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Abstract

Reconstructing controllable Gaussian splats for articulated
objects from monocular video is especially challenging due
to its inherently insufficient constraints. Existing methods ad-
dress this by relying on dense masks and manually defined
control signals, limiting their real-world applications. In this
paper, we propose an annotation-free method, FreeGaussian,
which mathematically disentangles camera egomotion and
articulated movements via flow derivatives. By establishing
a connection between 2D flows and 3D Gaussian dynamic
flow, our method enables optimization and continuity of dy-
namic Gaussian motions from flow priors without any con-
trol signals. Furthermore, we introduce a 3D spherical vector
controlling scheme, which represents the state as a 3D Gaus-
sian trajectory, thereby eliminating the need for complex 1D
control signal calculations and simplifying controllable Gaus-
sian modeling. Extensive experiments on articulated objects
demonstrate the state-of-the-art visual performance and pre-
cise, part-aware controllability of our method.

Code — https://github.com/Tavish9/freegaussian

1 Introduction

Controllable view synthesis (CVS) aims to recover scenes
containing multiple articulated objects and interactable mo-
tions of each object given a set of input views, it demands
the recovered geometry, appearance, and motion faithfully
respect the kinematic constraints of each articulated ob-
ject while remaining photorealistic under novel viewpoints,
which distinguishes it from conventional 4D reconstruction.
Recently, CVS has attracted growing interest in content cre-
ation (Liao, Cao, and Shan 2024; Tang et al. 2023; Gao et al.
2024), virtual reality (Steuer 1992; Huang et al. 2025; Kang,
Song, and Huang 2024; Steuer 1992; Kerbl et al. 2023;
Waisberg et al. 2023) and robotic manipulation (Song et al.
2025; Qu et al. 2025b,a).

Recent advances leverage 3D Gaussian splatting (Kerbl
et al. 2023) to achieve real-time, high-fidelity rendering of
dynamic scenes (Yu et al. 2023; Yang et al. 2023) and
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have been scaled to scene-level datasets with dense annota-
tions (Qu et al. 2024; Gao et al. 2025; Zeng et al. 2025). Yet,
these methods remain fundamentally tied to manual super-
vision: they either require pixel-accurate part masks for each
articulated link (Yu et al. 2023) or rely on pre-defined con-
trol signals in neural radiance fields (Kania et al. 2022; Qu
et al. 2024). Without mask or control signal supervision, the
model collapses, failing to decode features to color and los-
ing scene control capabilities. Thus, dense part masks and
control signal annotations have become a prerequisite for
current articulated-object CVS, severely limiting real-world
deployment.

To address this challenge, we propose FreeGaussian, a
annotation-free but effective Gaussian splatting method for
controllable scene reconstruction, which automatically ex-
plores interactable structures and restores scenes from suc-
cessive frames, without any manual annotations. Dynamic
Gaussian flow under instantaneous motion can be analyti-
cally derived from optical flow and camera egomotion via
differential analysis. It enables us to localize controllable
structures without masks and estimates joint-angle trajecto-
ries without any control signals. These consistent constraints
are folded into training, enabling high-fidelity rendering and
fine-grained manipulation of articulated objects while elim-
inating the need for manual supervision and extending prac-
tical applicability to real-world scenes.

More specifically, in the training stage, FreeGaussian di-
rectly derive dynamic Gaussians flow from optical flow and
camera-induced camera flow, accumulated with Gaussian
projection displacements. By tracking the dynamic Gaus-
sian flow, we highlight interactive dynamic Gaussians and
obtain their trajectories via HDBSCAN clustering, eliminat-
ing the dependence on manual mask annotations. To over-
come the reliance on 1D control signal inputs, we introduce
a 3D spherical vector controlling scheme that exploits 3D
Gaussian scene representations bypassing dynamic Gaus-
sian trajectories as state representations, aligning with the
splatting rasterization pipeline and greatly simplifying the
control process. During the control stage, the Gaussian dy-
namics are retrieved from the network, given the 3D control
vector as input. Beyond localizing interactive Gaussians, the
dynamic Gaussian flow constraints 3DGS motion between



frames, guaranteeing smooth motion and eliminating ghost-
ing artifacts to improve rendering quality.

