αi + ρα · gα,i

∥gα,i∥
= αi + ρα sign(gα,i). (12)

where σ(x) = 1/(1 + e−x) is the sigmoid. Probing in logit space guarantees the
perturbed opacity σ(α′

i) ∈ (0, 1) by construction, avoiding any evaluation of σ−1

at the boundary. For SH coefficients, we apply frequency-weighted probes using
ρf from Eq. (5):

f ′i = fi +

ℓmax∑
ℓ=0

wℓϵℓ, wℓ = ρf · (1 + ℓ/ℓmax), ϵℓ ∼ N (0, I2ℓ+1), (13)

where ℓ is the SH degree, 2ℓ + 1 is the number of coefficients in band ℓ, and
wℓ increases with frequency. Higher-frequency bands (ℓ ≥ 2) are more prone
to view-specific memorization; stronger probing (w3 = 2w0 for degree-3 SH)
prevents overfitting.
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Fig. 3: Overview of StableGS optimization pipeline. Total loss combines recon-
struction, attribute fragility, and viewpoint consistency terms.

Given these attribute-specific probes, we perturb all five attributes of all N
Gaussians simultaneously to form a single global perturbed configuration:

Θ̃ = {µi + ϵµ,i, q
′
i, s

′
i, α

′
i, f

′
i}Ni=1. (14)

This is not per-Gaussian or per-attribute probing; each ASP step therefore costs
only one additional rasterization rather than N ×5, with per-axis effects iso-
lated only for analysis in Sec. 4.2. We evaluate rendering loss at this probed
configuration using the standard 3DGS rasterizer (Eq. (1)):

LASP(Θ) =
1

M

M∑
m=1

L
(
Îm(Θ̃), Im

)
. (15)

Minimizing LASP avoids geometrically fragile configurations.

3.4 Viewpoint-Space Probing (VSP)

While ASP stabilizes rendering on training views, it does not prevent conver-
gence to view-specific sharp minima. Models can memorize training views while
occupying narrow, directionally fragile basins that fail on novel viewpoints. We
address this through viewpoint-space probing—sampling geometrically critical
poses to diagnose whether the model generalizes beyond training views.

For each camera Pm = {Rm, tm}, we construct a single composite novel view
Pk that integrates three geometric probing modes. Rather than applying every
probing mode independently, we combine them into one probe per training view,
maintaining computational efficiency while testing multiple geometric properties.

(1) Occlusion Boundary Rotation. We identify occlusion boundaries via
depth gradients. Let D̂m(Θ) be the rendered depth map. We compute the dom-
inant edge normal:

nedge,m =
∇D̂m

∥∇D̂m∥
, (16)
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which identifies directions perpendicular to occlusion boundaries where depth
ordering is most ambiguous.

(2) Viewpoint Interpolation/Extrapolation. To test geometry com-
pleteness, we sample a target pose via spherical linear interpolation (Slerp) with
a neighboring training camera Pn (the nearest camera in viewing direction). We
draw a single parameter ttarget ∼ U([tmin, tmax]) with tmin < 0 and tmax > 1,
shared by rotation and translation:

Rtarget = Slerp(Rm,Rn, ttarget), ttarget = (1− ttarget) tm + ttarget tn, (17)

where Slerp(Rm,Rn, t) = Rm(RT
mRn)

t interpolates along the geodesic path on
SO(3). A value ttarget ∈ [0, 1] yields interpolation (intra-view consistency), while
ttarget /∈ [0, 1] yields extrapolation (beyond the training convex hull); the two
regimes differ only in the sampled value.

(3) Parallax Translation. We compute a lateral translation perpendicular
to the viewing direction to maximize parallax on near-field objects:

tparallax = δ · t⊥,m, (18)

where t⊥,m is a unit vector perpendicular to viewing direction Rmez (with
ez = [0, 0, 1]T ) and δ ∼ N (0, (0.1rscene)

2) with scene radius rscene. For 360°
scenes, we instead sample on a spherical shell: tk = cscene + rmeanu, where
u ∼ Uniform(S2).

We integrate the three components into a single novel view:

Rk = Rtarget · exp(θ · nedge,m), tk = ttarget + tparallax, (19)

where θ controls the occlusion boundary rotation magnitude, and exp : R3 →
SO(3) is the exponential map from axis-angle representation to rotation matrix.

