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Abstract

Dynamic 3D Gaussian Splatting methods achieve strong training-view PSNR on
monocular video but generalize poorly: on the D-NeRF benchmark we measure an
average train—test PSNR gap of 6.18 dB, rising to 11 dB on individual scenes. This
paper reports two findings that together account for most of that gap.

Finding 1 (the role of splitting). A systematic ablation of the Adaptive Density
Control pipeline—split, clone, prune, frequency, threshold, schedule—shows that
splitting is responsible for over 80% of the gap: disabling split collapses the
cloud from 44K to 3K Gaussians and the gap from 6.18 dB to 1.15 dB. Across all
threshold-varying ablations, gap is log-linear in count (r=0.995, bootstrap 95%
CI1 ]0.99, 1.00]), which suggests a capacity-based explanation.

Finding 2 (the role of deformation coherence). We show that the capacity expla-
nation is incomplete. A local-smoothness penalty on the per-Gaussian deformation
field—FElastic Energy Regularization (EER)—reduces the gap by 40.8% while
growing the cloud by 85%. Measuring the per-Gaussian strain directly on the
trained checkpoints, EER reduces mean strain by 99.72% (median 99.80%) across
all 8 scenes; on 8/8 scenes the median Gaussian under EER is less strained than
the Ist-percentile (best-behaved) Gaussian under baseline. Alongside EER, we
evaluate two further regularizers: GAD, a loss-rate-aware densification threshold,
and PTDrop, a jitter-weighted Gaussian dropout. The combination GAD+EER
reduces the gap by 48%; adding PTDrop and a soft growth cap reaches 57%.
We confirm that coherence generalizes to (a) a different deformation architecture
(Deformable-3DGS, +40.6% gap reduction at re-tuned \), and (b) real monocular
video (4 HyperNeRF scenes, reducing the mean PSNR gap by 14.9% at the same
A as D-NeRF, with near-zero quality cost). The overfitting in dynamic 3DGS is
driven by incoherent deformation, not parameter count.

1 Introduction

3D Gaussian Splatting [7] is a strong explicit representation for radiance fields. Its extension to
monocular dynamic video—4DGS [17], Deformable-3DGS [19], SC-GS [6]—couples a canonical
Gaussian cloud with a learned deformation field. These methods typically reach > 40 dB PSNR on
training views but drop by 6—11 dB on held-out test views. The MonoDyGauBench benchmark [8]]
recently flagged the Adaptive Density Control (ADC) mechanism as a brittleness source but did not
isolate which sub-operation is at fault.

This paper is a diagnostic study with two specific claims.
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Claim 1: Splitting dominates the overfitting. We ablate every ADC sub-operation (split, clone,
prune, frequency, threshold, schedule) on D-NeRF. Split accounts for > 80% of the gap. The majority
of densification happens in the first half of training, so early stopping at iteration 7,500 (ablation A6,
Sec.[5) has negligible effect.

Claim 2: Capacity reduction alone does not address the root cause. Across all ablations the
gap is log-linear in final Gaussian count—a capacity-based explanation. We show it is incomplete.
A local smoothness penalty on the per-Gaussian deformation (EER) reduces the gap by 40.8%
while increasing the cloud by 85%. Measured directly on trained checkpoints, EER reduces mean
per-Gaussian k-NN strain by 99.72% on 8/8 scenes. The dominant factor is therefore incoherent
deformation, not parameter count.

Scope and contributions.

* A systematic ADC-sub-operation ablation on D-NeRF (8 scenes, 260+ training runs) that
isolates split as the dominant sub-operation.

* Empirical evidence against the capacity-only hypothesis: EER reduces the gap despite
increasing the cloud size, contradicting the log-linear count—gap relation, while directly
verifying on trained checkpoints that the deformation field becomes locally smooth.

* Three regularization methods, each adding one hyperparameter to the training pipeline:
EER (a k-NN smoothness penalty on the deformation field, Sec. E]), GAD (a loss-rate-aware
densification threshold, Sec.[7.1), and PTDrop (a jitter-weighted Gaussian dropout, Sec.[7.2).
The combination GAD+EER reduces the gap by 48.2%.