Extensive evaluations show that our method outperforms
existing methods significantly in both novel view synthesis
and articulated object controlling, enabling more accurate
and efficient modeling of interactable content with no anno-
tations. Contributions can be summarized as follows:

* We propose FreeGaussian, a novel annotation-free Gaus-
sian Splatting method for controllable scene reconstruc-
tion, which automatically explores interactable scene ob-
jects with flow priors, and restores scene interactivity
without any manual annotations.

* FreeGaussian analytically derive the dynamic Gaussian
flow constraints via differential analysis with alpha com-
position, which draws the mathematical link among op-
tical flow, camera motion, and dynamic Gaussian flow.
The flow constraints refine Gaussian optimization en-
abling unsupervised interactive structure localization and
the training of continuous Gaussian motion variations.

» Exploiting 3D Gaussian explicitness, we introduce a 3D
spherical vector controlling scheme, avoiding tradi-
tional complex 1D control variable calculations bypassing
3DGS trajectory as state representation, further simplify-
ing and accelerating interactive Gaussian modeling.

2 Related Work

4D Novel View Synthesis. Neural Radiance Fields
(NeRF) (Mildenhall et al. 2020) has innovated great
progress in dynamic scene reconstruction. The existing
methods can be categorized into three primary categories:
time-varying methods (Du et al. 2021; Fang et al. 2022; Li
et al. 2021; Park et al. 2021a; Pumarola et al. 2021; Tretschk
et al. 2021; Yuan et al. 2021) that append temporal em-
beddings and scene-flow to the radiance MLP; deformable-
canonical approaches (Gao et al. 2021; Li et al. 2022; Park
et al. 2021b; Xian et al. 2021) warp query points from a
dynamic space to a static canonical volume; and hybrid
representations (Shao et al. 2023; Fridovich et al. 2023;
Cao and Johnson 2023; Song et al. 2023) have acceler-
ated training and rendering via time-space feature planes,
dynamic voxels, or 4D hash encodings. More recently, 3D
Gaussian Splatting (3DGS) (Kerbl et al. 2023) has gained
prominence due to its superior training efficiency and real-
time rendering. Subsequent 3DGS extensions for dynamic
scenes learn dense Gaussian trajectories directly (Yang et al.
2023; Luiten et al. 2024), augmenting 3DGS with 4D fea-
ture planes (Wu et al. 2023) or learnable motion bases (Kra-
timenos, Lei, and Daniilidis 2023), and incorporating flow-
based regularisation losses to enforce temporal consistency.
Controllable Scene Representation. Decoupling appear-
ance, geometry, and time has unlocked controllable
avatars (Rivero et al. 2024; Liu et al. 2023) and interactive
simulators (Qu et al. 2024; Wang et al. 2024). CoNeRF (Ka-
nia et al. 2022) pioneered this effort by extending HyperN-
eRF (Park et al. 2021b) and regressing the attribute and the
mask to enable few-shot attribute control. CoGS (Yu et al.
2023) leveraged 3D Gaussians to achieve real-time control
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of dynamic scenes without requiring explicit control sig-
nals. LiveScene (Qu et al. 2024) scales to scene level via
factorized interactive space. But all these methods remain
limited by dense manual annotations. More recently, Mo-
tionGS (Zhu et al. 2025) explores explicit motion priors to
guide the deformation of 3D Gaussian.

3 Methodology

As depicted in Figure. 1, our approach exploits the under-
lying connections among dynamic Gaussian flow, optical
flow, and camera motion to achieve annotation-free inter-
active scene reconstruction. The dynamic Gaussian flow au-
tonomously segments interactable objects, forming the ba-
sis for downstream articulated object control. This enables
trajectory-guided clustering and integrates with a 3D spheri-
cal vector control framework, resulting in a streamlined and
scalable Gaussian modeling pipeline for dynamic scenes.

We first review 3DGS basics in Section. 3.1, then formu-
late the connection between optical flow, camera motion,
and dynamic Gaussian flow in Section. 3.2. Based on this,
we introduce a 3D spherical vector control scheme in Sec-
tion. 3.3, which discovers and clusters dynamic Gaussians
via trajectory analysis. The full pipeline is optimized with
joint loss functions detailed in Section. 3.4.

