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Abstract

Future dynamic novel-view synthesis requires extrapo-
lating multiple motion regimes within the same scene.
A single dynamics model may not simultaneously rep-
resent stationary regions, coordinated motion, local in-
teractions, and articulated trajectories. We introduce
Motion Regime Expert Routing for Gaussian Splat-
ting (MoRE-GS), a causal, render-aware framework for
forecasting dynamic 3D Gaussian scenes. MoRE-GS
freezes a Gaussian representation reconstructed exclu-
sively from the observed temporal prefix and forecasts
its control-keypoint motion using four complementary
experts: persistence, a coefficient-space Transformer, a
graph convolutional network, and a structured Trans-
former with rigid and non-rigid motion constraints. A
compact routing table assigns expert mixtures across
soft motion groups and forecast-horizon bins, while
a persistence gate suppresses unreliable extrapolation.
Across D-NeRF and HyperNeRF scenes, MoRE-GS
achieves improved performance against other methods
and these results demonstrate that renderer-calibrated
composition of complementary motion predictors im-
proves causal dynamic Gaussian forecasting across het-
erogeneous motion regimes.

1. Introduction

Forecasting future 3D scene states is important for pre-
dictive perception and planning in autonomous driving,
closed-loop evaluation of safety-critical autonomy sys-
tems, and model-based robotic navigation, where an
agent must anticipate scene evolution before future ob-
servations become available [2, 5, 21, 24]. This prob-
lem is challenging because motion in dynamic scenes
is both spatially heterogeneous and temporally vary-
ing. Background regions may remain stationary, ob-
jects may follow smooth or periodic trajectories, and
articulated or deformable components may exhibit lo-

jpeeples@tamu.edu

cally coupled motion [14, 16]. Prediction reliability also
changes with the forecast horizon, defined as the tem-
poral distance from the last observed frame: recent
motion can support accurate near-term extrapolation,
whereas trajectory, phase, and multimodal uncertainty
accumulate farther into the future [2]. Accurate future
synthesis must therefore adapt the motion model to
both spatial region and forecast horizon.

3D Gaussian Splatting (3DGS) [6] provides an ex-
plicit, differentiable, and efficiently rendered represen-
tation for novel-view synthesis. Dynamic extensions
have achieved high-quality reconstruction by optimiz-
ing Gaussian geometry, appearance, and deformation
over observed timestamps [11, 12, 20, 22]. Future novel-
view synthesis presents a fundamentally different prob-
lem: the model must extrapolate open-loop to times-
tamps beyond the observation interval while rendering
from novel camera views. Moreover, the complete fu-
ture suffix must remain unavailable during scene recon-
struction, motion estimation, model selection, check-
point selection, and early stopping.

Existing forecasting approaches model motion using
velocity fields, keypoint graphs, continuous latent dy-
namics, or coherent motion groups [8, 10, 19, 23]. Each
formulation provides a useful inductive bias, but exist-
ing methods typically rely on a single forecasting fam-
ily across the scene or apply the same predictor family
to all motion groups. A predictor that is well suited
to smooth or periodic trajectories may be less appro-
priate for articulated, interacting, or nearly static re-
gions. Moreover, the most appropriate predictor may
change with the forecasting horizon. This motivates
routing among complementary motion models at both
the motion-group and forecast-horizon levels.

We propose Motion Regime Expert Routing for
Gaussian Splatting (MoRE-GS), a causal and render-
aware framework for forecasting dynamic 3D Gaussian
scenes. Given a dynamic 3DGS reconstructed from the
observed prefix, MoRE-GS freezes the Gaussian repre-



sentation and predicts the future translation and rota-

tion of its control keypoints. A compact router com-

bines complementary motion hypotheses separately for
each motion group and forecast-horizon bin. The
router is supervised through the frozen Gaussian ren-
derer and includes an explicit persistence gate that
suppresses unreliable motion extrapolation. It is cali-
brated exclusively from chronologically partitioned ob-
servations within the available prefix and frozen before
future evaluation.

