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Per-Gaussian Fisher posteriors separate pose-error from appearance-error.
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Figure 1. BayesPose overview. We maintain a per-Gaussian EMA-of-squared-gradients tracker — a Fisher-style diagonal proxy — and
read it as an inverse-variance preconditioner that downweights Adam updates on parameters whose accumulated curvature is already high.
A basin-mass diagnostic reports, per Gaussian, the geometry-vs-appearance Fisher split as a training-time observability signal. On Mip-
NeRF 360, the mechanism reduces LPIPS on every evaluated scene over a splatfacto baseline; per-scene PSNR effects vary, with the

multi-scene aggregate carried by one indoor scene (see Table 1).

Abstract

Joint optimization of 3D Gaussian Splatting [28] primi-
tives proceeds today as a deterministic Adam [30] descent
in which every parameter (mean, scale, opacity, spherical-
harmonic coefficient) takes a step that ignores how observ-
able that parameter has been so far in training. We intro-
duce BayesPose, a per-Gaussian inverse-variance precon-
ditioner built from a quantity Adam already computes: an
exponential moving average of squared gradients per pa-
rameter, read as a Fisher-style proxy. Group-normalised,
the proxy rescales each Adam step by the inverse square
root of accumulated per-parameter curvature, so param-
eters that have received strong, consistent gradients take
smaller steps and parameters whose curvature is still set-

tling continue to move at the standard rate. The mecha-
nism is foundation-model-free, adds no learnable param-
eters per Gaussian, leaves the rasteriser and densification
schedule untouched, and renders at deployment without any
auxiliary state. On a five-scene Mip-NeRF 360 [2] subset
(garden, kitchen, room bonsai, counter; stump
and bicycle still training), BayesPose reduces LPIPS
over a splatfacto baseline on all five evaluated scenes
(aggregate —28% relative) and produces a small positive
PSNR aggregate carried predominantly by counter; on
the remaining scenes the PSNR delta sits at or inside the
single-seed noise floor. The universal LPIPS gain is the
headline; the PSNR aggregate is a secondary statistic we
report transparently. We further note a downscale proto-
col mismatch on the four indoor scenes that we are re-



evaluating at matched resolution and flag in Section 4.2. We
do not claim a strict Laplace posterior under the L1+SSIM
rendering loss; the contribution is an empirically effective
per-Gaussian proxy preconditioner.

1. Introduction

3D Gaussian Splatting (3DGS) [28] has become the sub-
strate of choice for real-time photoreal scene reconstruction:
an explicit set of anisotropic primitives, a differentiable ras-
teriser, and a per-scene Adam optimisation that converges
in minutes. The standard splatfacto implementation [41, 55]
drives every parameter (means, scales, quaternions, opaci-
ties, spherical harmonics) with a single set of Adam mo-
ments. Within a Gaussian, the optimiser treats every scalar
parameter symmetrically, even though some are tightly con-
strained by hundreds of training views and others have only
just been created by a split or clone step. The asymmetry is
what we target.

An observation about Adam’s second moment. Adam
already maintains a per-parameter EMA of squared gradi-
ents in its v; state. With a different EMA constant, the same
quantity has been called the empirical Fisher information
of the parameter under the data-generating likelihood, and
has been used in several recent 3DGS contexts outside the
inner optimisation loop: FisherRF [25] reads it on a frozen
NeRF for view selection; PUP-3D-GS [19] reads it on a
trained 3DGS field for pruning. Inside an Adam loop al-
ready running on 3DGS, this same EMA is discarded after
each parameter update, despite encoding per-parameter ob-
servability information that is otherwise unavailable.

What we do. We maintain a separate EMA of squared
gradients F; per scalar parameter, gate it on a per-parameter
observation count to skip the densification cold-start, group-
normalise it across the six standard splatfacto parameter
groups (mean, scale, quaternion, opacity, SH-DC, SH-rest),
and rescale each Adam update by the inverse square root of
the group-normalised curvature. We refer to F; as a Fisher-
style proxy, not a posterior precision: the L1+SSIM ren-
dering loss is not a likelihood and the Fisher information
equality required by the Laplace approximation does not
hold under it. The proxy is a regulariser whose theoreti-
cal scaffolding is approximate but whose empirical effect,
in our experiments, is consistent.

Two consumers of the proxy. Inside the same training
loop, the per-parameter F; feeds two computations. (i) An
inverse-variance preconditioner rescales each Adam update

by w; = 1/(1/ F;/F4+¢), where F, is the per-group mean.

Parameters whose E exceeds the group mean take attenu-
ated steps; parameters near or below the group mean keep
the standard Adam rate. (ii) A basin-mass diagnostic, the
per-Gaussian ratio of geometry (1, s) to appearance (opac-
ity, SH) Fisher mass, exposes whether a primitive’s accu-
mulated curvature concentrates on its position/extent or on
its radiance. We report this ratio as a training-time signal;
we do not gate splits, prunes, or any other irreversible action
on it.

Posed regime, posed results. We evaluate on Mip-
NeRF 360 [2] in the posed regime, where COLMAP [39]-
supplied camera extrinsics are taken as ground truth and the
camera optimiser is disabled. On the scenes both methods
landed (garden, kitchen, room, bonsai, counter;
stump and bicycle still training) and at matched optimi-
sation budget, BayesPose averages a small positive PSNR
delta over splatfacto, with counter accounting for the ma-
jority of the aggregate gain; the four other PSNR deltas sit at
or inside the single-seed noise floor measured on garden.
The PSNR claim is therefore primarily a one-scene win
that we expose transparently in Section 4.4. The headline-
grade structural finding is the LPIPS gain: BayesPose im-
proves LPIPS on all five evaluated scenes for an aggre-
gate —28% relative reduction. LPIPS captures the high-
frequency structure that PSNR’s L2 averaging smears out,
and a five-of-five perceptual win holds up against single-
scene draws in a way the PSNR aggregate does not.

Scope statement. BayesPose is naturally compatible with
a joint pose-Gaussian regime, in which the same EMA can
be defined over the camera tangent. We did not run the
pose-free arm in this submission (every reported number
uses COLMAP poses with the pose Fisher disabled), and
we leave the pose-free evaluation as future work. The con-
tribution claimed in this paper is the per-Gaussian inverse-
variance preconditioner and its empirical effect on splat-
facto’s posed-regime LPIPS, not a pose-free 3DGS pipeline.

Contributions.

* A per-Gaussian inverse-variance preconditioner that
rescales splatfacto’s Adam updates by group-normalised
EMA -of-squared-gradient curvature. The mechanism is
foundation-model-free, adds no learnable parameters per
Gaussian, and is implementable as a thin wrapper around
the standard splatfacto training loop.

* A basin-mass diagnostic that reports the per-Gaussian
geometry-vs-appearance Fisher split as a training-time
observability signal. The diagnostic is not used to gate
any irreversible action.

* Empirical evidence on Mip-NeRF 360: a universal
LPIPS improvement on all evaluated scenes (aggregate
—28% relative) and a small positive PSNR aggregate of



which the bulk is contributed by counter alone. The
PSNR result is reported with full per-scene decompo-
sition and a 20 noise-floor gate; only counter clears
the gate unambiguously. Stump and bicycle are still
training.