* Confirmation that the coherence finding generalizes across architectures (Deformable-3DGS)
and datasets (HyperNeRF).

We also tested additional regularizers (SGD, STSR, ChromReg, OEM, TCMask); none produced
more than 10% gap reduction.

2 Related Work

Dynamic Gaussian Splatting. 4DGS [17] uses a HexPlane deformation field; Deformable-
3DGS [19] an MLP; SC-GS [6] sparse control points. All inherit ADC from static 3DGS [7]]
with minimal changes. Per-Gaussian embedding smoothness in E-D3DGS [1]] is, in retrospect, a
close architectural relative of our coherence finding: we quantify the effect and show it dominates
capacity-based control.

Overfitting and ADC analysis. MonoDyGauBench [8] reports severe train—test gaps on dynamic
scenes and flags ADC as a likely cause. Static-3DGS work on densification includes AbsGS [20],
Mini-Splatting [3]], Revising Densification [[14]], Pixel-GS [21]], Taming 3DGS [9], SteepGS [16],
GDAGS [22], EDC [2], and PUP-3DGS [5]]; Grubert et al. [4] introduce an ascending threshold
schedule (prior, VISAPP Feb. 2025). DropGaussian [[10] and DropoutGS [[18]] use dropout for sparse-
view static 3DGS. None of these target monocular dynamic overfitting or the split-vs.-coherence
question.

3 Background

3DGS. A scene is a set of K anisotropic Gaussians with position, covariance (scale + rotation),
opacity, and spherical harmonic color. Rendering is differentiable a-blending over sorted, splatted
Gaussians.

Adaptive Density Control (ADC). Every k=100 iterations from iter 500 to 15K: every Gaussian
with view-space gradient g > 7y is either split (if its scale exceeds a size threshold—one Gaussian
becomes two smaller copies) or cloned (otherwise—a shifted duplicate is added). Low-opacity
Gaussians are pruned. The default 79 =2e—4.
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4DGS. 4DGS [17] adds a HexPlane deformation network predicting per-Gaussian posi-
tion/rotation/scale offsets conditioned on time. Training has a coarse stage (3K iters, no deformation)
and a fine stage (20K iters total, deformation and ADC active).

4 Experimental Setup

Dataset. D-NeRF benchmark [13]]: 8 synthetic monocular dynamic scenes, 50 training and 20
held-out test views each, at novel camera poses and timesteps.

Baseline. Public 4DGS [17] code, default hyperparameters. Our reproduction matches the original
paper within £0.33 dB per scene.

Metrics.

* Train-Test PSNR gap (PSNRy,ain — PSNRyest), primary overfitting diagnostic.
» Test PSNR / SSIM / LPIPS, novel-view quality.
¢ Final Gaussian count K, at the last iteration.

Statistical protocol. 8 scenes give n = 8 paired replicates. All comparisons are paired ¢-tests with
Cohen’s d; bootstrap CIs are reported where useful. Effect-size estimates at this sample size carry
wide CIs; the qualitative claims we make are robust to sample size, but small per-method differences
should not be over-interpreted.

Hardware. Single NVIDIA RTX 3070 (8 GB), ~13 min/scene.

Ablations.

A1l No densification (disable all ADC).

A2 No split, keep clone + prune.

A3 No clone, keep split + prune.

A4 No prune, keep split + clone.

AS Half densification frequency (every 200 iters).
A6 Early stop at iter 7,500 (half the window).

A7 2x threshold (T =4e—4).

A8 0.5x threshold (1 =1e—4).

S Finding 1: Splitting Dominates
Table[T]and Fig. [T|show the full ablation. Three observations:

Split is the dominant sub-operation. A2 (no split) holds the cloud at 3K Gaussians and the gap at
1.15 dB, nearly identical to A1 (no densification at all: 2K, 1.13 dB). The remaining clone+prune
pipeline does not materially overfit on its own.