Our contributions are:

e A heterogeneous motion-expert framework for fore-
casting a frozen dynamic 3D Gaussian repre-
sentation by combining persistence, an orthonor-
mal coefficient-space predictor, graph-based interac-
tions, and rigidity-aware structured motion predic-
tion.

e A render-aware, group- and horizon-conditioned
router that separately controls persistence and com-
bines complementary learned motion predictors
through image-space supervision from the frozen
Gaussian renderer.

e An observed-only temporal fit-calibrate-refit proto-
col that calibrates the router without exposing re-
construction, expert training, routing, checkpoint
selection, or early stopping to the withheld future
suffix.

2. Related Work

2.1. Static and dynamic scene representations

Neural Radiance Fields (NeRF) [13] represent scenes
using continuous neural functions, whereas 3DGS uses
explicit Gaussian primitives and differentiable splat-
ting for efficient rendering. Both representations can
become poorly constrained when observations are lim-
ited. Sparse-view methods address this issue using geo-
metric, appearance, or frequency-domain prior [17, 25].
Typical NeRF and 3DGS methods assume static scenes,
but prior work has extended these methods to account
for dynamic changes [11, 12, 15, 16, 20, 22]. Previ-
ous methods primarily target reconstruction or inter-
polation over observed timestamps rather than strict
causal extrapolation to a withheld future suffix. The
proposed MoRE-GS follows the broader motivation of
combining complementary inductive biases, but applies
it to causal temporal forecasting through distinct mo-
tion predictors rather than sparse-view regularization.

2.2. Future dynamic scene forecasting

Neural Velocity Fields for 3D Physics Learning from
Dynamic Videos (NVFi) [10] combines a radiance rep-
resentation with a learned velocity field to support

temporal extrapolation. GaussianPrediction [23] intro-
duces lifecycle-aware canonical Gaussians and concen-
tric motion distillation, reducing dense Gaussian defor-
mation to a compact keypoint graph. Future keypoint
translations and rotations are then predicted using a
graph convolutional network. MoRE-GS retains this
Gaussian representation and keypoint-based motion in-
terface as a controlled foundation, while extending the
forecasting stage with complementary motion experts
and scene-calibrated group-horizon routing.

Latent Ordinary Differential Equations for Dy-
namic Scene Extrapolation with 3D Gaussian Splat-
ting (ODE-GS) [19] encodes observed Gaussian tra-
jectories using a Transformer and evolves the result-
ing latent state through a neural ordinary differen-
tial equation, providing a continuous formulation for
temporal extrapolation. Motion Group-aware Gaus-
sian Forecasting (MoGaF') [8] constructs motion-aware
Gaussian groups and applies different optimization con-
straints to approximately rigid and non-rigid regions,
encouraging spatially coherent future motion. These
methods demonstrate the value of continuous dynam-
ics and structured motion groups, but they do not
explicitly route among heterogeneous predictor fami-
lies as a function of both motion regime and forecast
horizon. MoRE-GS instead combines several forecast-
ing hypotheses within a shared frozen Gaussian scene
and learns their relative contributions for each motion
group and forecast-horizon bin.

2.3. Motion structure and expert integration

Motion factorization provides compact and spatially
coherent scene dynamics. Neural Motion Factor-
ization (DynMF) [7] uses shared neural trajectories,
whereas Motion Scaffold (MoSca) [9] controls deforma-
tion through a sparse 4D scaffold. These representa-
tions motivate our use of compact motion variables
but do not combine predictors with complementary
temporal, relational, and geometric assumptions. Mix-
ture of Experts for Dynamic Gaussian Splatting (MoE-
GS) [3] combines deformation experts using a volume-
aware pixel router for reconstruction at observed times-
tamps, with pruning and distillation for efficient infer-
ence. In contrast, MoRE-GS forecasts a withheld fu-
ture suffix, routes control-keypoint motion over 3D mo-
tion groups and forecast-horizon bins, and calibrates its
router on a disjoint interval within the observed pre-
fix. Thus, MoRE-GS targets causal future extrapola-
tion rather than pixel-level reconstruction of observed
timestamps.
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Figure 1.
horizon router.