We generate K = M novel poses per iteration—one composite probe Pk per
training camera Pm. We render using both base parameters Θ and attribute-
probed parameters Θ̃ (from Eq. (14)):

Îk(Θ) = {C(p;Θ,Pk)}p, Îk(Θ̃) = {C(p; Θ̃,Pk)}p, (20)

where C(·) is the rasterization function from Eq. (1).
Unlike ASP which supervises against ground truth images, VSP measures

rendering consistency between base and probed configurations:

LVSP(Θ) =
1

K

K∑
k=1

[
ℓ1

(
Îk(Θ), Îk(Θ̃)

)
+ λSSIMLSSIM

(
Îk(Θ), Îk(Θ̃)

)]
. (21)

3.5 Manifold-Guided Optimization

As shown in Figure 3 and Algorithm 1, our complete objective combines recon-
struction accuracy, attribute-space fragility, and viewpoint-space consistency:

Ltotal(Θ) = Lrecon(Θ) + λASPLASP(Θ) + λVSPLVSP(Θ), (22)
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3DGS COR-GS StableGSDropGassuian GTFSGS

Fig. 4: Qualitative Results on LLFF [30] compared with other methods [16,36,57,61].
Our method achieves better view consistency.

3DGS COR-GS StableGSDropGassuian GTFSGS

Fig. 5: Qualitative Results on MipNeRF360 [2] compared with other methods [16,36,
57,61]. Our method excels in sparse-view scenarios with superior details.
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Fig. 6: Qualitative Results on DTU [14].

where Lrecon (Eq. (2)) ensures
photometric accuracy on training
views, LASP (Eq. (15)) measures
rendering fragility under attribute
probes, and LVSP (Eq. (21)) measures
viewpoint consistency.

4 Experiments

Datasets. We evaluate on three
benchmarks: LLFF [30], Mip-NeRF360 [2],
and DTU [14], following the standard
sparse-view protocols of [34, 54, 61].
For LLFF [30] we use 8× downsam-
pling (378 × 504), hold out every 8-
th image as a test view, and evenly
sample 3/6/9 input views from the re-
mainder. For DTU [14] we use 4× downsampling, the PixelNeRF/RegNeRF split
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Table 1: Quantitative comparisons on LLFF [30] with 3, 6, and 9 views.
Best, second-best, and third-best results are marked in red , orange , and yellow .

Methods
3-view 6-view 9-view

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

N
eR

F
-b

as
ed Mip-NeRF [2] 16.11 0.401 0.460 22.91 0.756 0.213 24.88 0.826 0.170

DietNeRF [13] 14.94 0.370 0.496 21.75 0.717 0.248 24.28 0.801 0.183
RegNeRF [34] 19.08 0.587 0.336 23.10 0.760 0.206 24.86 0.820 0.161
FreeNeRF [54] 19.63 0.612 0.308 23.73 0.779 0.195 25.13 0.827 0.160
SparseNeRF [48] 19.86 0.624 0.328 - - - - - -

3D
G

S-
ba

se
d

3DGS [16] 16.46 0.440 0.401 21.09 0.699 0.229 23.21 0.785 0.176
DNGaussian [20] 19.12 0.591 0.294 22.18 0.755 0.198 23.17 0.788 0.180
DropoutGS [53] 19.23 0.614 0.287 23.35 0.791 0.177 24.33 0.825 0.160
FSGS [61] 20.43 0.682 0.248 24.09 0.823 0.145 25.31 0.860 0.122
CoR-GS [57] 20.45 0.712 0.196 24.49 0.837 0.115 26.06 0.874 0.089
DropGaussian [36] 20.76 0.713 0.200 24.74 0.837 0.117 26.21 0.874 0.088
StableGS (Ours) 21.19 0.726 0.208 25.05 0.841 0.127 26.47 0.885 0.097

Table 2: Individual impact of each geometric fragility axis across all three
datasets. Position probing dominates, recovering ∼84% of the ASP-only gain on LLFF
by itself, confirming depth-sorting instability as the primary failure mode. The axes
are complementary but target partially overlapping instabilities.
ASP Component LLFF 3-view DTU 3-view Mip-NeRF360 12-view

PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

Baseline (3DGS) 16.46 0.440 0.401 14.74 0.672 0.249 18.52 0.523 0.415

+ Position only 18.92 0.582 0.312 18.35 0.765 0.189 19.31 0.552 0.391
+ Opacity only 17.85 0.538 0.348 16.98 0.725 0.218 19.02 0.541 0.401
+ Rotation/Scale only 17.52 0.512 0.365 16.42 0.708 0.228 18.89 0.536 0.406

Full ASP+VSP (StableGS) 21.19 0.726 0.208 20.86 0.848 0.130 19.98 0.580 0.368

with input IDs {25, 22, 28}, and evaluate on the 15 standard scenes within ob-
ject masks [34]. For Mip-NeRF360 [2] we use 8× downsampling with 12/24 input
views.