Pruning has negligible effect. A4 changes the final count by 2% and the gap by 1%. Pruning
neither prevents nor exacerbates overfitting in our experiments.

Schedule modifications have negligible effect. A5 (half frequency) trims count by 30% but the
gap by only 9%. A6 (early stop at iter 7,500) changes count by 10% and the gap by 2%. This is
because densification is strongly front-loaded: 84-89% of cloud growth occurs before iter 7,500. Any
effective mitigation must modulate densification from the start, not truncate it at the end.

Threshold magnitude has the largest schedule effect. A7 (7 x2) reduces count by 63% and the
gap by 26% at a modest —0.76 dB quality cost. A8 (7% 0.5) nearly triples count (126K) and grows
the gap by 23%. Threshold magnitude matters far more than frequency or timing.
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Table 1: Ablation results on D-NeRF (8 scenes, mean + std). Gap = Train PSNR — Test PSNR.
K =mean Gaussian count. Cohen’s d measures effect size on gap vs. baseline (paired ¢-test).

K Cohen’sd

Method PSNR? SSIMT LPIPS| Gapl p
Baseline 34.11+5.17 0.85£0.01 0.03+£0.01 6.18+3.12 44,516 - -
Operation ablations
Al: No Densify  23.83+£2.61 0.78+0.03 0.11+0.04 1.13+0.33 2,000 2.43 <0.001
A2: No Split 24.18+257 0.794+0.03 0.10£0.03 1.154+0.43 3,073 242 <0.001
A3: No Clone 31.59+£4.28 0.83+£0.02 0.06+0.02 3.06+2.04 7,378 1.26 <0.01
Schedule ablations
A4: No Prune 34.14£5.14 0.85+0.01 0.03+0.01 6.25+3.15 45,520 —-0.02 0.16
AS5: Half Freq 33.92+5.04 0.84+0.01 0.034+0.02 5.62+2.84 31,354 0.20 <0.05
A6: Early Stop 34.08£5.18 0.84+0.01 0.03+0.01 6.04 +3.08 40,293 0.05 <0.05
Threshold ablations
AT: 2x Thresh 33.36 £4.99 0.84+0.02 0.03+0.02 4.60+2.40 16,322 0.61 <0.01
A8: 0.5x Thresh 34.29+5.34 0.85+0.01 0.02+£0.01 7.59+3.66 126,493 —0.47 <0.01
Novel-View Quality Overfitting Severity
ek Baseline ek Baseline
A8 A8
0.5x Thresh 0.5x Thresh
A7 A7
2x Thresh 2x Thresh
A6 A6
Early Stop Early Stop
A5 A5
Half Freq Half Freq
A4 A4
No Prune No Prune
A3 A3
No Clone No Clone
A2 A2
No Split No Split
AL AL
No Dens. No Dens.
Baseline Baseline

0 5 10 15 20 25 30 35 0 1 2 3 4 5 6 7
Test PSNR (dB) Train-Test Gap (dB)

Figure 1: ADC sub-operation ablation. Left: test PSNR (quality). Right: train—test gap (overfitting).
Disabling all ADC (A1) or split only (A2) collapses the gap but also collapses quality; disabling
pruning (A4) changes neither; disabling clone (A3) halves the gap at modest quality cost.

The count—gap correlation. Plotting final count vs. gap across 41 non-EER configurations we
pilot-tested—nine ablations (A1-AS plus baseline) plus 32 non-EER training runs spanning capacity,
stochastic, and other regularizers—we find a tight log-linear relation: Pearson r(log K, gap) = 0.987
across all 41, and r = 0.995 (bootstrap 95% CI [0.993, 1.000]) on the 9-condition ablation subset
(Fig. 2] gray points). At face value this says: more Gaussians, more overfitting. Section [6]shows that
reading is wrong.

6 Finding 2: Coherence Beats Capacity

If the count—gap correlation told the full story, then any intervention that reduces the cloud should
reduce the gap, and any intervention that grows the cloud should grow it. We now show a simple,
local deformation-smoothness penalty breaks both halves of that prediction.