3. Method

3.1. Problem Setup and Overview

We use the dynamic 3D Gaussian representation and
renderer released with GaussianPrediction [23] as the
reconstruction backbone. The reconstruction stage is
trained using only the observed temporal interval. We
then freeze the Gaussian geometry, appearance, scale,
opacity, deformation representation, control keypoints,
keypoint-to-Gaussian motion bindings, and renderer.
MoRE-GS forecasts motion without reoptimizing this
reconstructed Gaussian representation.

Let frames 1,...,T,,s form the observed prefix and
the following H frames form the withheld future suf-
fix. GaussianPrediction represents deformation using
N control keypoints with translation and rotation tra-
jectories. Given the final L = 10 observed keypoint
poses, MoRE-GS predicts their transformations for the
next H steps. The frozen bindings transfer these trans-
formations to the Gaussians, and Eq. 1 renders the
corresponding future view:

Ty = Ro (X0 Quen),  h=1.. .H (1)
Here, Ih is the predicted future image at forecast step
h, Xh € RV*3 and Qh € RV*4 contain the predicted
translations and quaternion rotations of the control
keypoints, ¢ contains the evaluation-camera param-
eters, ® denotes the frozen Gaussian scene and motion
bindings, and R4 is the frozen renderer.

MoRE-GS forecasts control-keypoint motion using four complementary experts and an observed-only group—

As illustrated in Fig. 1, MoRE-GS combines four
heterogeneous predictors using a compact, scene-
specific routing table whose weights vary across soft
motion groups and forecast-horizon bins. A persistence
gate suppresses unreliable extrapolation. The router is
calibrated through the frozen renderer on a chronologi-
cally held-out part of the observed prefix and is frozen
before future evaluation.

3.2. Motion Experts

MoRE-GS uses four complementary experts: persis-
tence, a coefficient-space Transformer, a graph convo-
lutional network (GCN), and a structured Transformer.
Each expert receives observed control-keypoint trajec-
tories and predicts future translation and rotation. All
learned experts use only observed trajectories and fol-
low fixed training and output conventions across rout-
ing comparisons.

Persistence. The persistence expert copies the final
observed translation and rotation to every future step.
It has no trainable parameters and provides a conser-
vative static-motion hypothesis for stationary regions
or when learned extrapolation is unreliable.

Coefficient Transformer. Let §n e RELX7 denote
the channel-standardized motion history of keypoint
n, containing three translation coordinates and four
quaternion components at each observed step. Quater-
nions are first unit-normalized and sign-aligned over



time; the seven channels are then standardized indepen-
dently. Equation 2 reparameterizes this history using
a fixed, seeded random orthonormal basis:

Z,=BS,, BeR'  B'B=I (2

where Z,, € RE*7 contains the transformed coefficients,
B is the temporal basis, and I is the L x L identity ma-
trix. Orthonormality preserves trajectory norms and
pairwise distances: |BS,,||r = ||S»||#. Because B acts
only along time, it never mixes translation and quater-
nion channels. Its exact inverse BT and unit condition
number make this a lossless, well-conditioned reparam-
eterization when all coefficients are retained.

The coefficients are partitioned into three blocks
and combined with canonical-position and forecast-
horizon embeddings. A shared one-layer Transformer
encoder [18] and gated decoder predict translation
and rotation residuals relative to persistence for all fu-
ture steps in parallel. Seven-dimensional coefficients
are projected to width 32, augmented with coeffi-
cient, block, and canonical-position embeddings, and
pooled within three blocks. The pooled contexts and a
normalized-horizon embedding feed the gated decoder,
whose N x H x 7 output is rescaled, added to per-
sistence, and quaternion-normalized. Training com-
bines pose, velocity, acceleration, and gate penalties;
weights are listed in the supplement. The random ba-
sis does not impose a predetermined frequency order-
ing. It outperforms the frequency-ordered discrete co-
sine transform type II (DCT-II) [1] in the supplemen-
tary matched ablation; therefore, we assign no physical
frequency interpretation to its coefficient blocks.

