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Fig. 1: Given multi-view video streams, FastFlowGS reconstructs geometry for high
fidelity, photorealistic novel-view rendering. We introduce Monaco4D, the first syn-
thetic outdoor dataset, with Formula 1 racing scenarios to benchmark extreme motion.

Abstract. Streaming 4D reconstruction has been demonstrated only
indoors, on dense camera rigs surrounding subjects that move at hu-
man pace. Outdoor 4D reconstruction exists but relies either on cameras
mounted on the moving vehicle itself, or on limited-coverage arrays ob-
serving quasi-static subjects offline. The case that actually matters for
spectators is a fast-moving subject, watched from a sparse ring of allocen-
tric cameras, streaming. No method targets this, and no benchmark ex-
ists to evaluate one. To this end, we introduce FastFlowGS, a streaming
4D Gaussian Splatting method for reconstructing fast-moving subjects
from a small set of fixed external cameras, and Monaco4D, a photoreal-
istic Unreal Engine 5 benchmark for high-speed outdoor reconstruction.
FastFlowGS fuses sparse matches, semi-dense tracks, and dense optical
flow by lifting each signal to 3D with geometric uncertainty and combin-
ing them through a Kalman-style temporal update. Monaco4D provides
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Formula 1 sequences under varied illumination from trackside, onboard,
and drone viewpoints with dense ground truth. On CMU-Panoptic (a
public dataset), FastFlowGS exceeds the strongest baseline by 12.6%
VMAF at 35% greater efficiency. On Monaco4D, where existing stream-
ing methods degrade severely, it improves dynamic-region PSNR by up
to 18.6% with 28.3% lower per-frame optimization time.

Keywords: 4D Reconstruction - Novel view synthesis - Immersive Sports

1 Introduction

“Auto racing began five minutes after the second car was built.” ~ Henry Ford

The instinct to race is older than the sport itself, and no series pushes it
further than Formula 1. Over 820 million fans follow F1, yet nearly all of them
watch through a single director-chosen frame that compresses a spatial spectacle
into a confined, flat image. VR and AR offer a way out, placing the viewer
anywhere in the scene, but they demand real-time 4D reconstruction of dynamic
outdoor environments, a challenge that no sport pushes harder than Formula 1.

Cars pass trackside cameras at over 300 km/h, their carbon-fibre bodywork
specularly reflecting the environment, while lighting shifts abruptly inside tun-
nels. The core difficulty is not speed itself but the pixel displacements it produces.
Filmed laterally at 30 Hz, a Formula 1 car moves 200 to 400 pixels between con-
secutive frames, an order of magnitude beyond what optical flow [25|/42] and
point trackers [6,[20] handle reliably.

Existing methods take one of two approaches, and neither holds at this scale.
Deformable representations |4],37,/48,/53| assume slow or camera-dominated mo-
tion and degrade when displacements grow large [43|. Streaming methods [11}/40]
50,/54] each commit to a single pixel-space correspondence mechanism, so when
that mechanism fails, the error propagates directly into the reconstruction. Avail-
able benchmarks further reinforce the problem. Driving datasets [3,[31},/41] are
captured from ego-vehicles and lack the lateral displacements of fixed trackside
cameras, while indoor sequences |19}28| have slow dynamics and controlled light-
ing. Together, they leave the combination of large pixel displacements, diverse
exocentric viewpoints, and uncontrolled outdoor illumination largely unexplored.

Monaco4D is the first multi-view benchmark built around this gap. Ren-
dered in Unreal Engine 5 7] on a to-scale replica of the Monaco circuit with
vehicle dynamics approximating real lap profiles, it provides seven sequences,
five illumination conditions, three camera modalities (trackside, onboard, drone),
and dense ground-truth annotations. We pair it with FastFlowGS, a streaming
Gaussian Splatting method built on a simple insight that no single correspon-
dence mechanism is reliable under large displacements, but their disagreement
reveals where each one fails. FastFlowGS fuses sparse feature matches, semi-
dense point tracks, and dense optical flow, using cross-level agreement scoring
to identify which signal is trustworthy at each location. The reliable correspon-
dences are lifted into 3D through uncertainty-aware triangulation and merged
with a Kalman temporal prior, producing per-Gaussian positions that converge
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at a fraction of the cost of standard streaming approaches.