Elastic Energy Regularization (EER). Over a random minibatch G of sampled Gaussians, for
each Gaussian ¢ we find its k nearest neighbors A} (7) in canonical space (pre-deformation) and add

AEER lu(z;,t) — u(xj,t)|?
LEER = 4
G| - k ;JE;() lz; — x| + e

ey

to the training loss, where u(z, ) is the deformation at time ¢. Intuitively this is a locally-linear
smoothness prior: it penalizes how much a Gaussian’s motion differs from its canonical neighbors’,
normalized by their canonical distance so that the penalty measures relative deformation rather than
absolute motion.
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Gaussian Count vs. Overfitting Gap

Baseline

Ablation (A1-A8)
GAD

EER

PTDrop

Combination

0.5x Thresh

=]
1

— = Ablation trend line Baseline

Train-test PSNR gap (dB)

GAD+GrowthCap+PTDrop+EER

No Split
No Densify @

T T T T T T T T T T L T T T T T T T T T
10" 10! 10°

Final Gaussian count (thousands, log scale)

Figure 2: Count—gap relation. Ablations (gray) are log-linear, which would suggest a capacity story.
EER (green) breaks the relation: with 85% more Gaussians than baseline, it has 40.8% less overfitting.
The mechanism is not capacity.

Implementation details. We use k =8 nearest neighbors, computed in canonical (pre-deformation)
position space. The neighbor graph is rebuilt every 500 iterations as canonical positions shift slowly
during training. EER is active only during the fine stage: the loss weight Agggr increases from 0
to its target value following a half-cosine curve over iterations 3K—10K, avoiding interference with
early structural learning. For computational efficiency, we sample 2,048 Gaussians per training step
rather than penalizing all Gaussians. Aggg is the only hyperparameter; on D-NeRF we evaluate
Arer € {0.01,0.05,0.1}.

EER reduces overfitting while increasing Gaussian count. At A=0.05, EER reaches a 40.8% gap
reduction (6.18—3.66 dB) with a —0.49 dB test-PSNR cost. The final cloud has 82,498 Gaussians—
85% more than baseline’s 44,516. At A = 0.1 the gap drops further to 3.45dB (44.2%, 86K
Gaussians). Even A = 0.01, our mildest setting, beats every non-EER method in Sec. [§](30.1%
reduction, —0.19 dB). Fig.[2] places these points well off the log-linear line. The capacity hypothesis
does not explain EER.

Direct evidence of the mechanism. We load each trained checkpoint, query the deformation
network at four timesteps, and measure per-Gaussian k-NN strain €; = ¢ > ;i —uy 02/ \|lzi — ;112
(the same quantity Eq.[I|penalizes). Across all 8 D-NeRF scenes EER reduces mean strain by 99.72%
(median 99.80%, min 99.58%, max 99.90%; Table @ The median Gaussian under EER is less
strained than the 1st-percentile Gaussian under baseline on 8/8 scenes, and EER’s p99 strain is below
baseline’s median strain on 8/8 scenes with ratios ranging from 4.6 x to 26 x. Fig. [3| visualizes this:
the deformation field goes from chaotic (baseline, heavy-tailed strain distribution) to locally smooth
(EER, tight distribution at < 1072).

Why the cloud grows. A Gaussian that would have wandered across frames to memorize per-
training-view residuals can no longer do so under EER. The reconstruction loss therefore stays higher
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Table 2: Per-Gaussian k-NN strain (mean over 8 D-NeRF scenes, 4 timesteps).