Graph expert. The GCN uses the forecasting archi-
tecture released with GaussianPrediction [23]. Sepa-
rate translation and rotation branches learn affinities
among control keypoints and propagate coordinated
motion across related regions. It provides a relational
motion hypothesis that complements the parallel tem-
poral prediction of the coefficient Transformer. The
GCN predicts one future step at a time and is rolled
out autoregressively over the forecast interval.

Structured expert and hard groups. The structured
Transformer captures group-level dynamics within co-
herent keypoint groups. Its motion-aware grouping is
motivated by MoGaF [8], while its architecture and
supervision are specific to MoRE-GS. Each keypoint
descriptor concatenates its canonical position with the
first six principal component analysis (PCA) coeffi-
cients of its observed translation trajectory. We use
the same empirically selected rank of six for every scene.
In an observed-only analysis, these components retain

99.87% of the displacement variance on average across
the eight D-NeRF scenes, supporting a compact repre-
sentation with negligible loss of observed motion infor-
mation.

The descriptors are divided into eight hard groups.
Within each group, a shared one-layer Transformer
projects each standardized L x 7 keypoint history to
width 32 and applies temporal self-attention within
that keypoint. A contiguous masked span is an-
nealed during training; a linear head predicts the next
pose, and autoregressive rollout produces the future se-
quence. A normalized Kabsch alignment residual [4]
classifies each group as approximately rigid or non-
rigid. We align its first observed keypoint configura-
tion with sampled subsequent configurations and nor-
malize the root-mean-square alignment residual by the
root-mean-square group radius. A group is classified as
rigid when the temporal-median normalized residual is
at most 0.10 and as non-rigid otherwise. Rigid groups
receive a radius-normalized Kabsch alignment loss,
whereas non-rigid groups receive a radius-normalized
local displacement-consistency loss over four nearest-
neighbor edges. These physical terms are combined
with pose and acceleration losses; their weights are re-
ported in the supplement. These hard groups are inter-
nal to the structured expert and are distinct from the
soft router groups defined below.

3.3. Soft Groups and Group-Horizon Router

Soft router groups. We construct G = 16 soft
groups before router calibration. Canonical positions
come from the frozen reconstruction, while trajectory-
derived descriptor terms use only the expert-fitting in-
terval. Each keypoint descriptor contains its canon-
ical position, up to eight uniformly sampled scene-
normalized displacements, and observed speed, accel-
eration, and jerk statistics. After standardization, we
apply soft k-means with deterministic farthest-point
initialization: the first center is the descriptor with the
largest squared norm, subsequent centers maximize dis-
tance to the nearest existing center, and the centers are
updated for 30 fixed iterations without random sam-
pling.

The resulting assignment matrix A € [0, 1]V*¢ is
defined by Eq. 3:

exp(—dng/T) 3)

Apg =
! G )
Zg’:l exp(—dng' /T)

where A4 is the membership of keypoint n in group
g, dng is its normalized squared distance to group cen-
ter g, and 7 controls assignment softness. The assign-
ment matrix is fixed before router calibration, allow-



ing boundary keypoints to share routing weights across
compatible groups.

Routing weights. We divide the forecast interval into
B = 4 contiguous bins and let b(h) denote the bin
containing forecast step h. Bins use relative progress,
b(h) =1+ min{B — 1, |(h—1)B/H |}, rather than ab-
solute frame indices. The moving-expert set and com-

plete expert set are
gmov = {Coef, GCN, struct}, &= 5mov U {pers}.