Our contributions are:

1. FastFlowGS, a streaming 4D Gaussian reconstruction method that fuses
correspondence signals across scales to handle large pixel displacements.

2. Monaco4D, the first multi-view outdoor dataset, featuring F1 sequences
with extreme displacements, varied illumination, and camera modalities.

3. SOTA on CMU-Panoptic [19] (12.6% higher VMAF, 35% faster) and the first
streaming reconstruction on Monaco4D, where prior methods fail entirely.

2 Related Work

Dynamic scene reconstruction has advanced rapidly in controlled indoor and
egocentric driving settings, yet fast-moving outdoor subjects observed from spec-
tator viewpoints remain largely unexplored.

Deformable Representations and Gaussian Playback. A common
paradigm models dynamic scenes via a canonical representation with per-frame
deformations. D-NeRF [37] pioneered deformable radiance fields, K-Planes [9]
and HexPlane [4] introduced efficient explicit factorizations, Fourier PlenOc-
trees [45] and VideoRF [44] enable real-time rendering. All assume slow defor-
mation or dominant camera motion and degrade under rapid object displace-
ment [43]. Gaussian extensions [29}30,/361|48}/53,[58] achieve large speedups for
offline playback but target studio or indoor sequences where per-frame displace-
ments rarely exceed tens of pixels.

Streaming and Feed-Forward 4D Reconstruction. Streaming methods
accelerate per-frame convergence through diverse strategies: Dynamic-3DGS [34]
enforces persistent attributes with rigidity priors. 3DGStream [40]| uses a Neural
Transformation Cache; HiCoM [11] and ReCon-GS [10] use hierarchical grids
with dynamic reconfiguration; QUEEN [12]|, GIFStream [27], and Instant Gaus-
sian Stream [50] employ residual quantization, feature streams, and flow-based
anchor control, respectively. TrackerSplat [54], the closest predecessor to Fast-
FlowGS, initializes Gaussians from point trackers with per-frame finetuning; we
extend it with multi-resolution fusion, uncertainty-aware triangulation, and a
variational position prior. Feed-forward approaches |[5,15,[21}[24l26]46],|47][49]
55H57] bypass test-time optimization via pointmap regression or persistent-state
models but remain too compute-heavy for real-time use.

Outdoor Dynamic Scenes and Sports Reconstruction. EmerNeRF [52]
decomposes Waymo sequences into static, dynamic, and flow fields; StreetSurf [14]
and Street Gaussians [51]| adapt implicit surfaces and 3DGS to forward-facing
trajectories; SEED4D [22] adds exocentric views but remains urban and pedestrian-
scale. All assume ego-motion with strong forward parallax, which breaks in spec-
tator settings where objects move faster than the camera baseline. In sports, in-
dustrial systems [2L|13}|18}[39] reconstruct trajectories of compact objects (balls,
shuttlecocks), not full 4D scenes. Free-viewpoint sports video dates to Kanade et
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Camera Drone

Fig.2: Overview of the Monaco4D benchmark.: We cover six sections of the
Monaco circuit with dense multi-view camera coverage, multimodal ground-truth an-
notations (RGB, depth, normals, masks, scene flow), under five illumination conditions.

al.’s Virtualized Reality dome ; AerialRecon reconstructs outdoor ath-
letes from a single drone, and LiveSplats demonstrates real-time Gaussian
reconstruction of indoor arenas. However, these systems operate under controlled
lighting with subjects moving at up to 10 m/s; neither the displacement regime
nor the illumination conditions of outdoor motorsport have been addressed.

3 Monaco4D Benchmark

Monaco4D is a synthetic multi-view dataset rendered in Unreal Engine 5 with
path-traced photorealism. It comprises six sequences on a to-scale replica of the
Monaco Grand Prix circuit, each capturing a distinct segment (shown in Fig. 4
in the supplemental) with single-car and multi-car variants that include realistic
maneuvers such as overtaking, near-crashes, and formation drafting (Fig. .

Camera rig. Fach sequence provides fixed trackside cameras that are positioned
near the guardrails along the circuit, onboard cameras that follow FIA specifica-
tions [1| with seven per vehicle plus one helmet-mounted unit, covering forward,
rear, lateral, and driver perspectives, and drone cameras follow three trajecto-
ries that simulate broadcast operation, including subject tracking, rapid panning,
and abrupt zoom changes. More details are in Sec. 2.1 of the supplemental.