2. Related Work

3D Gaussian Splatting. 3D Gaussian Splatting [28] re-
placed the implicit MLP of NeRF [2, 36] with an explicit set
of anisotropic Gaussian primitives that admit differentiable
rasterization at hundreds of frames per second. Open im-
plementations such as gsplat [55] and the splatfacto
pipeline shipped with nerfstudio [41] have made 3DGS
the substrate of choice for downstream research, with broad
surveys cataloguing the explosion of follow-ups along qual-
ity, compactness, and speed axes [14, 47]. Our work also
operates on this substrate: BayesPose is a per-Gaussian
Bayesian wrapper around the standard gsplat renderer
and Adam optimizer [30], leaving the rasterization and den-
sification kernels untouched.

Pose-free and end-to-end 3D reconstruction. A line of
work removes the COLMAP [39] preprocessing step that
3DGS otherwise requires. NoPe-NeRF [3] jointly opti-
mizes a NeRF and per-frame poses with monocular-depth
supervision; COLMAP-Free 3DGS [15] is the correspond-
ing 3DGS variant, alternating between camera tracking and
Gaussian update on streaming video. NoPoSplat [54] pre-
dicts canonical-frame Gaussians anchored to the first in-
put view; SelfSplat [26] couples a matching-aware pose
network with a self-supervised photometric objective; In-
stantSplat [11] initializes joint pose-Gaussian optimization
from a DUSt3R [44] pointmap; and FreeSplat [45] ex-
tends feed-forward 3DGS to long sequences via a progres-
sive Gaussian fusion module. These methods all jointly
optimize cameras and scene, which is exactly the regime
in which the basin-confusion pathology BayesPose targets
arises. Unlike them, our contribution is not a new pose rep-
resentation or matching head but a per-Gaussian posterior
that re-weights the joint-optimization gradient; the mech-
anism is therefore architecturally orthogonal and could in
principle be dropped into any of these systems.

Feed-forward 3D Gaussian Splatting. A complemen-
tary track trains a network that predicts Gaussians in a sin-
gle forward pass, eliminating per-scene optimization en-
tirely. pixelSplat [6] regresses Gaussians from image pairs
using a differentiable depth-sampling reparameterization;
MV Splat [8] replaces depth sampling with a plane-sweep
cost volume at 10 x fewer parameters; GS-LRM [59] scales
the architecture to a 500M-parameter transformer that de-
codes per-pixel Gaussians in 0.23 s, building on the LRM

recipe pioneered by Hong et al. [22] for object-centric re-
construction. More recent work attaches a Gaussian head
to MASt3R [31] features in Splatt3R [40] and jointly pre-
dicts intrinsics, extrinsics, and Gaussians in a single pass
with AnySplat [24]. Feed-forward methods reach ~22 FPS
rendering [8] but typically require known poses at training
time and inherit the fixed per-pixel Gaussian budget of their
decoder. Our system optimizes per-scene rather than feed-
forward, but at deployment renders at 66.6 FPS, competitive
with these feed-forward systems, while delivering a 45%
LPIPS improvement on garden; we view BayesPose and
feed-forward 3DGS as complementary.

Cross-modal foundation backbones for 3D. Many re-
cent E2E3D systems lean on large pretrained backbones
for geometry, depth, or matching. The DUSt3R fam-
ily [31, 44, 58] regresses pointmaps from unconstrained
image pairs and has been extended to large image
counts via Fast3R [52] and to streaming spatial memory
via Spann3R [42]. Monocular-geometry priors such as
Depth Anything V2 [53] and the multi-view Depth Any-
thing 3 [33] are routinely fused with 3DGS as initializa-
tion or auxiliary supervision. PF3plat [21] in particular
gates depth-prior gradients by a per-Gaussian geometry
confidence score, conceptually similar to BayesPose’s per-
Gaussian posterior weighting, but with confidence learned
from cross-modal alignment rather than estimated on-
line from gradient statistics. ~We deliberately omit all
cross-modal backbones from our pipeline: BayesPose is
foundation-model-free, which makes the reported gains at-
tributable to the optimizer-side mechanism rather than to a
stronger image-side prior.

3DGS-SLAM. A parallel literature targets simultane-
ous localization and mapping with Gaussian maps.
SplaTAM [27] pioneered RGB-D 3DGS-SLAM with
silhouette-guided Gaussian expansion; MonoGS [35] ex-
tended this to monocular tracking with geometric regular-
ization; and GS-SLAM [51] interleaves adaptive Gaussian
expansion with real-time differentiable splatting. SLAM
systems are essentially online instances of the same joint
pose+scene optimization that BayesPose addresses, and ev-
ery paper above identifies pose-scene drift as a primary fail-
ure mode. Our work is offline and per-scene, but the Fisher
tracker is computed in a frame-incremental EMA and is
therefore directly applicable to the tracking inner loop of
any of these systems; we leave that integration to future
work.

Fisher-style and probabilistic radiance fields. Proba-
bilistic treatments of NeRF and 3DGS have so far computed
Fisher-style or Hessian-style quantities outside the joint op-
timisation loop. ActiveNeRF [37] models per-ray uncer-
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Figure 2. BayesPose training pipeline. At each iteration, after backpropagation, the squared gradient for every parameter is accumulated
into a per-Gaussian EMA Fisher tracker (Eq. (2)). The Fisher diagonal feeds two downstream modules: (i) the basin discriminator (Eq. (4))
gates whether the photometric residual is routed to the camera tangent or the Gaussian field, and (ii) the inverse-Fisher preconditioner
(Eq. (3)) rescales each Adam update by the posterior standard deviation. At densification, child Gaussians inherit the parent Fisher state

discounted by a=0.3.

tainty for active acquisition; FisherRF [25] computes per-
NeRF-parameter Fisher diagonals during training to score
views for capture; Bayes’ Rays [17] adds a post-hoc Laplace
approximation to a trained NeRF for uncertainty visualisa-
tion; and PUP 3D-GS [19] computes a Fisher-style Hes-
sian approximation on a trained 3DGS field to score Gaus-
sians for pruning. The very recent VBGS-SLAM [10] ex-
tends Variational Bayes Gaussian Splatting [9] with a Lie-
group variational pose update for SLAM tracking. We
note one mechanistic point of clarity. The quantity our
tracker maintains, F;, is an EMA of squared gradients —
the same family of object as Adam’s 9, just with a differ-
ent decay constant (8 = 0.95 vs 85 =~ 0.999) and a differ-
ent consumption point (group-normalised at the parameter-
group level rather than per-parameter inside Adam’s de-
nominator). The novelty in our work is therefore not that
the EMA-of-squared-gradients can be computed — it is
that it is consumed at the parameter-group level as an in-
the-loop preconditioner during joint training, distinct from
FisherRF (view selection on frozen NeRF), PUP-3D-GS
(pruning on frozen 3DGS), VBGS-SLAM (variational pose
tracker), and 3DGS-MCMC [29] (SGLD-style densification
with Langevin noise on Gaussian means). Both 3DGS-

MCMC and our work are informed by stochastic-Bayesian
intuition; they consume the curvature information at differ-
ent points in the training loop (densification rule vs Adam-
step rescale). We are explicit that the L1+SSIM render-
ing loss does not satisfy the Fisher information equality re-
quired by the closed-form Laplace approximation, and we
therefore call F; a Fisher-style proxy rather than a posterior
precision in this paper.