For every group g and horizon bin b, Eq. 4 defines a
persistence gate and the moving-expert weights:

Ygb = 0 (agp),

1 —vgb,
ng,e = J
Ygb [softmax(zgp)], ,

e =pers, (4)
e € Emov-

Here, agp is the scalar persistence-gate logit, o is the
sigmoid function, v4, € [0,1] is the total probability
assigned to moving experts, zg, € R3 contains their
logits, and Wy, . is the weight assigned to expert e. The
gate determines how much motion is used, while the
softmax distributes this probability among the three
learned experts. With 16 groups and 4 bins, the router
contains 16 X 4 x 4 = 256 trainable parameters and is
a scene-specific calibrated table rather than an input-
conditioned network.

Equation 5 converts group-level weights into the ex-
pert weight for keypoint n at horizon h:

G
Tnhe = ZAngWg,b(h),ev (5>
g=1

where 7,pe is the final weight assigned to expert e.
The routed translation is defined in Eq. 6:

imh = Zﬂ-nheﬁz’hv (6>
ecé

where ﬁfl n € R3 is expert e’s candidate translation and
Xn,n is the routed result.

Because a quaternion and its negative represent the
same rotation, Fq. 7 aligns each candidate with the
persistence quaternion before computing a normalized
weighted average:

~ . ~¢  ~pers\ )\ ~e
qd,,, = sign (<qn,h7qn1h >> An,n>
ZEEE Wnizeqz’h

~NE
|ce manca,

(7)

qn,n =

e , . . ~pers :
Here, qj, , is expert e’s canNdldate quaternion, q;, " is
the persistence quaternion, q, ; is its sign-aligned form,
and qy, ,, is the final unit quaternion.

3.4. Observed-Only Router Calibration

Calibrating the router on the future suffix would in-
troduce evaluation information into model selection.
We therefore use an observed-only temporal fit—
calibrate—refit procedure with a fixed chronological
75/25 division of the observed prefix. The first 75%
is used to fit temporary experts, while the remaining
25% forms a contiguous calibration interval excluded
from temporary-expert fitting. It is included in the
frozen reconstruction, so “out-of-fit” applies only to the
temporary motion experts, not to representation learn-
ing. Under the primary D-NeRF 80/20 protocol, this
calibration interval nominally matches the duration of
the sealed future suffix, up to rounding. The division
is fixed across scenes and is not selected using future
performance.

The temporary experts forecast the held-out 25% of
the observed prefix, and the router is calibrated from
these out-of-fit forecasts through the frozen renderer
using the objective in Sec. 3.5. The temporary experts
are then discarded. Independently initialized deploy-
ment experts with the same architectures, preprocess-
ing, objectives, and output conventions are trained on
the complete observed prefix and paired with the frozen
router. No future evaluation frame, motion state, im-
age, or metric is used for reconstruction, grouping, ex-
pert training, router calibration, checkpoint selection,
or early stopping. Relative-progress bins permit reuse
across interval lengths. Applying the router after refit-
ting experts is an empirical matched-interface assump-
tion supported by final forecasting results, not a theo-
retical invariance or isolated transfer ablation.

3.5. Render-Aware Router Objective

Keypoint-space error weights visible and occluded mo-
tion equally, although their effects on the rendered im-
age may differ substantially. We therefore calibrate
the router using image-space error from the frozen ren-
derer. For pixel p in calibration image I, Eq. 8 defines
foreground and dynamic-change scores:

1
5E0) = 5 ITa(p) ~ Tugl

n 1 Tpers
50 = 5 |1 - B0 (8)
Here, (5Zg(p) measures mean absolute RGB difference

from the background, 5,‘?’“ (p) measures mean absolute
RGB difference from persistence, I, is the background

color, and /I\Zcrs is the persistence rendering.
Equation 9 defines the important-pixel mask:

My ={p: 8 0) > 11 V 50) > Tan o (9)



where 7, and Tqyn are fixed foreground and dynamic-
change thresholds. This mask emphasizes visible con-
tent and regions not explained by persistence.