Lllumination conditions. Each sequence is rendered under five conditions (day,
evening, night, fog, rain), producing 30 sequence-illumination combinations be-
fore car-count variations. We also add within-clip transitions like tunnel entries,
intermittent shade from buildings, and streetlamp pools at night, to challenge
the slowly-varying illumination assumption of most photometric methods.

Ground-truth annotations. Each frame provides path-traced RGB, surface nor-
mals, metric depth, per-instance segmentation masks, and dense 3D scene flow.
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Fig. 3: Overview of FastFlowGS. We decompose the scene into sky, background,
and foreground (Sec.. Sky and background are reconstructed via a skybox and
Hierarchical 3DGS , respectively. Multi-resolution 2D motion fields are estimated
per view (Sec. and scored for cross-level agreement (Sec.. Gaussians are asso-
ciated with their contributing pixels (Sec. and each level’s estimates are lifted to
3D via triangulation (Sec.. An uncertainty-based fusion merges all levels with a
Kalman-based temporal prior into a single position estimate per Gaussian (Sec.,
which seeds fast per-frame optimization and densification (Sec.. The three layers
are composited at render time. Refer Alg. 1 in the supplemental for pseudocode.

4 FastFlowGS

We find that no single correspondence type is reliable across all surfaces and
motions. Sparse features fail on textureless regions, dense flow degrades near oc-
clusions, and any level may appear equally plausible where little motion occurs.
FastFlowGS resolves this by measuring cross-level agreement as a proxy for reli-
ability, lifting each level to 3D with a covariance estimate, and fusing all sources
through a single information-form update where each contributes in proportion
to its geometric precision.

4.1 Scene Factorization for Dynamic Reconstruction

We represent the scene as three independently fitted layers composited at render
time: static background, dynamic foreground, and sky. The background uses
Hierarchical 3DGS , optimized once at t =0. For subsequent frames, geometry
is frozen and only SHs (color) are updated to account for illumination drift [17].
Dynamic Gaussians are initialized at t=0 by running 3DGS on a hemispherical
rig around the cars with scale regularization For ¢ >0, they are identified
by projecting onto the previous frame’s segmentation masks and repositioned via
the fusion of Sec. The sky violates finite-depth assumptions and is rendered
as a low-resolution skybox composited behind other layers.
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4.2 Multi-Resolution Motion Field Estimation

FastFlowGS estimates per-view 2D motion fields by integrating correspondence
sources at different spatial scales. An arbitrary number of trackers with varying
levels of sparsity comprise the set L; since triangulation (Sec. runs inde-
pendently per level, all levels execute in parallel. Sparse tracks are keypoint
correspondences [33], medium are semi-dense point tracks [6,20], and dense are
per-pixel optical flow [25,/42].

Voronoi densification. Sparse and medium tracks are densified to full reso-
lution via Gaussian-weighted Voronoi interpolation [25]. For each pixel p =
(u,v), the K = 8 nearest track observations are interpolated with weights
w; x exp(—d?/20?) (o = 0.05), where d; is the distance to Voronoi center i. The
nearest-neighbor kernel value defines confidence CV°"(p), which down-weights
pixels far from any track during triangulation. More details are in Sec. 1.4 and
Alg. 2 of the supplemental.

4.3 Cross-Level Motion Agreement

Since each correspondence tracker has its limitations, rather than selecting a
preferred level, we estimate reliability by measuring agreement between them:
pixels where motion estimates disagree are downweighted regardless of which
estimate is correct.

Formally, let F = {F;} where i € L, F; € RV>*#xWX2 denote the densified
flow fields for all tracking levels over V' views. Each level’s per-pixel confidence
is:

2
Ci = ¢(C”,F) = C{* @ exp (—; e D) (1)
Cs= ¢(CZ°r, F)a Cp = ¢(C‘r]r(1)r7 F)? Ci= w(CZlor7 F)? (2)

where Dy, = ||f, — f3||2 for {a,b} € L, and F = \T1||| YicL
magnitude, clamped below at 1 px to avoid amplifying static regions. Eqgs. (1)
encode two complementary principles: a track far from any observation is
unreliable (Voronoi term), and a track that disagrees with the other levels is
unreliable regardless of its density (cross-level term).