3.1 Preliminary of 3DGS Rasterization

3D Gaussian Splatting (Kerbl et al. 2023) explicitly repre-
sents scenes with millions of Gaussians and emerges ul-
tra high-quality rendering performance recently. Given a
set of images capture with corresponding camera poses,
3DGS models scenes by learning a set of 3D Gaussians
G = {GL : (Xz, 3,04, HZ)‘Z =1, ...7N}, where X; € Rg,
3, € R¥*3 0, € R, and H; € R*® are the center posi-
tion, 3D covariance, opacity, and spherical harmonics of the
i-th Gaussian, respectively. With the rasterization pipeline,
3DGS projects G to image planes as 2D Gaussians g =
{gi : (14,2, 04, ¢;)[i = 1,..., N} and blender pixel colors
C via alpha composition:

N i—1
C=> cali, T=[[(1-ay,
i=1 j=1

where p; € R? | 2! € R?*2, ¢; € R3, o; € [0,1] and
T; € [0,1] are the 2d center, 2d covariance, color, alpha
value and transmittance of 2D Gaussian g;. The alpha value
«; at pixel coordinate m can be obtained by:

ey

1 _
a; = o; exp(—g(m—ui)TE; Ym— ).
With the supervision of observations, 3DGS optimizes pa-
rameters to minimize the photometric loss between rendered
and ground-truth images.

3.2 Dynamic Gaussian Flow Analysis

Our insight is that the dynamic Gaussian flow under instan-
taneous motion can be analytically decoupled from optical
flow and camera motion via differential analysis with alpha
composition. Considering a dynamic scene with interactive
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Figure 1: The overview of FreeGaussian. Given a set of video stream {P(¢), I(¢)}, our method recovers controllable 3D Gaus-
sians G* with two stages. First, we pre-train a deformable 3DGS and calculate dynamic Gaussian flow u®S via Eq. (3). Then,
we reproject dynamic Gaussian flow maps and cluster the active Gaussians with HDBSCAN algorithm, followed by trajectory
calculation. In the controllable training stage, we optimize Gaussians G and network ® under the rasterisation loss in Eq. (7),
which jointly aligns rendered images with input views and enforces consistency in the predicted dynamic flows.

objects as shown in Figure. 2, the camera and 3D Gaussians
hold separate velocities in consecutive frames 0 and ¢. As-
suming a dynamic 3D Gaussian G; with velocity v5, it is
projected as image measurement g; under the constant cam-
era instantaneous motion by translation velocity v and rota-
tional velocity w. The optical flow u induced by (v, w) of a
pixel m = (z,%) " can be obtained by Lemma 1I:

Lemma 1: Dynamic Gaussian flow u® under instanta-
neous motion can be derived from optical flow u and camera
flow uC with the following transform Eq. (3).

Cam

u=u™"+u®+A, u :7+Bw,
M v9S M 11
u —AZT»LOQ Zi’A_AZTZ%U(Zi Z),
i=1 i=1 (3)
— 0 T —c
A= fz T ’
|: 0 —fy Y- Cy}
(:c—cw)(y—cy) _f _ (W—Cz)z (y_cy)fw
B= By mete  (siie)s
y—c z—cg)(y—c T—cg
e e N T

where f5, fy,cz,c,y are camera intrinsics, M denotes the
number of Gaussian projections sorted with Gaussian depth
Z; intersecting the pixel m. Flow residual term A are pre-
served to guarantee accuracy, even when it approaches zero
after refined optimization.

The expression Eq. (3) elucidates the triadic relation-
ship, yet Gaussian flow is not amenable to joint 3DGS
training. For flexibility, we consider a pixel m;; following
2D Gaussian distribution g; at time ¢, and obtain m;; ~
N (i, X7 ), with 2D mean p; ¢ and covariance X}, =
Bi,tBiTt. The following Corollary describes the dynamic
Gaussian flow with 2D Gaussian means.