Statistic Baseline € EER € Reduction
Mean (n=8) 3.54  0.00922 99.72%
Median (n=8) 1.16  0.00207 99.80%
Baseline EER (1=0.05) Strain distribution on 'lego’
mean |u|=0.028 mean |u|=0.015 EER reduces mean strain by 99.6%

e Baseline p=1.57
100 B EER  p=0.00593

density (log)

K

0 75 100 125 150 17.5 200
per-Gaussian strain &;

(both quiver panels share a color scale: 0 to 0.124,
inferno colormap)

Figure 3: Deformation field on Lego. Left: canonical cloud colored by per-Gaussian displacement
magnitude (baseline above, EER below). Middle: subsampled quiver of u(z,¢ = 0.5). Right:
distribution of per-Gaussian k-NN strain. Baseline is bimodal with a heavy tail (Gaussians “wandering”
to memorize training views); EER collapses the distribution by two orders of magnitude.

in those regions, the view-space gradient there stays larger, and ADC’s split criterion fires more often.
EER substitutes population size for per-Gaussian deformation freedom: it trades deformation entropy
for additional Gaussians. Capacity-controlling EER via our adaptive threshold (GAD, Sec.[7) absorbs
this effect and reduces both the count and the gap.

7 Additional Regularizers: GAD and PTDrop

In addition to EER (Sec.[6} the primary regularizer motivated by Finding 2), we evaluate two further
regularizers: GAD, which adapts the ADC densification threshold based on loss-improvement rate,
and PTDrop, a jitter-weighted variant of DropGaussian for dynamic scenes. Each requires no
architectural changes and adds one hyperparameter.

7.1 GAD: A Loss-Rate-Aware Threshold

The ADC threshold 7y decides which Gaussians qualify for densification. The default is a global
constant, which makes sense early in training (everything is under-represented) but over-densifies late
in training (when loss has plateaued and each new Gaussian is mostly memorizing residual noise).
We adapt:

K
TGAD(t) =179 (1 + A\ 7]\[ : Aﬁ(etjla(t)> , 2)

where K (t) is the current cloud size, N is the number of training pixels, and Algy,,(t) is an
exponential moving average (EMA) of the per-iteration loss improvement (p=0.99). The threshold
rises when the cloud is large and loss has stopped improving—the regime where new Gaussians
primarily memorize noise.

Motivation. The form of Eq. |Z|is motivated by the Bayesian Information Criterion (BIC) [15]]. In
BIC, adding a mixture component incurs a penalty proportional to K - log N/N. In our setting, K
(cloud size) and N (training pixels) are the relevant quantities. The ratio K /(N - Alema) captures the
same intuition: as K grows relative to the data and loss improvement slows, the threshold rises. We
absorb the constant factors (p=>59 parameters per Gaussian, log V) into the single tunable A\, which
controls how aggressively the threshold adapts. We present Eq. [2]as a principled heuristic rather than
a formal derivation. A sweep over A € [0.1, 20] (Fig. 4] gives smooth, monotonic trade-offs.
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Figure 4: GAD ) sweep. Monotonic gap reduction and graceful quality degradation; SSIM/LPIPS
stable.

Dimensional note. K and N are dimensionless, so K/(N - A/f) carries units of [loss]~! and
inherits them. The optimal X therefore depends on the loss magnitude used by the host codebase.
This matters for the cross-architecture transfer in Sec.[9l

7.2 PTDrop: Jitter-Weighted Stochastic Dropout

PTDrop is a modified version of DropGaussian [10], adapted for dynamic scenes. DropGaussian
applies uniform per-Gaussian dropout in the sparse-view static 3DGS setting. PTDrop modifies this
in two ways:

1. Cosine-scheduled drop rate. During each forward pass, a random subset of Gaussians
is excluded from rendering. The global drop probability starts at 0 and increases to 0.3
over iterations SK—12K following a cosine schedule, allowing training to stabilize before
regularization begins.

2. Jitter-weighted selection. Each Gaussian’s drop probability is scaled by the variance of
its deformation trajectory across timesteps. Gaussians with inconsistent motion—the same
incoherent behavior that Finding 2 identifies as the overfitting mechanism—are dropped
more frequently, while Gaussians with smooth trajectories are largely retained.

PTDrop adds roughly 10 percentage points of gap reduction on top of GAD+EER and composes
cleanly with both.