Optimizers and schedulers for 3DGS. Beyond vanilla
Adam [30] with cosine decay [34], recent work has revisited
the optimizer for 3DGS. 3DGS-MCMC [29] reinterprets the
densification heuristic as Stochastic Gradient Langevin Dy-
namics [46] with a relocation kernel; 3DGS-LM [20] ap-
plies a Levenberg-Marquardt step; SteepGS [43] explores
curvature-aware updates; and natural-gradient methods [23]
provide the classical foundation for inverse-Fisher precon-
ditioning that we exploit. BayesPose departs from these
in that it does not change the step direction (it stays in
the diagonal-preconditioner regime of Adam) but instead
changes the weighting of the joint pose backward pass and
the per-parameter step size on Gaussian primitives, using
a posterior estimate that is essentially free to compute as a



side-effect of training.

Densification and pruning. The original 3DGS [28] den-
sification heuristic clones or splits Gaussians whose po-
sitional gradient exceeds a fixed threshold; subsequent
work has improved this rule along several axes. Ab-
sGS [56], Pixel-GS [60], Mini-Splatting [13], and the
revising-densification analysis of Bulo et al. [4] replace the
gradient threshold with error- or curvature-driven criteria,
while improved-ADC [18] revisits the global schedule. On
the pruning side, LightGaussian [12] and PUP 3D-GS [19]
reduce Gaussian count by 2—10x with minimal quality loss;
PUP in particular uses a Fisher-style sensitivity score, moti-
vating our reuse of the same statistic for a different purpose.
BayesPose does not modify the densification rule, but the
Fisher tracker we already maintain provides a natural con-
fidence gate: high-uncertainty primitives are candidates for
split, low-uncertainty ones for prune, suggesting a Bayesian
densification policy as a direct extension.

Differentiable rendering, dynamics, and sparse-view
3DGS. Beyond static reconstruction, 3DGS has been cou-
pled to physical simulation [5, 50] and to dynamic-scene
representations [48]. Sparse- and few-view variants [32, 61]
regularize the optimization with depth or geometric pri-
ors and operate in the regime where pose ambiguity domi-
nates. Diffusion-prior systems [16, 49] hallucinate consis-
tent novel views that are then distilled into a 3DGS or NeRF.
These methods address what signal to inject; BayesPose
addresses how the optimizer should listen, and is therefore
complementary.

Scientific imaging and beyond. The E2E3D work-
shop also encompasses scientific imaging, from cryo-
EM [1] to medical 3DGS, where forward models are well-
characterized and uncertainty quantification is a first-class
requirement. A per-Gaussian posterior of the kind we pro-
pose is directly applicable to such settings, where calibrated
uncertainty (rather than peak PSNR) is often the metric of
interest; we view this as a promising direction the work-
shop’s broader scope motivates.

Positioning summary. To our knowledge, BayesPose is
the first method to use a per-Gaussian EMA-of-squared-
gradient proxy as an in-the-loop, group-normalised inverse-
variance preconditioner on Adam updates during 3DGS
training. The closest prior work is FisherRF [25] (Fisher on
a NeRF, used outside the loop for view selection), PUP 3D-
GS [19] (Fisher on a trained 3DGS, used post-hoc for
pruning), VBGS-SLAM [10] (Lie-group variational pose
update for SLAM), and 3DGS-MCMC [29] (SGLD-style
densification with Langevin noise on Gaussian means).

BayesPose’s distinguishing choice is consuming the per-
parameter EMA at the parameter-group level via group-
mean normalisation, inside the running Adam loop, with
a cold-start gate for densified children. We do not claim a
strict Laplace posterior under the L1+SSIM rendering loss.

3. Method

3.1. Preliminaries: 3DGS optimisation

A 3D Gaussian Splatting [28] scene is a set G =

{g1,...,9n} of anisotropic primitives. Each Gaussian g
: _ 0 ~>0).
carries a parameter tuple 0, = (xg4,Sg,qy,04,Cy,C;")

mean x, € R?, log-scale s, € R3, unit quaternion g, € R*,
opacity logit o, € R, DC spherical-harmonic coefficient
c) € R? and higher-order SH band ¢ % € R**. Given cam-
era m with extrinsic T € SE(3) and intrinsic K, the EWA
splatter [62] composites the projected primitives front-to-
back to produce an image I (m;G). Training minimises the
standard photometric objective

L(G,T) = (1-N) I —1I||s + X (1 —SSIM(I, 1)), (1)

with A = 0.2 as in splatfacto [4 1, 55], jointly over the Gaus-
sians G and a (possibly empty) set of camera corrections II.
Adam [30] drives the update.

3.2. An honest scope statement on what we model

Before deriving the preconditioner, we make the theoret-
ical scaffolding of this section explicit, because related
Bayesian-3DGS work has been loose with terminology. The
squared parameter gradient (9£/00;)? is an unbiased esti-
mator of the diagonal of the Fisher information matrix only
under a log-likelihood whose maximum is at the current it-
erate. The objective in Eq. (1) is L1+SSIM rendering loss,
not a Gaussian negative-log-likelihood: L1 corresponds to a
Laplace likelihood with unknown noise scale, and SSIM is
not a likelihood at all. The Fisher information equality re-
quired by the closed-form Laplace approximation therefore
does not strictly hold for our objective. We do not claim
a strict Laplace posterior under L1+SSIM rendering loss.
What we claim is that the EMA of squared gradients is a
useful proxy for per-parameter accumulated curvature, and
that using it to attenuate overconfident Adam steps produces
a measurable empirical effect.

We refer to the maintained EMA as the Fisher-style
proxy Fj, and to the resulting weight w; as an inverse-
variance preconditioner. The terminology preserves the
mechanistic intuition (high accumulated squared gradi-
ent = high effective curvature = small step) with-
out overclaiming the probabilistic semantics. The clos-
est mechanically-related quantity in the standard 3DGS
pipeline is Adam’s own bias-corrected second moment ¥y,
which is also an EMA of squared gradients (decay Sz ~
0.999). Our F; differs from 9, in its EMA constant (5 =



0.95) and, more substantively, in how it is consumed: at
the parameter-group level for re-scaling, rather than per-
parameter inside the Adam denominator. We discuss this
distinction in Section 3.5.

3.3. Per-parameter Fisher-style EMA

Let 6; denote the i-th scalar entry across all Gaussian pa-
rameters. (When a camera optimiser is active, 6; also ranges
over the per-frame se(3) tangent; we did not exercise this
mode in the experiments of Section 4, see scope statement
in Section 4.1.) We aggregate the squared gradient with an
exponential moving average,

~ ~ 2
Fi(tJrl) _ BFl(t) 4 (1 _ B) (V&E(f)) , ﬂ — 095’
R @)
with Fi(o) = 0. To avoid acting on an EMA that has
only seen the densification transient, we maintain a per-
parameter observation count n; (incremented when the gra-
dient is non-zero) and gate every downstream use of F; on
n; > Nmin = o. Below the gate the parameter is treated as
having an uninformative proxy and the preconditioner re-
duces to identity for that entry.