F,||2 is the mean flow

4.4 Gaussian-to-Pixel Association

To associate each Gaussian with its contributing pixels, we record the top-K
Gaussian indices and alpha-blending weights o, p, 1, for every pixel p and view v €
V, yielding weighted observations {i,v, p, a, .} used to locate each Gaussian
in image space and weight its triangulation contribution (Sec. .

Each observation is weighted by:

Wy pil = Qpi Ci(v,p) - [|[Fi(v,p)l|2- (3)
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The product structure is such that, a Gaussian contributes to a position es-
timate only when it renders prominently («), the correspondence is geomet-
rically consistent (C;), and there is actual motion to track (||F;||). The pro-
jected mean of each Gaussian i is then updated per view v and tracker [ as

2% = 2% + > p @,p,iF1(v,P), to be used in triangulation.

4.5 Uncertainty-Aware Multi-View Triangulation

We estimate updated Gaussian positions ﬂg’j as the weighted intersection of
viewing rays, discarding views whose geometry is ambiguous.

Weighted DLT triangulation. Given projected observations {{i2% ,}, we estimate
each 3D position by minimizing the weighted reprojection error. For unit ray
direction (Aiw-yl lifted from [Liil via camera intrinsics and extrinsics, the DLT
constraint is:

Nv,i,l
(Z wv,p,i,l> '(13x3 - av,i,laq—ii,l)(ﬂg’j - Ov) = 03x1, (4)
p

where o, is the camera center. For Gaussian ¢ visible from N; views, these
constraints form a weighted least-squares system |[W[A[2{ — b][|3 = 0, where

W - diag(U113><3» ‘e ;nNiI3><3)a

I- &1&1T (I — (AilfilT)ol
A= : ., b= : :

I-dy,dy, (I—dy,dy)ox,

with closed-form solution ﬂg’j = (ATWA)"!ATWb, solved independently
per tracker [. Fig. [l demonstrates this.

Views whose motion direction is nearly
collinear with the viewing ray (angle < 25°) are
discarded: such configurations contribute little
depth information and cause depth changes to
appear as lateral motion. Geometrically, ,&f‘f is
the point minimizing perpendicular distance to
all rays cAlw»’l.

Covariance estimation. Each triangulation
yields not just a position but a measure of ge-
ometric reliability. Under isotropic observation
noise, the estimator covariance is:

Fig.4: We use gaussian-pixel
matching to estimate 3D flow of
each level

WA bl

Sia=06% - (ATWA)T!, 6% = ul
N Uz,l ( ) ) O-z,l Nz_3 )

(5)
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where N; — 3 is the residual degrees of freedom. Large eigenvalues of i‘i,l reflect
poor geometry (near-parallel rays, few views, or inconsistent flow), while small
eigenvalues reflect a reliable estimate. We pass f}iyl directly as measurement
uncertainty into the fusion below.

4.6 Variational Temporal Motion Fusion

We fuse the per-level triangulation estimates with a temporal prior through a
single Kalman-style update, where each source contributes in proportion to its
geometric precision.

Energy formulation. We seek the 3D position uf’@i of Gaussian i at frame ¢
minimizing:

t
E({meYosy) =D Imdd — sty 13 + D llwdd — ]
T=1

leL

(6)

where ||v|2; = v Mv. The first sum penalizes temporal deviations weighted by
inverse process noise Q;!; the second penalizes disagreement with each tracker

weighted by its triangulation precision 27 L-

Closed-form minimizer. Minimizing £ with respect to u 4 yields the linear sys-
tem:

1 s 03 ~3d

Pzt|t 1+22i7l]uit Plt‘t 1lu2t 1+Zzzl:uzl7 (7)
leL leL

where P; ;1 = P; 1 + Qq is the predicted covariance from the previous pos-

terior. This is the information-form Kalman update; the posterior mean and

covariance are:

My =25t

)

1 —1 d _ A —1
itlt— 1Uzt 1t E Ezl U?l‘| ) iy Pzt‘t DY X (8)
leL lcL

Multi-resolution fusion and temporal propagation are therefore not independent
design choices but two terms in the same objective, competing for influence
in the precision accumulator X; tl purely on the basis of geometric reliability.
Gaussians for which all levels fail to triangulate receive only the temporal term
P;tll ;1> anchoring them to their previous position with covariance that grows
with each unanswered frame.