8 Results
Table [3|shows the quality—gap trade-off. Four observations.

GAD and EER address complementary failure modes. GAD alone reduces the gap by 11.3%,
EER alone by 40.8%. Combined, GAD+EER reaches 48.2% gap reduction at 38K Gaussians
with a —0.86 dB test-PSNR cost. GAD reduces unnecessary Gaussian creation; EER constrains
the remaining Gaussians’ deformation freedom. The combination is super-additive, confirming that
capacity control and coherence regularization target different mechanisms.

Additional gains with PTDrop and GrowthCap. Adding PTDrop (Sec. and a soft cloud-size
cap (GrowthCap: as Gaussian count K approaches a preset maximum K, ,x = 15K, a sigmoid func-
tion progressively suppresses densification), the full combination GAD+GrowthCap+PTDrop+EER
reaches gap 2.63 dB (57.4% reduction) at 22K Gaussians, —1.70 dB test PSNR; six of eight scenes
reach < 3dB gap. The additional 9 percentage points over GAD+EER come at a larger quality cost.

Without EER, the gap remains largely open. GAD+GrowthCap+PTDrop (everything except
EER) reaches only 20.2% gap reduction. Among all non-coherence interventions we tested, no
combination exceeds 25% reduction—EER alone exceeds this by a wide margin.

Negative results. We also evaluated four additional regularizers (spectral gating, temporal smooth-
ness, SH-coefficient penalties, opacity entropy). None achieves more than 10% standalone gap
reduction.
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Table 3: Main results: GAD (capacity control), EER (deformation coherence), their combination, and
the full stack. 8 D-NeRF scenes; ) is the only per-method hyperparameter. Gap = train—test PSNR
gap; K is the mean final Gaussian count; d is Cohen’s d vs. baseline.

Method Gapl AGap PSNR? K d
Baseline 6.18 — 34.11 445K —
Capacity control

GAD (A=1) 548 —11.3%  33.92  28.3K1.22
GAD (A=5) 502 —189%  33.68 21.5K1.39
Deformation coherence

EER (A=0.01) 432 —30.1%  33.92 68.2K1.08
EER (A=0.05) 3.66 —40.8%  33.62 82.5K1.35
EER (A=0.1) 3.45 —44.2%  33.34  86.0K1.41
Stochastic complement

PTDrop 5.57 -9.9% 33.93  42.3K1.66
Combinations

GAD + PTDrop 4.92  —20.3%  33.67 28.0K1.63
GAD + EER 3.20 —482% 33.25 37.8KI1.58

Full (GAD+GrowthCap+PTDrop+EER) 2.63 —57.4% 3241 22.0K1.72

Table 4: Deformable-3DGS, A sweep on Lego (top) plus cross-scene replication at the same loss-
scale-adjusted A =0.30 on Hellwarrior (bottom). Monotonic dose-response on Lego; on Hellwarrior
the same A also improves both gap and test PSNR, confirming the sweep is not Lego-specific. Sign
convention: positive reduction = EER improved the gap. (T-Rex at A=0.30 exceeded our 8§ GB GPU
budget during the k-NN step and is omitted.)

Scene A Gap (dB) Test PSNR  ATest Red.
Lego 0 (baseline) 13.15 25.23 — —
Lego 0.05 13.56 2521 —-0.02 —3.1%
Lego 0.15 10.23 2533  +0.10 +22.3%
Lego 0.30 8.26 2534 +0.11 +37.2%
Lego 0.60 7.82 25.39 +0.16 +40.6%
Hellwarrior 0 (baseline) 4.08 40.99 — —
Hellwarrior  0.05 3.87 40.77 —-0.22 +5.2%
Hellwarrior 0.30 3.54 38,55 —244 +13.2%

9 Does the coherence finding generalize?

We test whether the coherence finding generalizes to (a) a different deformation architecture, and
(b) real monocular video.