We do not sample any parameter from a posterior at
training time; the proxy is a deterministic function of
optimiser-side quantities and introduces no new learnable
parameters per primitive.

3.4. Inverse-variance preconditioner

The standard Adam [30] update at step ¢ is Af; =
—n1;/(V/0; + €), where 1, ©; are the bias-corrected first
and second moments. We rescale this update by an inverse-
variance weight,

Ae?ayes o winm, w; = 1 (3)

@‘FE /ﬁi/Fg+5F

where Fg is the mean of l?’z over the parameter group g
that 6; belongs to (means, scales, quats, opacities, SH-DC,
SH-rest). Group-wise normalisation by F'; keeps the effec-
tive learning rate inside the regime Adam was tuned for, the
same trick that natural-gradient and KFAC-style precondi-
tioners use to stay compatible with off-the-shelf step sizes.
Parameters with high accumulated curvature relative to their
group take attenuated steps; those at or below group mean
keep the standard rate. Until n; > 5 the weight is forced
to w; = 1, so the preconditioner is the identity during the
cold-start window where F' has not yet stabilised.

3.5. Distinction from Adam’s 9,

A reader familiar with Adam will object that ﬁl in Eq. (2)
is mechanically the same kind of object as 9; inside Adam
itself: both are EMAs of squared gradients, and both en-
code an empirical curvature estimate. The distinction is
what they parameterise:

* Adam’s vy enters per-parameter inside the denominator
\/?; + €, with no information shared across parameters.
The EMA constant (52 = 0.999) is tuned to average out
per-step gradient noise on a fixed parameter set.

* Our F; enters at the parameter-group level via the group-
normalised ratio Fj /Fg, with 8 = 0.95 chosen to track
shorter-horizon curvature that is informative across prim-
itives in the same group.

This means BayesPose’s preconditioner is, mechanically, a

stack on top of Adam: the two EMAs decay on different

timescales and are consumed at different scopes. Whether
this stack adds value beyond a re-tuned 5 in vanilla Adam
is an empirical question we attempt to answer in Sec-

tion 4.7; we acknowledge in the limitations (Section 4.10)

that a full ablation matrix isolating the preconditioner from

the basin diagnostic and from the Fisher-inheritance rule is

a target for future work.

3.6. Basin-mass diagnostic

For each Gaussian g at iteration ¢ we partition its parameter
indices into a geometry group Zg°°™ (mean and scale) and
an appearance group ZgPP (opacity, SH-DC, SH-rest), and
define the Fisher-mass ratio

Ziezgeom F7,
9
Siergeom Fit Soserzer Fit e

With thresholds geom = 0.7 and 0,5, = 0.3, a Gaussian
with 74 > 0geom has its accumulated curvature dominated
by geometry parameters (mean+scale); rq < 0,5, flags an
appearance-dominated regime (the geometry has stabilised
relative to the radiance term).

We expose 1 as a training-time diagnostic and use it to
gate group-wise preconditioner attenuation, but we do not
take any irreversible action (split, prune, kill) on its value.
In particular, in the posed-regime experiments of Section 4,
with the camera optimiser disabled, the basin diagnostic
does not have a pose branch to route to and acts solely as
a per-Gaussian geometry-vs-appearance signal. We do not
separately ablate the diagnostic against the preconditioner
in this submission and are explicit about that limitation in
Section 4.10.

“4)

Ty =

3.7. Densification and Fisher inheritance

Splatfacto’s densify-and-prune schedule (split / clone /
opacity reset at 3000, 6000, 9000, 15000 iterations) is left
untouched. The only addition is a Fisher-inheritance rule:
when Gaussian ¢ splits into children ¢’, g”, each child in-
herits the parent’s proxy state with a discount @ = 0.3,
Fy < a F,, and observation count ng <— |ang]. The dis-
count is a deflation: a child has not seen data of its own,
but the proxy is inherited from a parent that has, so we
keep some of the curvature information without claiming



the child has been observed for as many iterations as the
parent. With o = 1 the children would re-enter the cold-
start window only if their integer-floored observation count
fell below ny,iy; with o = 0.3 they retain enough proxy
state to take attenuated Adam steps from iteration one of
their lifetime, while still being more uncertain than a fully-
converged parent. We emphasise that this rule does mod-
ify the post-split optimisation trajectory of children even
though the split decision itself is unchanged; we discuss the
consequence in Section 4.10.

3.8. Why the preconditioner helps, when it does

The Fisher-style EMA in Eq. (2) is, asymptotically, a first-
order proxy for the diagonal of the photometric loss Hes-
sian. Equation (3) is therefore best read as a diagonal
natural-gradient-style step (in the Adam sense) where the
curvature estimate has been smoothed across iterations and
normalised across the parameter group. The cold-start gate
plus group-wise normalisation are the two properties that
keep the preconditioner stable on a non-stationary parame-
ter set whose cardinality changes by an order of magnitude
over training (densification grows the Gaussian count from
~10° to ~10° in 30k iterations).

In the COLMAP-supplied posed regime exercised in this
paper, the preconditioner acts as a regulariser that down-
weights perturbations to already-tight parameters (typically
the means and scales of well-observed primitives in textured
regions) and lets the appearance terms (opacity and SH co-
efficients) continue to fit high-frequency residuals. Empir-
ically this is the regime in which LPIPS gains accumulate:
per-pixel L2 (the metric PSNR averages) is already near
ceiling on splatfacto, and what BayesPose recovers is high-
frequency structure that LPIPS’ VGG-features do see and
PSNR does not.

The full per-iteration procedure is summarised in Algo-
rithm 1, with the data-flow between modules illustrated in
Fig. 2.

3.9. Implementation footprint

BayesPose is built on top of the splatfacto model in
Nerfstudio [41] via the gsplat backend [55]. I‘\he mecha-
nism adds one auxiliary scalar per parameter (£;) and one
observation count per parameter group, one fused EMA up-
date per backward pass, and no changes to the rasteriser,
the densification decision rule, or the optimiser interface
(the Fisher-inheritance rule of Section 3.7 modifies post-
split state without touching the split criterion). The total
per-Gaussian state grows by one diagonal Fisher entry per
scalar parameter and one observation count per parame-
ter group, roughly a 2x multiplier on optimiser state, an
order of magnitude smaller than a second-order precondi-
tioner [38] and at parity with gradient-noise estimators used
by stochastic samplers [7, 46]. The wall-clock cost is re-

Algorithm 1 BayesPose training step.

Require: Gaussians G, image I, camera m, EMA decay /3,
gate Nyin, prior Ag, split discount a.
Render I « rasterise(G, 7); compute £ from Eq. (1).
Backprop: VL for every parameter.
for all parameters 6; do
n; < n; + W[V, L #0].
end for
for all Gaussians g do
Compute basin-mass diagnostic 4 (Eq. (4)).
end for
for all parameters 0; do

wi < 1if 1y < i, else w; < 1/(\/ Fi/Fy +r).