We model dynamics as a random walk p¢ = 129 | + wy, wy ~ N(0, ¢71),
where ¢; is the median 3D displacement of successfully triangulated Gaussians
at frame ¢, bootstrapped from the previous frame at ¢ = 1. This ties process
noise directly to observed scene dynamics: fast frames relax the temporal prior
and cede influence to the tracker measurements; near-static frames tighten it.
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Optimization. Following [17], we optimize dynamic and static layers in par-
allel using a hybrid renderer that jointly rasterizes Gaussians and the skybox.
Dynamic Gaussians minimize a foreground-masked £1-SSIM loss over all param-
eters; background Gaussians update only their spherical harmonics to preserve
geometric stability. Because the variational initialization places Gaussians near
their correct positions, convergence requires very few iterations.

Uncertainty-driven densification. Rather than waiting for rendering error to
identify under-reconstructed regions after many gradient steps, we split or clone
Gaussians with high triangulation uncertainty before optimization begins, front-
loading capacity where multi-view geometry is weakest. To the best of our knowl-
edge, no prior streaming Gaussian method drives densification temporally (from
geometric uncertainty) rather than rendering error.

5 Experiments

We evaluate FastFlowGS on two datasets testing complementary regimes. CMU-
Panoptic [19] is a standard indoor multi-view benchmark, included to confirm
that solving the large-displacement problem does not degrade general indoor
performance. Monaco4D tests whether the approach holds when the assumptions
underlying every prior method no longer do. For CMU-Panoptic, we select six
subsequences from 161029 sportsl and evaluate at the native frame rate and
under 5x subsampling to simulate larger inter-frame motion.

Baselines. We compare against six online reconstruction methods with public
implementations: Dynamic-3DGS [34], 3DGStream [40|, HiCoM [11], QUEEN [12],
ReCon-GS [10], and TrackerSplat [54]. Instant Gaussian Stream [50] exceeded
GPU memory on both datasets.

We additionally report 3DGS-Base, a purposefully simple control that ini-
tializes each frame’s dynamic Gaussians from the previous frame’s reconstruc-
tion and finetunes with standard 3DGS, without predicting positions before opti-
mization. Every other method, including FastFlowGS, explicitly estimates where
Gaussians should move before optimization begins; 3DGS-Base isolates exactly
what that prediction step is worth. On CMU-Panoptic, we report FastFlowGS
which uses 300 iterations per frame, and FastFlowGS-faster which uses 200 it-
erations, trading a modest quality reduction for higher throughput.

Metrics. We report PSNR and VMAF averaged across all frames and views. Nei-
ther captures reconstruction quality at dynamic regions, so we additionally com-
pute Masked PSNR (M-PSNR), restricting evaluation to dynamic foreground
regions. A method that reconstructs static pixels accurately but smears fast-
moving objects can post high full-image PSNR while failing at the actual task.

Most methods initialize from a high-quality first frame, inflating sequence-
average PSNR while concealing temporal decay. We introduce A-PSNR, the dif-
ference between first- and last-frame PSNR, which is high for degrading methods,
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Ground truth D-3DGS TrackerSplat

Fig. 5: Qualitative Results for test cameras of CMU-Panoptic dataset. To avoid over-
crowding, we show results only on the top 3 quality methods. Insets mean the default
frame rate and insets mean 5 frame skip

near zero for stable ones. For efficiency, we report mean per-frame training time
using only the dynamic component of FastFlowGS, since static and dynamic
branches run in parallel. VMAF Efficiency (VE = VMAF/Time) and PSNR
Efficiency (PE = PSNR/Time) capture quality per unit of compute. All experi-
ments run on an NVIDIA RTX A4500 at 960 x 540. Following [17}/34}/40,54], we
report training time only, as preprocessing pipelines differ across methods. We
provide an entire wall-clock time decomposition of each component (including
preprocessing time) in Sec. 1.3 of the accompanying supplemental.

5.1 CMU-Panoptic

All methods run end-to-end with default pipelines on the selected subsequences.
FastFlowGS leads every baseline on every metric at both frame rates, but the
more revealing result is temporal stability, not the absolute quality gap. Most

Table 1: Quantitative results on CMU-Panoptic at normal frame rate (left) and 5x
frame skipping (right). Time is in seconds.