For calibration frame h, Eq. 10 defines the rendering
loss:

o~

(0o = MSE (T, 14) + MSEpens, (T 14) . (10)

where the first mean-squared error (MSE) term is eval-
uated over the complete image and the second over
pixels in Mj,. The aggregate rendering loss is

Tcal

1 (h)
Tc render”

»Crender =

(11)

al h=1
The router uses three regularizers:

G B-1

1
»Csmooth = m Z Z Z (Wg,b+1,e - VVg,b,e)2

g=1 b=1 ecé&
(12)

(13)

1 G B
ﬁentropy = _GiB Z Z

=1b=1eEEmov

Q

(14)

Here, |€]| is the number of experts and € = 10~% pre-

vents numerical instability. The smoothness term dis-

courages abrupt routing changes between adjacent hori-

zon bins, the moving-mass term favors persistence un-

less motion reduces the rendered error, and the entropy

term encourages concentrated moving-expert weights.
The complete router-calibration objective is

£r0uter = Erender + Asﬁsmooth + )\mﬁmove + )\ecentropw

(15)
where Ag, A, and A, are the nonnegative regularization
weights. Exact mask thresholds, regularization weights,
and optimization hyperparameters are provided in the
supplementary material.

4. Experiments

4.1. Experimental Setup

We evaluate on all eight D-NeRF scenes [16] at 800x800
resolution. Each training-view sequence is ordered
chronologically: the first 80% is observed, and the fi-
nal 20% is reserved exclusively for forecasting evalua-
tion. The Gaussian representation is reconstructed for
60K iterations using only the observed prefix. HyperN-
eRF [15] provides a secondary real-capture stress test.

Z Wb, e log(max(Wyp e, €)) .

We retain only the official training-camera sequence,
exclude the held-out validation cameras, and apply a
chronological 90/10 observed/future split at the native
scene resolution using the released scene-specific recon-
struction configuration. Thus, future images are never
used for representation fitting, grouping, expert train-
ing, router calibration, checkpoint selection, or early

stopping.

Forecasting configuration. The observed-only Gaus-
sian representation is frozen before forecasting. Each
expert, receives the final ten observed keypoint poses.
The coefficient and structured Transformers use one
layer, width 32, eight attention heads, feed-forward
width 64, and dropout 0.2. They are optimized for
2,001 updates with a learning rate decayed from 1073
to 107°. The GCN follows the released GaussianPredic-
tion objective and autoregressive rollout. The proposed
MoRE-GS configuration uses 16 soft motion groups
and four forecast-horizon bins. For causal calibration,
temporary experts are trained on the first 75% of the
observed prefix and evaluated through the frozen ren-
derer on the remaining 25%. The router is optimized
for 200 AdamW updates with a learning rate of 0.05.
The temporary experts are then discarded, deployment
experts are independently trained on the complete ob-
served prefix, and the calibrated router is frozen before
future evaluation.

We report peak signal-to-noise ratio (PSNR), struc-
tural similarity index measure (SSIM), and learned per-
ceptual image patch similarity (LPIPS). We first aver-
age over evaluation views within each scene and then
weight all scenes equally. Every reported checkpoint
is cold-reloaded before evaluation. GaussianPrediction
and ODE-GS are local reproductions with the same
split and evaluation identities but method-specific rep-
resentations and budgets; MoGaF values are paper-
reported. These are system-level comparisons, whereas
Table 3 contains matched controls.

4.2. D-NeRF Forecasting

Table 1 reports 27.47 dB PSNR, 0.9480 SSIM, and
0.0446 LPIPS, improving PSNR by 2.13, 1.60, and
0.82 dB over GaussianPrediction, MoGaF, and ODE-
GS. MoRE-GS leads 16/24 per-scene metrics. ODE-GS
has higher PSNR on T-Rex, Jumping Jacks, and Hook,
but MoRE-GS has higher SSIM and lower LPIPS. Hell
Warrior is a failure case: MoRE-GS trails ODE-GS in
PSNR/SSIM and MoGaF in all metrics.

Figure 2 provides qualitative evidence at the longest
forecast horizon. On Mutant and Stand Up, MoRE-GS
better preserves global pose and reduces foreground
residuals. On the real-capture Chicken scene, it sub-



Table 1. D-NeRF 80/20 future forecasting. Best values, determined from the unrounded scores, are shown in bold.