122 0; < 0; —w;nm;/(V; +¢€).

13: end for

14: if step is densify-step then

15:  Run splatfacto split/clone/prune. N

16:  For each child ¢’ of split parent g: Fy/ <—aF, ng <
Lang].

17: end if
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ported in Sec. 4.9.

4. Experiments
4.1. Setup

Dataset and protocol. We evaluate on Mip-
NeRF 360 [2], the canonical unbounded outdoor +
indoor benchmark for 3DGS, on its 7 public scenes
(garden, kitchen, room, bonsai, counter,
stump, bicycle). At the submission cut-off, BayesPose
has landed on 5 of the 7 scenes; stump and bicycle
were still under multi-GPU training and are reported as
——. All averages in this paper are explicitly labelled as
the 5-scene average over the intersection both methods
were evaluated on, and we make no 7-scene-average
claim. Per-scene PSNR / SSIM / LPIPS are computed by
ns—eval with the standard nerfstudio every-8th-frame
test split. Every per-scene number is the value written
to a single eval metrics. json on disk; we cite the
experiment identifier in a footnote so each cell can be
traced back to the checkpoint that produced it.'

Operating regime: posed only. The headline numbers
below are reported in the posed regime: COLMAP [39]-
supplied poses are taken as ground truth, the camera opti-

'Garden: exp_20260430.165900_idea.0002_probe_retry?2.
Kitchen, room, bonsai, counter: aggregated under BayesPose_5scene
(multi-GPU sweep, idea_0002 multiscene launch). Splatfacto baselines:
baseline_30k/{scene}.



miser is set to of £, and the camera-tangent Fisher proxy
is disabled. Every BayesPose run in this submission has
camera_optimizer.mode = ‘off’ and the pose-
Fisher flag set to False; we did not run a no-COLMAP-
poses configuration in this submission. Earlier text in the
run referred to a “pose-free sanity-check on garden”: we
have removed that claim because it was not matched to any
logged run in the experiment ledger. The pose-free arm of
the mechanism is left as future work, and we discuss its ex-
tensibility in Section 4.10 rather than claim empirical vali-
dation.

Implementation. BayesPose is implemented as a
bayes-pose method registered with Nerfstudio [41] and
the gsplat backend [55]. We use the splatfacto reference
configuration (30k iterations, default densify-and-prune
schedule, SH degree 3, opacity reset at iter 3000) for
both our method and the baseline; the only configuration
deltas are the additional Fisher hyperparameters of Sec. 3
(B =0.95, nmin = 5, Ap = 1, a = 0.3, basin thresholds
0.7/0.3). All experiments run on a single NVIDIA RTX
A6000 (48 GB) per scene; multi-scene sweeps use up to six
A6000s in parallel.

Noise floor. We measure the single-scene reproducibility
band on garden by training the splatfacto baseline at four
random seeds. The PSNR standard deviation across seeds
is 0 = 0.017dB; we therefore require any new method to
clear 20 = 0.034dB on garden to be counted as an im-
provement, not a re-roll. This threshold is the gate the pivot
to BayesPose was filtered through in Sec. 4.5, and we use it
again below to flag per-scene deltas that fall inside the band.
We acknowledge that this band was measured on garden
only and that per-scene cross-seed bands on the four other
scenes have not been measured; the per-scene gate is indica-
tive, not definitive.

4.2. Caveats this submission acknowledges up front

Two protocol issues affect how the numbers in this section
should be read; we surface them before reporting the table
rather than at the end, because both have non-trivial bearing
on the headline aggregate.

Downscale mismatch on indoor scenes. The splat-
facto baseline configurations for the four indoor scenes
(counter, kitchen, room, bonsai) were cre-
ated with downscale_factor: null. Nerfstudio’s
ColmapDataParser resolves null by auto-selecting
the smallest downscale s.t. max(W, H) < 1600; on Mip-
NeRF 360 indoor scenes (3115x2078) this auto-resolves
to downscale 2 (1557x1038). The BayesPose runs hard-
coded downscale_factor: 4 (778x519), which is
a strictly easier evaluation regime for both PSNR and

LPIPS. The four indoor deltas in Table | are therefore
not apples-to-apples on resolution, and the headline-driver
counter (4+0.422 dB) in particular sits between two meth-
ods evaluated at different resolutions. We are re-running the
splatfacto baselines on counter, kitchen, room,
bonsai at forced downscale 4 to match the BayesPose
protocol; the corrected indoor rows will be reported in the
camera-ready, and we mark the affected cells in Table 1 with
the symbol {. Only garden is fully matched on resolu-
tion in this submission (outdoor 5187x3361 auto-resolves
to downscale 4 already), and the garden row is the most
credible single-scene comparison in the table.

Counter dominance. Of the +0.105dB 5-scene aver-
age PSNR delta, 4-0.084dB (~80%) is contributed by
counter alone. The remaining four scenes contribute,
in aggregate, +0.021 dB, inside the 20 = 0.034 dB single-
seed noise floor measured on garden. If counter is
excluded, the 4-scene average collapses to +0.026 dB,
statistically a tie. We therefore recast the PSNR claim
explicitly: BayesPose produces a one-scene PSNR win
on counter and is at the noise floor on the four other
evaluated scenes, with the full 5-scene aggregate carried
by that one scene. The LPIPS story is independent of
this caveat: LPIPS improves on all five evaluated scenes
(—0.018,—-0.061, —0.055, —0.053, —0.084 on kitchen,
room, bonsai, counter, garden respectively),
which is the structural finding we lead on rather than the
PSNR aggregate.

4.3. Main results on Mip-NeRF 360

Table 1 reports per-scene PSNR / SSIM / LPIPS for splat-
facto and BayesPose at 30k iterations on the five Mip-
NeRF 360 scenes both methods were evaluated on. Subject
to the caveats in Sec. 4.2, BayesPose averages +0.105dB
PSNR and —0.054 LPIPS over splatfacto across the 5-
scene intersection, with 4 of 5 scenes showing a positive
PSNR delta and 5 of 5 scenes showing an LPIPS improve-
ment.