‘ Normal Frame Rate ‘ 5% Faster

‘VMAF 1PSNR 1+ APSNR | MPSNR 1 Time | VE T‘VMAF 1PSNR 1+ APSNR | MPSNR 1 Time | VE 1
D-3DGS 4545 25981  0.397 24.070 120.54 0.38| 45.93 25.941 0.631 24.394 120.54 0.38
3DGStream | 48.39  27.189 _ 21.563  6.75 7.17| 3295 21.68 3.71 13.20 6.75 4.88
HiCoM 53.93 27.033  2.349 23.784  5.89 9.16| 36.66 21.105 3.042 13.16 5.89 6.22
QUEEN 49.21 27.046  1.321 25.006 8.81 5.59 26.448  2.188 25.39 8.81 5.81

ReConGs 42.94 25475 1.484 22.665  3.82 11.24] 18.91 20.749 2473 12.71 3.82 4.95
Trackersplat | 46.24 24.719  3.825 22,536 14.14 3.27| 44.36 24.364  2.928 19.791 14.14 3.14

Ours 0.133 4 15.18] 50.66 4 12.67
Ours-faster| 55.79 27.262 0.147 25.722 48.36  26.894 0.241 26.84
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baselines accumulate more than 1dB of drift over a sequence; FastFlowGS holds
A-PSNR near zero at both frame rates (Tab. |1} Fig. .

The 5x subsampled setting reveals which motion models hold under stress.
3DGStream, HiCoM and ReCon-GS suffer the sharpest drops, because they
all use (neural or hierarchical) hash grids which impose a finest-cell resolution
that caps representable displacements. FastFlowGS retains highest PSNR, M-
PSNR, and lowest A-PSNR under faster motion, confirming that multi-scale
correspondence fusion does not require smooth inter-frame transitions to work.
FastFlowGS-faster maintains the highest VE across both settings at 3s per frame.

Table 2: Results on Monaco4D under the full-quality protocol. All streaming baselines
fail on this setting (Fig. E[), hence only 3DGS-Base is reported. Time is in seconds.

| Fairmont (5 cars) | Rascasse (1 car) | Main Straight (3 cars)
[VMAF1PSNR +MPSNR 1 Time |[VMAF 1PSNRtMPSNR{ Time|[VMAFtPSNRTMPSNR? Time/,
Base | 41.87  21.06 16.4 11.82 ‘ 39.87 21.26 15.66 6.42 | 55.89 21.43 1599 8.51

Ours| 43.93  21.53 18.88 8.47 | 40.81 21.48 1747 6.12 | 56.24 22.22 18.96 7.11

5.2 Monaco4D

Monaco4D is not simply a harder version of CMU-Panoptic, because it tests a
regime where the assumptions underlying existing methods break rather than
bend. Both evaluation protocols below share the same scene factorization: the
static background uses hierarchical 3DGS , the skybox is rendered from a
cubemap , and the dynamic foreground is optimized per frame. This decom-
position is necessary because end-to-end optimization at full resolution exceeds
the GPU memory of every method we evaluate. All methods use the same static
and sky layers, so the comparison isolates each method’s dynamic reconstruction.

Full-quality evaluation. Under this protocol the static background uses the full
hierarchical reconstruction at roughly 8 million Gaussians, exceeding the memory
budget of all streaming baselines; the only valid comparison is therefore against

Fig. 6: Qualitative Results for test cameras of Monaco4D. Insets depict the renders
from our 3DGS baseline and insets are from FastFlowGS.
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3DGS-Base. That this comparison reduces to a single baseline is not a limitation
of the experimental design rather, the central empirical finding of this section,
and we return to it directly with the reduced-memory experiment below.

We evaluate on three sequences spanning increasing scene complexity: Fair-
mont puts five mutually occluding cars through a tight hairpin, Main Straight
runs three cars at maximum speed, Rascasse, the simplest, has a single car.

FastFlowGS outperforms 3DGS-Base on every sequence and metric (Tab. .
The gains are correlated with scene complexity, largest on Fairmont and smallest
on Rascasse. Full-image PSNR understates the difference because the static back-
ground dominates the per-pixel average. 3DGS-Base produces visibly smeared
car surfaces with lost high-frequency detail that appear clearly in Fig. [6]| but are
diluted by full-image metrics.