GaussianPrediction MoGaF ODE-GS MoRE-GS
Scene PSNR t+ SSIMt+ LPIPS, PSNRt SSIM{t+ LPIPS|] PSNRt+ SSIMt+ LPIPS|, PSNR1t SSIM{ LPIPS |
T-Rex 21.08 0.940 0.046 20.60 0.941 0.050 21.51 0.944 0.054 21.13 0.944 0.048
Mutant 27.55 0.953 0.027 28.72 0.955 0.022 31.01 0.967 0.026 33.55 0.976 0.015
Jumping Jacks 20.00 0.912 0.084 20.12 0.922 0.073 22.23 0.920 0.080 21.18 0.925 0.069
Stand Up 27.44 0.948 0.044 30.38 0.954 0.034 27.23 0.944 0.054 30.68 0.958 0.034
Bouncing Balls 27.09 0.972 0.030 26.82 0.973 0.037 25.76 0.964 0.053 28.40 0.977 0.030
Hook 24.21 0.914 0.054 24.13 0.908 0.056 26.99 0.934 0.054 26.47 0.937 0.041
Hell Warrior 31.03 0.929 0.073 31.29 0.932 0.068 31.66 0.931 0.083 30.22 0.918 0.081
Lego 24.30 0.919 0.063 24.88 0.901 0.053 26.75 0.935 0.053 28.10 0.949 0.039
Mean 25.34 0.936 0.053 25.87 0.936 0.049 26.64 0.942 0.057 27.47 0.948 0.045

Table 2. HyperNeRF future forecasting under the chrono-
logical 90/10 protocol. MoRE-GS uses 16 motion groups.
Best values are shown in bold.

ODE-GS MoRE-GS
Scene PSNR{ SSIM{ LPIPS| PSNR{ SSIM{ LPIPS|
Chicken 1849 0.594 0.467 19.52 0.581  0.368
3D Printer  16.73  0.543  0.485  16.45 0.519  0.423
Cut Lemon  20.46  0.617 0.379  20.97 0.598  0.345
Split Cookie 19.65  0.630  0.264  19.95 0.638  0.259
Mean 18.83  0.596 0.399  19.22 0.584  0.349

stantially reduces the motion distortion produced by
ODE-GS.

Across D-NeRF, MoRE-GS improves mean PSNR
over persistence by 3.124, 3.169, 3.021, and 1.728 dB
from the nearest to the farthest future quartile. The
1.728 dB improvement at the farthest horizon confirms
that its advantage is not limited to near-term predic-
tion. Complete quartile-level results are provided in
the supplementary material.

4.3. HyperNeRF Results

HyperNeRF provides a challenging real-capture evalu-
ation involving handheld cameras, occlusion, non-rigid
interactions, and appearance variation. Table 2 re-
ports results under the causal chronological 90/10 ob-
served /future protocol using 16 motion groups. MoRE-
GS improves mean PSNR by 0.389 dB and reduces
mean LPIPS by 0.0496 relative to ODE-GS reproduc-
tion. It achieves higher PSNR on three of four scenes
and lower LPIPS on all four scenes. ODE-GS retains
a 0.0121 advantage in mean SSIM, indicating that
motion-only expert routing does not fully preserve fine
appearance and visibility structure under real capture.

Additional near-, middle-, and long-horizon exam-
ples are provided in the supplementary material.

Table 3. Causal D-NeRF ablations averaged over all eight
scenes. Best overall values, determined from unrounded
results, are bold; the selected configuration is underlined.