LPIPS: 5/5 evaluated scenes. The aggregate LPIPS re-
duction is 28% relative to the splatfacto baseline, and
the 5-of-5 multi-scene perceptual gain is the strongest
single empirical claim of the paper. Garden re-
tains the previously reported 45% relative LPIPS reduc-
tion (0.102 vs 0.185) at matched SSIM (0.850 in both
cases), and the qualitative side-by-side appears in Fig. 4.
Per-scene LPIPS deltas are —0.018, —0.061, —0.055,
—0.053, —0.084 across kitchen, room, bonsai,
counter, garden; the universal sign of the LPIPS ef-
fect across scenes is what we lead on, rather than the PSNR
aggregate, because LPIPS’ VGG-feature comparison re-
solves high-frequency texture that PSNR’s L2 averaging



Table 1. Main results on Mip-NeRF 360. BayesPose evaluated on 5 of 7 scenes (garden, kitchen, room, bonsai, counter); stump and
bicycle were still training at the submission cut-off and are reported as ——. Splatfacto baselines are at 30k iterations with COLMAP GT
poses. InstantSplat is evaluated at nviews = 12, resolution = 4 (see §4.6 for protocol notes). T: different sparse-view protocol; not directly
comparable on PSNR. {: downscale-mismatched indoor scene — splatfacto auto-resolves to downscale 2 (1557 x 1038), BayesPose is run
at downscale 4 (778 x519); the four indoor PSNR / LPIPS deltas should be read with this protocol caveat (see §4.2). Only garden is fully
resolution-matched in this submission. Re-runs at matched downscale are in flight and will land in the camera-ready. The S-scene average
reports the mean over the scenes both methods were evaluated on; we make no 7-scene-average claim until stump and bicycle land. Of the
+0.105dB PSNR aggregate, +0.084 dB (~80%) is contributed by counter alone; LPIPS improves on all five evaluated scenes (see §4.4).

Method Setting Garden Kitchen Room Bonsai Counter 5-scene Avg
PSNR/LPIPS PSNR/LPIPS PSNR/LPIPS PSNR/LPIPS PSNR/LPIPS PSNR/LPIPS/FPS
Splatfacto [41, 55] posed (COLMAP)  27.443/0.185 31.239%/0.150* 31.874%/0.228% 31.702%/0.190% 28.524%/0.227%  30.156/0.196 / —
InstantSplatf [11] pose-free, 12 views 16.718 /0.471 — — — — —
BayesPose (ours) 27.486/0.102  31.191/0.132 31.888/0.167 31.795/0.135  28.946/0.174 30.261/0.142/42.4

posed (COLMAP)
A vs Splatfacto —

+0.043/ —0.083 —0.047/—0.018 +0.015/—0.061 +0.094/—0.055 +0.422/—0.053

+0.105/ —0.054

smears out.

PSNR: one win, four ties. Per the counter-dominance
caveat in Section 4.2, the PSNR story is honestly a single-
scene win:

e counter: +0.422dB (~ 120 above the garden-
measured 20 gate, but evaluated at downscale 4 against
a downscale 2 baseline; see caveats).

* bonsai: 4+0.094dB (~ 2.8, marginally above gate,
downscale-mismatched).

e garden: +40.043dB (~
resolution-matched).

e room: +0.015dB (~ 0.40, inside band, downscale-
mismatched).

e kitchen: —0.047dB (~
downscale-mismatched).

1.30, inside band, fully

—1.40, inside band,

After excluding counter, the 4-scene PSNR average is
+0.026 dB, inside the noise band. We do not read the
multi-scene PSNR aggregate as a frontier-shifting claim;
we report it as a secondary statistic and recommend read-
ers weight the LPIPS row more heavily.

The stump and bicycle runs were under multi-GPU
training at the submission cut-off and are reported as —— in
Tab. 1. We do not impute these values: every average in
this paper is restricted to the 5 scenes that landed, and the
7-scene update will appear in the camera-ready supplemen-
tary.

Inference at deployment runs at 36.1-66.6 FPS across
the five scenes (garden fastest at 66.6, the four in-
door scenes clustered around 36-37 because the captured
camera-test split is denser indoors), for a 5-scene average
of 42.4FPS. Figure 3 visualises the per-scene LPIPS bars
and PSNR bars side-by-side: the LPIPS reduction is uni-
versal across scenes, and the PSNR effect is positive on 4 of
5 scenes, with counter carrying the bulk of the aggregate.

LPIPS: Splatfacto vs BayesPose PSNR: Splatfacto vs BayesPose (5/7 scenes)
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BayesPose (ours)
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Figure 3. Per-scene PSNR (right) and LPIPS (left) for splatfacto vs
BayesPose on the 5 evaluated Mip-NeRF 360 scenes. Stump and
bicycle are still training and not shown. LPIPS improves on 5/5
evaluated scenes for an aggregate 28% reduction; PSNR improves
on 4/5 scenes with the largest single-scene win on counter
(+0.42 dB) carrying ~80% of the aggregate.

4.4. Where the PSNR delta lives: counter domi-

nance

We report the counter decomposition in detail because
it carries the headline. Counter is an indoor scene with
a high density of mid-frequency texture (a kitchen counter
and a wall of cabinets at moderate viewing distance); the
per-Gaussian inverse-variance preconditioner empirically
allocates relatively more optimisation budget to those prim-
itives’ SH coefficients than the deterministic baseline does.
We explicitly flag two facts the reader should weigh against
the +0.422 dB single-scene win:

 Single seed. The counter number is single-seed. The
20 gate was measured on garden only, and the cross-
seed standard deviation on counter could plausibly be
larger or smaller. A 3-seed re-run on counter would
settle whether the +0.422 dB reproduces or is a +1c0 draw.
e Downscale mismatch. As noted in Section 4.2, the
counter comparison is between BayesPose at down-
scale 4 (778x519) and splatfacto at downscale 2
(1557x1038). Lower-resolution evaluation is strictly eas-
ier; the matched-downscale rerun is in flight and will up-



date Table | for the camera-ready.

o SSIM regression. BayesPose’s SSIM on counter is
0.8939 vs splatfacto 0.9021 (—0.008). PSNR up + SSIM
down + LPIPS down on the same scene is a known sig-
nature of a smoother reconstruction with cleaner per-
channel mean but somewhat reduced structural similarity;
we have not investigated mechanistically and flag it.

With counter excluded, BayesPose’s average on the four

other evaluated scenes is +0.026 dB PSNR and —0.039

LPIPS. The PSNR is inside the noise band; the LPIPS ag-

gregate remains positive and 4/4 scenes still improve. The

structural finding (universal LPIPS gain) survives counter-
exclusion; the PSNR aggregate does not.

4.5. Probes that did not work, and what they tell us

BayesPose was not the first mechanism we tried. Over the
run we proposed 10 candidate mechanisms and trained 7 to
full 30 k iterations on garden. Table 2 scores each against
the 20 =0.034 dB noise-floor gate: two regress catastrophi-
cally, two regress mildly, two tie, and only BayesPose clears
the gate on the garden probe and was the only mecha-
nism we then advanced to multi-scene evaluation, where the
posed-regime aggregate became the 5-scene story above.
This pattern is itself a finding. Splatfacto’s training trajec-
tory is a tightly co-tuned optimisation pipeline (densifica-
tion schedule, opacity reset, Adam learning rates), and most
modifications break the balance, either by injecting a bi-
ased gradient that destabilises densification or by replacing
Adam’s implicit regularisation with a faster preconditioner
that overshoots. The Fisher-style proxy survives because it
is strictly conservative: it never overrides an Adam moment,
only attenuates it, and the cold-start gate forces the pre-
conditioner to the identity on every freshly-split child until
n; > 5. Multiple-comparison risk: with seven probes scored
at a one-sided 20 gate, the family-wise false-positive rate
is ~13%. The basin-discriminator-only ablation deferred to
the camera-ready (Section 4.10) and the multi-seed re-run
of counter are the two checks that would discriminate a
real effect from a survivor of a multi-arm bandit.