Why existing streaming methods fail. The failure of streaming baselines on
Monaco4D is not a matter of degree. Trained on masked dynamic regions under
the full-quality protocol, all five methods lose the majority of their Gaussians
by frame 2 and produce empty reconstructions by frame 5. Three conditions,
absent in combination from every prior streaming benchmark, compound to
produce this outcome:

1. Inter-frame displacements are an order of magnitude beyond what any ex-
isting method was designed or evaluated for.

2. Cars routinely leave and re-enter individual camera frustums between con-
secutive frames, breaking the assumption of continuous multi-view coverage
that underpins every baseline.

3. At most 7-8 cameras observe the dynamic region at once, providing far
sparser per-object supervision than any indoor benchmark.

Methods without densification, D-3DGS and TrackerSplat, degrade monoton-
ically because Gaussians displaced beyond the dynamic mask lose their gradient
signal and are never recovered. Methods with densification, 3DGStream, HiCoM,
ReCon-GS, and QUEEN, eventually regenerate an approximate shape, but the
initial estimate collapses so completely that recovery is indistinguishable from
restarting 3DGS from scratch on each frame (Fig. .

Ground truth Qurs D3DGS WUEEN ReConGS

Fig. 7: Renders from a training view at frame 2. All streaming baselines initialized
on frame 1 lose their Gaussians within one step. Large displacements push primitives
outside the dynamic mask, severing gradient flow before optimization can recover.
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Table 3: Quantitative results with reduced-memory background, per se-
quence. Time is in seconds. QUEEN ran out of memory on Main Straight (—). Full
results including PSNR and MPSNR are in the supplemental. (Tab.

‘ Fairmont ‘ Main Straight ‘ Rascasse ‘ Tunnel ‘ Uphill ‘ Pool
Method  [VMAF Time VE|[VMAF Time VE|[VMAF Time VE [VMAF Time VE|[VMAF Time VE [VMAF Time VE
D-3DGS | 40.47 738 0.0535.83 724 0.05] 38.73 729 0.05| 32.11 732 0.04 41.17 740 0.06| 34.36 727 0.05
HiCoM 0.89 |27 003 1.09 24 0.05 201 25 0.08 0.25 =24 0.01| 0.97 [ 29 0.03] 1.16 26 0.04
QUEEN 539 61 009 - - - |1267 23 0.58 039 69 001 022 70 0 |3875 23 1.68

ReConGs 0.71 48 0.01] 1.21 48 0.03] 1.66 35 0.05 0.36 39 0.01] 0.89 39 0.02] 1.24 25 0.05
Trackersplat| 2.72 72 0.04] 0.78 95 0.01) 9.67 70 0.14] 7.15 94 0.08 1.59 60 0.03] 6.77 58 0.12

FastFlowGS| 46.89 25 1.88] 50.1 21 2.39] 53.84 23 2.34| 48.9 19 2.57 55.84 27 2.07| 51.87 22 2.36

Reduced-memory evaluation. To test whether this failure is intrinsic to the dis-
placement regime or merely a consequence of memory constraints, we replace the
hierarchical background with a standard 3DGS at one-eighth the point count,
roughly 1 million Gaussians, bringing every method within budget. Per-timestep
iterations are increased to allow convergence, so FastFlowGS numbers in Tab. [3]
differ slightly from the full-quality protocol.

The answer is unambiguous (Tab. . Despite operating against a back-
ground eight times denser than any baseline, FastFlowGS achieves the highest
VE on every sequence. The gap is not primarily about raw timing: on Fair-
mont, HiCoM finishes within two seconds of FastFlowGS (27s vs. 25s), yet
produces VMAF 0.89 against FastFlowGS’s 46.89. D-3DGS is the only base-
line that achieves recognizable reconstruction quality (VMAF 32-41 across se-
quences), but at 720-740 seconds per frame it is two orders of magnitude slower
than FastFlowGS. QUEEN shows its best result on Pool, where its VE of 1.68
is the closest any baseline comes to FastFlowGS’s 2.36, but its VMAF of 38.75
trails by 13 points and it collapses on every other sequence. HiCoM, ReCon-GS,
and TrackerSplat fall below VMAF 10 on most sequences. Relaxing the memory
constraint does not resolve the failure, which confirms that the problem is a
fundamental mismatch between the displacement regime Monaco4D introduces
and the motion models these methods rely on. Qualitative results in Fig. 1 in
supplemental.

5.3 Ablations

Tab. [4 and Fig. [§ show that every component contributes, and the gains com-
pound rather than overlap.