Implementation. We build on 3DGS [16], training for 10k iterations on
LLFF and DTU [14], and 30k on Mip-NeRF360 [2]. The global scaling constant
in Eq. (5) is set as cϕ = 0.01; all hyperparameters (λASP, λVSP, cϕ) are selected
on the LLFF validation split and applied without modification to DTU and
Mip-NeRF360. The Hessian trace estimator (Eq. (6)) uses B = 10 samples,
updated every 100 iterations. Loss weights: λASP = 1.0, λVSP = 0.5. We use
a single RTX 5090 GPU. We report PSNR, SSIM [49], and LPIPS [58], with
DTU [14] metrics computed within object masks.

Baselines. We compare against NeRF methods (Mip-NeRF [1], DietNeRF [13],
RegNeRF [34], FreeNeRF [54], SparseNeRF [48]) and 3DGS methods (3DGS [16],
DNGaussian [20], DropoutGS [53], FSGS [61], CoR-GS [57], DropGaussian [36]).

4.1 Main Results
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Methods
12-view 24-view

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

3DGS [16] 18.52 0.523 0.415 22.80 0.708 0.276
FSGS [61] 18.80 0.531 0.418 23.70 0.745 0.230
CoR-GS [57] 19.52 0.558 0.418 23.39 0.727 0.271
DropGaussian [36] 19.74 0.577 0.364 24.13 0.762 0.225
StableGS (Ours) 19.98 0.580 0.368 24.38 0.756 0.233

Table 3: Mip-NeRF360 [2] (12 &
24 views). Red / orange / yellow =
best/second/third.

LLFF [30]. Table 1 and Figure 4
show results across 3, 6, and 9
views. On 3-view LLFF [30], StableGS
achieves 21.19 dB PSNR, outper-
forming ensemble-based DropGaus-
sian [36] by 0.43 dB (21.19 vs 20.76
dB). Compared to depth-prior meth-
ods, we surpass DNGaussian [20] by
2.07 dB without external monocular supervision [40], validating that probe-
guided manifold optimization provides stronger geometric constraints than in-
jected priors. Superior LPIPS scores (0.208 vs 0.308 for FreeNeRF [54]) demon-
strate that smoother optimization manifold yield more physically plausible ge-
ometry.

Fig. 7: Optimization manifold diag-
nosis. Our probes cut the anisotropy in-
dex A (Eq. (3)) by 74%. Top-right: final
manifolds—StableGS forms a flat basin ver-
sus 3DGS’s elongated valley. Bottom: the
initial SfM manifold along the top Hessian
eigenvectors (green emax, blue e2), whose
sloped geometry motivates ASP/VSP.

DTU [14]. Table 5 and Figure 6
show results on object-centric scenes
with 3 views. StableGS achieves
state-of-the-art performance (20.86
dB PSNR, 0.848 SSIM, 0.130 LPIPS),
outperforming DropoutGS by 0.64 dB
and DNGaussian by 1.95 dB with-
out depth supervision. Against MVS-
NeRF [3] (18.54 dB), we achieve 2.32
dB improvement through per-scene
manifold diagnosis alone.

Mip-NeRF360 [2]. Table 3
and Figure 5 present results on
unbounded 360° scenes. StableGS
achieves 19.98 dB (12 views) and
24.38 dB (24 views), surpassing
DropGaussian by 0.24 dB and 0.25
dB respectively. Compared to CoR-
GS [57] co-regularization, our system-
atic probing provides more effective geometric constraints (19.98 vs 19.52 dB on
12 views).