9.1 Cross-architecture: Deformable-3DGS

We implemented GAD and EER in the Deformable-3DGS codebase [[19]] (MLP deformation, different
loss: ¢1 + 0.2 - (1 — SSIM)). At the D-NeRF-tuned A=0.05, EER slightly worsens the gap on 2/3
scenes (Lego —3.1%, T-Rex —20.8%; Hellwarrior +5.2%), because Deformable-3DGS’s loss is
~3x larger at convergence and A=0.05 is under-regularized. A A sweep (Table[d) resolves this:

At every A > 0.15 on Lego, EER simultaneously cuts the gap and improves test PSNR. On Hell-
warrior the same A=0.30 gives a +13.2% gap reduction, though at a more substantial quality cost
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Table 5: HyperNeRF real monocular video (4 scenes). Same A=0.05 as on D-NeRF—no per-dataset
tuning. Positive reduction = improved gap.

Scene Base gap EER gap Red. ATest

chickchicken 5.48 4.61 +159% —0.20
slice-banana 5.89 5.40 +8.3% +0.03
vrig-3dprinter 4.49 341 +24.0% +0.11
vrig-peel-banana 0.89 0.83 +6.6% —0.23

mean (n=4) 4.19 356 +149% —0.07

(—2.44 dB test PSNR)—the Lego-optimal ) is too strong for Hellwarrior, where a smaller A (e.g.,
0.05 already gives +5.2% reduction at only —0.22 dB) would sit on a better Pareto point. The
coherence mechanism transfers across scenes within the same architecture, but the optimal X is both
architecture-specific and scene-sensitive, as the dimensional analysis predicts. What does not transfer
is the numerical sweet spot—and a single cross- architecture A is not the paper’s claim.

9.2 Real-world: HyperNeRF (4 scenes)

We ran 4DGS baseline vs. EER (A=0.05, the same value used on D-NeRF—no re-tuning) on four
HyperNeRF [[12]] scenes with the stock 4DGS HyperNeRF config (14K iters, lower-resolution images,
noisy poses, non-Lambertian materials).

EER reduces the PSNR gap on all 4 scenes (mean —14.9%) at an average test-PSNR cost of only
—0.07 dB—effectively free. Gap reductions range from +6.6% (vrig-peel-banana, where the baseline
gap is already small at 0.89dB) to +24.0% (vrig-3dprinter, where test PSNR also improves by
0.11dB). The same A = 0.05 transfers from synthetic D-NeRF to four real-world scenes without
re-tuning, confirming that the coherence finding is not an artefact of perfect synthetic poses or
Lambertian materials. iPhone/Nerfies [[L1] datasets and a per-scene A sweep remain future work.

10 Discussion and Limitations

What the two findings together say. Split is the operational cause of the overfitting cascade: it
creates the seed Gaussians that subsequently clone (a clone-count-paradox on bouncingballs, 21K
clones vs. 4.3K splits, resolves once you notice that split is the bottleneck of the cascade). But the
gap is not fundamentally about the cloud’s size—if we constrain how the Gaussians can move (EER),
we can let the cloud grow freely and still close most of the gap. The concrete prescription is therefore:
use GAD to avoid paying for Gaussians you don’t need, and use EER to keep the Gaussians you
do have from memorizing training-view-specific deformations.

Limitations. Our main D-NeRF evaluation uses n =8 scenes; large effects (Findings 1 and 2) are
robust, but small differences should be read with caution. The primary backbone is 4DGS; cross-
architecture transfer to Deformable-3DGS requires per-loss-scale re-tuning of A (Sec.[9). Standalone
EER is = 9.4 x slower than baseline (the k-NN cost scales with cloud size); with capacity control
capping the cloud at 22K Gaussians, overhead drops to 1.35x. We also evaluated four additional
regularizers and one diagnostic; none exceeded 10% gap reduction.