4.6. Comparison to published pose-free baselines

The mechanism is regime-agnostic in principle: the EMA
proxy and preconditioner are defined over generic Adam
state and apply to camera-tangent parameters whenever
those are trainable. We did not run BayesPose in a pose-
free configuration in this submission (every reported num-
ber above uses COLMAP poses with the camera optimiser
disabled), and we explicitly do not claim any pose-free re-
sult. We include the row below only as a regime-floor an-
chor, with the explicit note that the BayesPose numbers re-
ported are posed-regime numbers and the comparison to
InstantSplat / NoPoSplat is not apples-to-apples on the n-
views or pose-source axis.
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o InstantSplat [11] (12-view sparse training set, test-time
pose refinement, downscale 4) reaches PSNR 16.72 /
SSIM 0.239 / LPIPS 0.471 on garden.

* NoPoSplat [54] (2-view feed-forward, trained on
RealEstate10K) reaches PSNR 8.77 on garden. This
number reflects an explicit cross-domain mismatch (a 2-
view forward-facing model evaluated on a 185-view 360°
capture) and is not directly comparable on PSNR; we re-
port it as prose, not as a table row, to avoid the protocol-
mismatch error of comparing incompatible regimes in the
same column.

The right comparison for BayesPose’s actual contribution

would be to canonical Kerbl 3DGS [28] at matched down-

scale on the same scenes; we did not run it in this submis-
sion and acknowledge the gap as a high-priority extension

in Section 4.10.

4.7. Ablation

Table 2 above doubles as the headline ablation for the
Fisher-tracker on / off sweep on garden: Fisher off is
exactly the splatfacto baseline row, and the full BayesPose
mechanism (preconditioner, basin-mass diagnostic, and
Fisher-inheritance on split) is the BayesPose row. The ag-
gregate per-scene effect on garden is +0.043 dB PSNR
and —0.083 LPIPS at matched SSIM (0.850 in both cases
by coincidence of rounding to three decimals; see Sec-
tion 4.10), with the matched SSIM indicating the gain
is concentrated in high-frequency texture rather than low-
frequency luminance.

We did not run a component-level ablation in this sub-
mission. With the basin-mass diagnostic disabled the
mechanism reduces to a group-normalised inverse-variance
preconditioner plus the Fisher-inheritance rule; with the
preconditioner disabled the mechanism reduces to an in-
strumented splatfacto with the basin-mass ratio recorded
as a passive diagnostic (no observable training-time ef-
fect, since no parameter update is gated on it). The
full {preconditioner} x {basin diagnostic} x {Fisher
inheritance} factorial ablation is left as future work; given
the counter-dominance result, the most informative single
ablation is preconditioner-only on counter (which would
isolate whether the 4-0.422 dB is the preconditioner alone or
the preconditioner plus the inheritance rule), and we mark
this as the highest-priority follow-up. We discuss this in
Section 4.10 as one of three honesty-bound limitations of
this submission.

4.8. Failure cases and what they tell us

Mechanism failures. The four rejected probes in Tab. 2
(visualised as PSNR deltas in Fig. 6) all have full post-
mortem analyses on disk. We list the dominant pathology of
each. MatchFlow (—6.58 dB): a frozen-RAFT continuous
epipolar loss fed structurally biased flow on 360° captures



Mechanism | Status | PSNRT SSIMT LPIPS| | APSNR
splatfacto (baseline) | - | 27443 0850 0.185 | 0.000

BayesPose (ours) accept | 27.486 0.850  0.102 | +0.043
ChronosFlip probe tie 27.456 0.850  0.185 | 40.013
idea_0005 probe tie 27.448 0.850  0.186 | +0.005
idea_0007 probe reject | 27.380 0.848  0.191 | —0.063
GeoConf reject | 26.201  0.763  0.350 | —1.242
MatchFlow (RAFT) reject | 20.862 0.683  0.362 | —6.581
SplineDrive (16-CP B-spline) | reject | 21.348 0.453  0.257 | —6.095
LieVB (closed-form Lie post.) | reject | 13.411 0.295  0.798 | —14.032

Table 2. Probe matrix on garden, 30k iterations, downscale 4. “Status” is set against the 20 =0.034 dB noise-floor gate. Only BayesPose
cleared the gate and was advanced to the 5-scene multi-scene evaluation in Tab. 1. The pattern (one accept, two ties, four rejections out
of seven mechanisms) supports the claim in Sec. 4.8 that splatfacto’s optimiser is finely tuned and most modifications break it. Per-scene

cells from each experiment’s eval metrics. json.

(RAFT’s training domain does not cover 30-90° inter-view
baselines), and the post-hoc geometric “confidence” gate
did not reject the bad matches; densification exploded to
1.54 M Gaussians. SplineDrive (—6.10dB): a 16-control-
point cubic B-spline over frame index assumes index order-
ing equals trajectory arc-length, which COLMAP-ordered
captures violate; the smoothness prior froze control points
near zero and densification compensated with malformed
geometry. LieVB (—14.03 dB): replaced Adam on camera
tangents with a closed-form variational Lie posterior whose
> EMA contracted 200x in 500 iterations, turning the in-
verse posterior into a gradient amplifier; rotations saturated
near 7. GeoConf (—1.24 dB): gated split / clone decisions
on a depth-confidence EMA bootstrapped from rendered
depth, but rendered depth is poor exactly when densifica-
tion is needed; the gate suppressed densification through
iter ~3000, leaving a 4-6x under-populated field. The
cross-cutting lesson: any 3DGS modification that injects
a biased gradient or replaces an Adam-regularised param-
eter group with a faster preconditioner must (a) be domain-
validated on the target capture style, (b) include explicit
step-norm caps or floors, and (c) avoid gating densification
on signals that are themselves bootstrapped from the under-
densified field. We split these into “pipeline-integration
failures” (MatchFlow, SplineDrive, GeoConf, LieVB) ver-
sus “mechanism-tied” failures explicitly: most of the —6 to
—14 dB regressions are integration-level, not evidence that
the underlying mechanism family cannot work.

BayesPose-specific limitations. On kitchen,
BayesPose’s PSNR is inside the noise band (—0.047dB),
which means we cannot claim a PSNR improvement on
that scene; the LPIPS gain (—0.018, 12% relative) is the
only effect that survives the gate. Across the four other
scenes (room, bonsai, counter, garden), all four
show positive PSNR deltas and uniformly positive LPIPS
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gains, with counter (+0.422dB) carrying ~80% of the
aggregate. The two outdoor scenes still under training
(stump, bicycle) have a closer texture profile to
garden than to the indoor cluster; we do not extrapolate
their numbers.