4.2 Ablation Studies

Configuration Occlusion Interp/ Parallax LLFF [30] 3-view

Rotation Extrap Trans PSNR↑ SSIM↑ LPIPS↓
Occlusion only ✓ 19.87 0.658 0.276
Interpolation only ✓ 19.62 0.651 0.287
Parallax only ✓ 19.43 0.642 0.295

Occlusion + Interp ✓ ✓ 20.31 0.682 0.249
Occlusion + Parallax ✓ ✓ 20.18 0.675 0.258
Interp + Parallax ✓ ✓ 20.09 0.668 0.263

Full ✓ ✓ ✓ 21.19 0.726 0.208

Table 4: VSP component ablation.
Each row tests different combinations of the
three geometric probing modes.

Component Analysis. Table 6
presents ablation results on LLFF 3-
view. Starting from baseline (λASP =
λVSP = 0: 16.46 dB), ASP alone
(λASP = 1.0: +2.92 dB) diagnoses
attribute fragility on training views,
while VSP alone (λVSP = 0.5: +2.29
dB) diagnoses viewpoint fragility on
novel poses.
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Combined StableGS achieves 21.19 dB; on top of ASP, VSP contributes a
further +1.81 dB, confirming that effective manifold diagnosis requires probing
both attribute and viewpoint spaces. All hyperparameters are selected on the
LLFF validation split. Table 6 also confirms they transfer without modification
to DTU and Mip-NeRF360, with ±0.1 weight perturbations causing at most
0.13 dB degradation and ±0.01 magnitude perturbations causing at most 0.05
dB degradation.

Geometric Fragility Axes. Table 2 quantifies the individual contribution
of each fragility axis identified in Sec. 3.2. Position probing provides the largest
single-axis gain (+2.46 dB on LLFF, recovering ∼84% of the +2.92 dB ASP-only
gain by itself), confirming depth-sorting instability as the dominant failure in
sparse-view 3DGS. Opacity and rotation/scale probing contribute +1.39 dB and
+1.06 dB respectively. The axes are complementary but overlapping: the three
standalone gains sum to +4.91 dB while combined ASP yields +2.92 dB, indicat-
ing they target partially shared instabilities rather than acting independently.

Table 5: Quantitative comparison on
DTU [14]. Best, second, and third results
marked in red , orange , and yellow .

Method Setting
DTU [14]

PSNR ↑ SSIM ↑ LPIPS ↓
SRF [5] 15.32 0.671 0.304

PixelNeRF [55] 16.82 0.695 0.270
MVSNeRF [3]

Trained on DTU [14]
18.63 0.769 0.197

SRF ft [5] 15.68 0.698 0.281
PixelNeRF ft [55] 18.95 0.710 0.269
MVSNeRF ft [3]

Trained on DTU [14]
Fine-tuned per Scene 18.54 0.769 0.197

Mip-NeRF [1] 8.68 0.571 0.353
DietNeRF [13] 11.85 0.633 0.314
RegNeRF [34] 18.89 0.745 0.190
FreeNeRF [54] 19.92 0.787 0.182

SparseNeRF [48] 19.55 0.769 0.201
3DGS [16] 14.74 0.672 0.249

DNGaussian [20] 18.91 0.790 0.176
DropoutGS [53] 20.22 0.830 0.150
StableGS (Ours)

Optimized per Scene

20.86 0.848 0.130

Optimization Manifold Met-
rics. Figure 7 quantifies manifold
properties using the anisotropy in-
dex from Eq. (3). Compared to
3DGS (red curve), StableGS (green
curve) reduces anisotropy A by 74%,
confirming our hypothesis that ge-
ometric probes reshape directionally
anisotropic surfaces toward isotropic
basins. The top-right insets show the
final manifolds: StableGS forms the
most pronounced flat basin, contrast-
ing with 3DGS’s elongated valley. The bottom row shows the initial SfM-
initialized manifold (before training), whose sloped, basin-free geometry mo-
tivates ASP/VSP.

Viewpoint Probe Sampling. Table 4 validates our composite probe de-
sign. Individual modes yield 19.43–19.87 dB, while pairwise combinations im-
prove results to 20.09–20.31 dB. The full composite probe achieves the best per-
formance (21.19 dB), confirming occlusion boundaries, multi-view interpolation,
and depth-parallax consistency provide diagnosis.