Sparse and dense correspondences alone reach similar quality on CMU-Panoptic
(M-PSNR 25.31 vs. 25.29), with dense converging modestly faster. On Monaco4D,
the advantage of dense correspondences is clearer (VMAF 40.76 vs. 39.33), con-
sistent with the greater prevalence of textureless surfaces and specular bodywork
that makes sparse feature matching unreliable outdoors. Fusing both outper-
forms either in isolation on every metric, confirming that the two signals cover
different failure modes rather than providing redundant coverage.
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Only sparse Only dense  w/o disagreement w/o Kalman Fusion (Ours

Fig. 8: Ablation study on Monaco4D (top) and CMU-Panoptic (bottom).
We additionally report #iters: the number of iterations to reach 24+ PSNR on CMU-
Panoptic and 18.5+ PSNR on Monaco4D.

The disagreement filter’s primary contribution is to convergence rather than
final quality, removing 40 iterations on CMU-Panoptic and 80 on Monaco4D
before the quality threshold is reached. The larger effect outdoors is consistent
with the higher rate of flow failures on Monaco4D, where filtering unreliable
correspondences before they enter the optimizer has more noise to suppress.

The Kalman temporal prior delivers the single largest improvement across all

components and both datasets: VMAF rises by 2.55 points on CMU-Panoptic
and 2.76 on Monaco4D, and convergence drops from 260 to 200 iterations and
from 760 to 700 respectively. We attribute this to the prior constraining Gaus-
sian positions to a temporally smooth trajectory, reducing the search space the
optimizer must explore at each new frame.
Component interactions. The disagreement filter operates on the fused corre-
spondence set, which already combines sparse and dense coverage; applied to
either signal alone, it would identify fewer cross-signal disagreements and sup-
press less noise. The Kalman prior then acts on a well-filtered set, and its gain
is largest precisely because upstream filtering has removed the noise that would
otherwise corrupt the temporal smoothness assumption.

6 Conclusion

The central finding of this work is that initialization quality, not optimization
budget, is the bottleneck in streaming Gaussian reconstruction. By fusing multi-
resolution correspondences with a Kalman temporal prior yields initializations
that converge faster and remain stable over long sequences. FastFlowGS instan-
tiates this principle and outperforms all streaming baselines on CMU-Panoptic.
On Monaco4D, the first outdoor multi-view dataset in the large-displacement
regime released publicly alongside this work, it is the only method to produce
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Table 4: Per-component ablation. #iters is iterations to reach 24+ PSNR on CMU-
Panoptic and 18.5+ PSNR on Monaco4D (averaged over training views).

CMU Panoptic (Football)| Monaco4D (Fairmont)
Sparse Dense Disag. Kalman|VMAF1 MPSNR1 #iters||VMAF1 MPSNRT #iters]

X X X 46.14 25.31 350 39.33 18.65 1000

X X X 45.32 25.29 320 40.76 18.64 940
X X 46.49 25.37 300 40.84 18.71 840

X 46.82 25.43 260 41.17 18.76 760

49.37 25.58 200 43.93 18.88 700

coherent reconstructions where all existing approaches fail entirely. We hope
Monaco4D shifts the community’s attention toward the displacement and spar-
sity regimes that outdoor broadcast applications actually require, rather than
the smooth, dense-view conditions that current benchmarks favor.

7 Limitations and Failure Cases

The motion model updates positions but not rotations or scales, so deform-
ing or rapidly rotating objects must recover shape from scratch, eroding the
convergence advantage that good initialization provides. We also acknowledge
that correspondence quality degrades on textureless surfaces, distant objects,
and depth-dominant motion, where disagreement scoring helps but cannot fully
compensate. Variational fusion treats tracker levels as independent, making the
fused covariance X;; overconfident when levels share image evidence and re-
ducing the optimizer’s ability to correct under tight iteration budgets. Both
FastFlowGS and Monaco4D assume a static background, so moving specta-
tors or trackside elements produce localized ghosting, and the method has no
recovery path when segmentation masks fail across multiple views simultane-
ously. Monaco4D is synthetic, and while FastFlowGS transfers to real capture
on CMU-Panoptic, performance on real outdoor footage at Fl-scale displace-
ments remains uncharacterized. Preprocessing is dominated by the point tracker
at 727s per frame and is excluded from timing comparisons following standard
practice [17}/34,40L[54], with the full breakdown in Sec. 1.3 of the supplemental.
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