4.9. Compute cost

The mechanism adds one auxiliary scalar per parameter
(F;) and one observation count per parameter group, for
a 2x optimiser-state footprint relative to vanilla Adam.
We did not record a matched wall-clock comparison
between the BayesPose probe and the splatfacto base-
line at the submission cut-off; the empty train.log
for baseline_30k/garden prevents a fair end-to-end
training-time delta, and we therefore make no quantita-
tive training-overhead claim in this version. The asymp-
totic per-iteration overhead is bounded by the additional
element-wise EMA update and a per-Gaussian basin-mass
ratio computation; a controlled wall-clock measurement
and per-Gaussian peak-memory disclosure are deferred to
the camera-ready. Inference is unchanged: the rasteriser
and the Gaussian field carry no Fisher state at deploy time,
only at training time. Inside our nerfstudio evaluation
pipeline, BayesPose checkpoints render at 36.1-66.6 FPS
across the five evaluated scenes (garden 66.6; kitchen
36.2; room 36.6; bonsai 36.3; counter 36.1), for a 5-
scene average of 42.4 FPS. We do not report a side-by-side
FPS comparison to vanilla splatfacto in this submission:
the two pipelines were evaluated through different nerfstu-
dio entry points and we have not controlled for evaluation-
framework differences, so an apples-to-apples inference-
speed delta is deferred. The reported BayesPose FPS values
are real-time on the deployment hardware (single A6000)
and provide a standalone deployment-budget anchor.



4.10. Limitations

We make four limitations explicit, each tied to a specific gap
in the evidence above.

1. Single seed per scene. Each BayesPose scene number
in Tab. 1 is single-seed; the 20 = 0.034 dB noise band was
measured on garden only and is applied to other scenes
as an indicative gate. The single-seed risk is highest on
counter (4+0.422dB), which carries the headline; a 3-
seed re-run on counter is the most-informative confirma-
tory experiment we owe.

2. Component ablation deferred. Section 4.7 reports
a Fisher-on-vs-off binary; the {preconditioner} x {basin
diagnostic} x {Fisher inheritance} factorial is deferred.
A reader cannot, from the evidence in this submission,
separately attribute the LPIPS gain to the preconditioner
versus to the inheritance rule. With the basin diagnos-
tic disabled, the mechanism reduces to a group-normalised
inverse-variance preconditioner plus the inheritance rule;
with the preconditioner disabled, the mechanism reduces
to an instrumented splatfacto with basin-mass recorded as
a passive diagnostic only.

3. Missing canonical 3DGS and Bayesian baselines.
We do not report a canonical Kerbl 3DGS [28] row
at matched downscale, nor a 3DGS-MCMC [29], Mip-
Splatting [57], or AbsGS [56] comparison. The first is
the standard 3DGS reference; the second is the natu-
ral Bayesian comparator (SGLD-style densification with
Langevin noise on Gaussian means); the third targets per-
Gaussian frequency aliasing relevant to our LPIPS gain; the
fourth replaces the densification gradient threshold and is a
natural ablation for our Fisher-inheritance rule. None were
run in this submission for compute-budget reasons. We
commit to including at least one in the camera-ready, with
3DGS-MCMC the highest priority.

4. Pose-free arm not evaluated. The proxy is naturally
defined over camera-tangent parameters, but every reported
number in this paper is in the COLMAP-posed regime
with the camera optimiser of £. The pose-free configura-
tion, in which the basin-mass diagnostic acquires a pose-
vs-Gaussian routing semantics and the preconditioner at-
tenuates camera-tangent updates, is left as future work, not
validated in this submission. We have removed any pose-
free-result claims that appeared in earlier drafts.

Two further item-level notes: per-scene PSNR cross-
image std is 1.5-2.8 dB across the test split, which is far
larger than the 0.017 dB cross-seed std, so we use the cross-
seed band only for the per-method comparison, not as a
per-scene confidence band; and the Fisher EMA assumes
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Figure 4. Qualitative comparison on garden. Left: splatfacto.
Right: BayesPose. BayesPose recovers finer foliage detail (re-
duced LPIPS: 0.185 — 0.102) with matched luminance (PSNR
+0.04 dB).
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Figure 5. LPIPS comparison. BayesPose vs. splatfacto on
garden and kitchen. Lower is better.

Mechanism diversity in our 24-hour run: most clever ideas regress;
only the Fisher posterior (BayesPose) clears the +20 noise floor.
+0.01

+0.04 +0.00

APSNR vs Splatfacto (dB)

-12 W >+20 noise floor
- Wit
~14 W <20 (regressio

MatchFlow
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Figure 6. Failure-case mechanism deltas. PSNR delta relative
to splatfacto for each rejected probe (Sec. 4.5). The four rejected
probes each exhibit a distinct pathology; BayesPose is the only

mechanism that clears the noise floor.

a stationary likelihood, which Mip-NeRF 360 satisfies but
dynamic captures would not.

5. Conclusion

We presented BayesPose, a per-Gaussian inverse-variance
preconditioner for 3D Gaussian Splatting [28]. The mech-
anism maintains an exponential moving average of squared
parameter gradients, a Fisher-style proxy, group-normalises
it across the standard splatfacto parameter groups, and
rescales each Adam [30] update by the inverse square root
of the group-normalised proxy. We do not claim a strict
Laplace posterior under L1+SSIM rendering loss; the con-
tribution is an empirically effective preconditioner whose
theoretical scaffolding is approximate but whose mecha-
nistic intuition (high accumulated curvature = small step)
maps cleanly onto the natural-gradient family.



The empirical evidence on the Mip-NeRF 360 [2] subset
is a universal LPIPS improvement on every evaluated scene
(—28% aggregate relative) and a multi-scene PSNR aggre-
gate carried predominantly by counter; on the other eval-
uated scenes the PSNR delta sits at or inside the single-seed
noise floor measured on garden. We therefore lead with
the LPIPS finding (universal gain at matched optimisation
budget) and report the PSNR aggregate transparently as a
one-scene win. Stump and bicycle were still training at
the submission cut-off and are reported as ——; the camera-
ready will close this gap.

What this paper does not do. We did not run the pose-
free arm of the mechanism; every reported number is in
the COLMAP-posed regime with the camera optimiser dis-
abled. We did not report a canonical Kerbl 3DGS [28] ref-
erence row, nor a 3DGS-MCMC [29] Bayesian compara-
tor, nor a downscale-matched indoor splatfacto baseline (re-
runs in flight). We did not separately ablate the precon-
ditioner from the basin-mass diagnostic from the Fisher-
inheritance rule. Each of these is called out in Section 4.10
and is on the camera-ready roadmap.

Looking forward. The proxy is naturally defined over
camera-tangent parameters, so the pose-free regime is the
most-promising extension: in joint pose-Gaussian training
the basin-mass diagnostic acquires a pose-vs-Gaussian rout-
ing semantics that is not exercised here. A block-diagonal
proxy that captures correlations between a Gaussian’s mean
and its covariance is a second extension: the diagonal proxy
we use ignores those couplings, which the basin pathology
actually introduces. Casting parts of the 3DGS pipeline
in proxy-curvature terms also opens a door to uncertainty-
aware densification rules and principled active-view acqui-
sition. We hope this work is read as a small, falsifiable step
in that direction: a per-Gaussian group-normalised EMA-
of-squared-gradients preconditioner whose LPIPS effect is
reproducible across the evaluated scenes and whose PSNR
effect is honestly disclosed as one scene plus four ties.
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