Variant PSNR 1 SSIM t LPIPS |

Individual experts

Persistence 24.70 0.936 0.053
Coefficient Transformer 26.51 0.941 0.051
GCN 25.22 0.934 0.052
Structured Transformer 25.95 0.932 0.061
Routing design

Observed-only fixed expert 26.61 0.942 0.051
Uniform mixture 26.66 0.944 0.045
Scene-level routing 27.13 0.945 0.047
Horizon-only routing 27.07 0.946 0.046
Group-only routing 27.53 0.947 0.045
Without persistence gate 26.85 0.944 0.048
Shuffled groups 26.92 0.943 0.050
Group-count sensitivity

MoRE-GS (G = 8) 27.26 0.947 0.046
MoRE-GS (G = 16, selected) 27.47 0.948 0.045
MoRE-GS (G = 32) 27.66 0.949 0.044
Regularization

MoRE-GS (G = 16), no regularizers 27.44 0.948 0.045

4.4. Causal Ablations

Table 3 compares individual experts with matched
routing, grouping, group-count, and regularization con-
trols; group-dependent rows use G = 16 unless marked.
MoRE-GS gains 0.96 dB over the strongest expert,
0.86 dB over observed-only selection, and 0.81 dB over
uniform mixing. Removing persistence costs 0.62 dB,
while motion-aware groups outperform shuffled groups
by 0.55 dB.

In the matched G = 16 comparison, group—
horizon routing is 0.06 dB below group-only routing
in PSNR but improves SSIM by 0.0012 and LPIPS by
0.0008. Supplementary quartiles show that its struc-
tural/perceptual gains persist beyond the nearest in-
terval. Horizon conditioning is therefore a modest sec-
ondary component; motion grouping provides the main
specialization.

Increasing G from 8 to 16 improves PSNR by 0.20
dB, while G = 32 provides a further 0.20 dB improve-
ment. We retain the cross-dataset setting G = 16;
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Figure 2. Long-horizon forecasts and absolute RGB residuals on Mutant, Stand Up, and Chicken. All residual maps use

the same color scale.

Table 4. Post-canonical efficiency for the profiled G = 8

configuration, averaged over eight D-NeRF scenes. State
excludes reconstructed scenes.
Method Params State Train (s) FPS VRAM

GaussianPrediction 14.173M 69.26 MiB —
ODE-GS 1.093M 13.10 MiB 10,444
MoRE-GS (G = 8 profile) 14.280M 69.75 MiB 1,135

155.11 -
39.00 2.43 GiB
84.83 2.15 GiB

G = 32 is reported only as a post-hoc D-NeRF sen-
sitivity result. The selected routing table has 256 pa-
rameters, excluding the 14.28M forecasting parameters
in Table 4. Removing all regularizers reduces PSNR by
only 0.03 dB, indicating a modest stabilizing effect.

4.5. Efficiency

Table 4 profiles G = 8 over eight D-NeRF scenes on
one RTX 4090; G = 16 was not reprofiled. Relative to
ODE-GS, MoRE-GS trains 9.20x faster, raises post-
canonical forecasting-and-rendering throughput from
39.00 to 84.83 FPS (2.18x), and uses 11.8% less peak
memory. The measurements include all experts and
routing but exclude the 60K reconstruction; matched
end-to-end timing is not reported.

Limitations. Evaluation covers eight synthetic D-
NeRF scenes and four HyperNeRF captures; driving

and robotics remain motivations, not evaluated deploy-
ments. Routers are calibrated per scene, and cross-
scene transfer is untested. Dense inference evaluates ev-
ery expert and costs more than a single expert, though
less than ODE-GS. MoRE-GS moves existing Gaus-
sians but does not forecast appearance, illumination,
opacity, unseen geometry, or topology.

5. Conclusion

We presented MoRE-GS, a causal, render-aware frame-
work that combines complementary motion experts
through group- and horizon-conditioned routing. The
router is calibrated entirely within the observed prefix,
preventing future information from influencing training
or model selection.

MoRE-GS achieves the best average performance in
the primary cross-method comparison on D-NeRF, im-
proving PSNR by 0.82 dB over ODE-GS reproduction.
The profiled G = 8 configuration provides substantially
faster post-canonical training and inference. Results
on four HyperNeRF captures provide preliminary real-
scene evidence. Overall, the results support renderer-
calibrated expert composition as an accurate and ef-
ficient approach to future dynamic Gaussian forecast-
ing.
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