4.3 Efficiency Analysis

Figure 8 plots per-iteration PSNR-vs-time trajectories. At the 9.7-min check-
point—the same wall-clock budget as vanilla 3DGS—StableGS already reaches
21.16 dB, exceeding the converged result of every baseline (DropGaussian 20.76
dB@11.8 min, CoR-GS 20.45@13.0, FSGS 20.43@12.5, DropoutGS 19.23@11.5,
DNGaussian 19.12@11.0); its own final result is 21.19 dB at 13.1min. Training
vanilla 3DGS out to 13.1min reaches only 16.51 dB, confirming the improvement
stems from the reshaped optimization manifold rather than extra compute.
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Table 6: Cross-dataset hyperparameter robustness. Blue : decreased value;
orange : increased value.

λASP λVSP cϕ
LLFF DTU Mip-NeRF360

3-view 6-view 3-view 6-view 12-view 24-view

Component Contributions (PSNR ↑)
0 0 - 16.46 21.09 14.74 18.32 18.52 22.80

1.0 0 0.01 19.38 (+2.92) 23.58 (+2.49) 18.20 (+3.46) 20.15 (+1.83) 19.12 (+0.60) 23.45 (+0.65)

0 0.5 0.01 18.75 (+2.29) 22.94 (+1.85) 17.85 (+3.11) 19.68 (+1.36) 18.89 (+0.37) 23.21 (+0.41)

1.0 0.5 0.01 21.19 (+4.73) 25.05 (+3.96) 20.86 (+6.12) 22.34 (+4.02) 19.98 (+1.46) 24.38 (+1.58)

Sensitivity: ±0.1 Loss Weights (cϕ = 0.01, selected on LLFF val. split)

0.9 0.5 0.01 21.06 (-0.13) 24.92 (-0.13) 20.78 (-0.08) 22.26 (-0.08) 19.89 (-0.09) 24.29 (-0.09)

1.0 0.5 0.01 21.19 25.05 20.86 22.34 19.98 24.38
1.1 0.5 0.01 21.11 (-0.08) 24.98 (-0.07) 20.82 (-0.04) 22.30 (-0.04) 19.94 (-0.04) 24.33 (-0.05)

1.0 0.4 0.01 21.08 (-0.11) 24.95 (-0.10) 20.81 (-0.05) 22.28 (-0.06) 19.91 (-0.07) 24.31 (-0.07)

1.0 0.6 0.01 21.13 (-0.06) 25.00 (-0.05) 20.84 (-0.02) 22.32 (-0.02) 19.95 (-0.03) 24.35 (-0.03)

Sensitivity: ±0.01 Probe Magnitude (λASP = 1.0, λVSP = 0.5)

1.0 0.5 0.009 21.14 (-0.05) 25.00 (-0.05) 20.84 (-0.02) 22.31 (-0.03) 19.95 (-0.03) 24.35 (-0.03)

1.0 0.5 0.01 21.19 25.05 20.86 22.34 19.98 24.38
1.0 0.5 0.011 21.16 (-0.03) 25.02 (-0.03) 20.85 (-0.01) 22.33 (-0.01) 19.96 (-0.02) 24.36 (-0.02)

9.7 11.0 11.8 13.1
Training time (min, RTX 5090)
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Fig. 8: Efficiency–performance trade-
off on LLFF [30] 3-view (single
RTX 5090). Per-iteration PSNR-vs-time;
the star marks StableGS at the vanilla
3DGS wall-clock budget (9.7 min), already
exceeding every baseline’s converged result.

In terms of cost-benefit, Sta-
bleGS achieves +4.73 dB over 3DGS
at 1.3× training time (4.73/1.3 =
3.64 dB per training-time factor), ver-
sus DropGaussian’s +4.30 dB at 1.2×
(4.30/1.2 = 3.58dB per factor)—a
higher absolute gain and a better ef-
ficiency ratio. Critically, inference in-
curs zero additional cost: ASP and
VSP are training-only, and the final
model is a standard 3DGS representa-
tion indistinguishable from the base-
line at render time.

5 Conclusion

StableGS reshapes the anisotropic optimization manifold toward isotropy via ge-
ometric probing. Identifying three geometric fragility axes, we propose ASP and
VSP to target rendering-specific instabilities, yielding +0.33/+0.64/+0.25 dB
PSNR on LLFF [30], DTU [14], and Mip-NeRF360 [2] with 74% anisotropy
reduction—a principled route to robust sparse-view reconstruction.
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