Conclusion. Splitting drives most of the overfitting in monocular dynamic Gaussian splatting; the
gap is not fundamentally about cloud size. A local-smoothness penalty on the deformation field
(EER) reduces the gap by 40.8% while growing the cloud by 85%, directly reducing per-Gaussian
strain by 99.7%. The coherence finding generalizes to Deformable-3DGS and to real HyperNeRF
video. We evaluate three regularizers (EER, GAD, PTDrop); the primary combination GAD+EER
closes 48.2% of the gap, and adding PTDrop with a growth cap reaches 57.4% at larger quality cost.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract states two specific findings (split dominates; coherence beats
capacity) that are directly supported by the ablation (Sec. 5) and EER experiments (Sec. 6).
Cross-domain transfer claims are scoped to the architectures and datasets tested.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Sec. 10 (Discussion and Limitations) explicitly lists: sample size (n =8 D-
NeRF scenes), single default backbone (4DGS), EER compute overhead (9.4 x standalone),
GAD derivation being a heuristic, and the scene-sensitivity of \.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (or correct) proof?

Answer: [N/A]

Justification: The paper does not claim formal theoretical results. The GAD threshold
formula (Eq. 2) is explicitly presented as a BIC-motivated heuristic, and we report the
empirical falsification of the growth-bound assumption (o =~ 0.04 vs. assumed o = 1).

4. Experiments reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper?

Answer: [Yes]

Justification: All hyperparameters, schedules, and implementation details are specified in
Secs. 4, 6, and 7. The codebase, training scripts, and configs are included in the supple-
mentary. Each method is ~20 lines of code on top of public 4DGS/Deformable-3DGS
codebases.
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10.

11.

12.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results?

Answer: [Yes]

Justification: Code will be released upon acceptance. All datasets used (D-NeRF, HyperN-
eRF) are publicly available. Training scripts and configs are in the supplementary.

. Experimental setting/details

Question: Does the paper specify all the training and test details necessary to understand the
results?

Answer: [Yes]

Justification: Sec. 4 specifies dataset, baseline, metrics, statistical protocol, hardware, and
all 8 ablation conditions. EER implementation details (Sec. 6) and GAD formula (Sec. 7)
are fully specified.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly?
Answer: [Yes]

Justification: We report paired ¢-tests with Cohen’s d, bootstrap 95% Cls for the count—gap
correlation, and per-scene breakdowns. We explicitly note that n = 8 provides limited
statistical power and that small differences should not be over-interpreted (Sec. 4).

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources needed to reproduce the experiments?

Answer: [Yes]

Justification: All experiments run on a single NVIDIA RTX 3070 (8 GB). Per-scene training
time (~13 min baseline), EER overhead (1.35 x in combination, 9.4 x standalone), and total
GPU budget (~15 hours for all experiments) are reported.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics?

Answer: [Yes]

Justification: This is a diagnostic study of an existing method class using public benchmarks.
No human subjects, no private data, no dual-use concerns.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work?

Answer: [N/A]

Justification: This is a technical diagnostic study of overfitting in 3D reconstruction methods.
The direct societal impact is negligible; the methods improve training robustness of an
existing technique without introducing new capabilities.

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models?

Answer: [N/A]

Justification: No new datasets or pretrained models are released. The methods are small
regularizers (~20 lines each) applied to existing public codebases.

Licenses

Question: Are the creators or original owners of assets used in the paper properly credited
and are the license and terms of use explicitly mentioned and properly respected?
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13.

14.

15.

16.

Answer: [Yes]

Justification: D-NeRF, HyperNeRF, 4DGS, and Deformable-3DGS are cited. All are
publicly released for research use.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Our code contributions (GAD, EER, PTDrop implementations + analysis
scripts) are documented in the supplementary with README files and inline comments.

Crowdsourcing and human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots?

Answer: [N/A]

Justification: No crowdsourcing or human subjects involved.

IRB approvals

Question: Does the paper describe potential risks incurred by study participants?

Answer: [N/A]

Justification: No human participants.

Use of LLMs

Question: Does the paper describe the use of LLMs in the research and/or writing process?
Answer: [Yes]

Justification: An LLM (Claude) was used as a coding and writing assistant during the
research process, including experiment scripting, figure generation, and manuscript drafting.
All scientific claims, experimental designs, and analyses were verified by the author.
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