Corollary 1: The dynamic Gaussian flow 0% on image

plane can be accumulated with 2D Gaussian means dis-
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Figure 2: Dynamic Gaussian flow illustration. In interactive
scenes, consider an instantaneous motion model, where the
camera and 3D Gaussian hold separate velocities in consec-
utive frames. The projected optical flow u can be decom-
posed into camera flow u“*™ and dynamic Gaussian flow
u%S, as described in Egs. (3) and (4).

placement pu; ; — p; o.
u= uCam_|_1~1GS +A,
M

0% = Z Tiovi(peie — iy0)-

i=1

“4)

Discussion. The expression in Egs. (3) and (4) reveals dy-
namic gaussian flow can be directly derived from 2D image
flow u and camera-induced camera flow u“®®, accumulated
with 2DGS projection displacement ft;  — p; 0. This natu-
rally aligns with the 3D Gaussian rasterization pipeline, pro-
viding continuous motion constraints for dynamic Gaussian
optimization. Besides, in static Gaussian scenes, the equa-
tion degenerates to camera flow with u = u®®™. Hence, the
resulting dynamic Gaussian flow map will highlight interac-
tive 3D Gaussians, as illustrated in Figure. 3.

Compared with GaussianFlow (Gao et al. 2024), which lacks
explicit camera motion modeling, and MotionGS (Zhu et al.
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Figure 3: Illustration of dynamic Gaussian flow map under static and dynamic scenes. a) In static scenes with solely camera
motion, Eq. (4) degenerate to pure camera flow, yielding zero dynamic Gaussian flow. b) In contract, when articulated object
moves, the dynamic Gaussian flow map will highlight interactive 3D Gaussians.

2025), which relies on back-projection from known camera
poses, our method is more general and flexible, benefiting
from a principled formulation under instantaneous motion.

3.3 Self-guided Control with Dynamic 3DGS

Based on the discussion in Section. 3.2, dynamic Gaussian
flow constraint Eq. (4) provides continuous Gaussian con-
straints and, critically, exposes the position of interactive
areas, whose changing topological structures in dynamic
scenes are reflected in varying Gaussian. To overcome the
severe dependence on mask annotations in existing meth-
ods, we propose leveraging dynamic Gaussian flow to ex-
plore dynamic Gaussians of interactive objects and extract
their trajectories for joint training.

Dynamic Gaussian clustering and tracking. With the
formulations in Eq. (4), we first pretrain a deformable 3DGS
G’ with a set of camera streams. Then dynamic Gaussian
flow u®S from Eq. (4) can be extracted frame-by-frame and
binaried to obtain flow maps. By back-projecting the flow
maps to identify dynamic 3D Gaussians, we highlight Gaus-
sians D = {g; | i = 1,2,...,Q} with sharp dynamics, as
illustrated in Figure. 1. Next, we use unsupervised cluster-
ing algorithm HDBSCAN to group dynamic Gaussians into
clustersC = {c¢; | i = 1,2,..., K}, where K is the number
of interactive objects. The cluster centers move over time,
generating continuous trajectories (¢, k), where k indexing
which object the trajectory belongs to.

3D Spherical Vector Control. Prior works compress con-
trol signals into 1D vector, which introduces fundamen-
tal limitations: the 1D vector in CoGS (Yu et al. 2023)
fails to capture complex Gaussian motions like rotations,
while CoNeRF (Kania et al. 2022) requires the number of
controllable regions and their corresponding signal ranges
to be specified in advance. We overcome these limitations
by representing the Gaussian states with 3D spherical vec-
tors, which can be directly obtained from dynamic Gaussian
tracking trajectory. This technique eliminates the require-
ment of control signals and curve fitting while increasing
control flexibility.
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Specifically, in the training stage, we represent the Gaus-
sian dynamics state using cluster trajectory coordinates
vl = ¢(t,k) — ¢(0,k), concatenated with Gaussian cen-
ters X;. Then, we encode the coordinates with E(v?, X;)
and jointly train the model © to recover Gaussian dynamics

(AX;, A%):

After that, we perform splatting rasterization in Eq. (1) with
the Gaussian combining with predicted dynamics. During
the control stage, we manually input interactive 3D vector
v/, which is mapped to the nearest point in the original tra-
jectory, to retrive the Gaussian dynamics from the network
through fe (B(v/, X,)).

3.4 Loss Functions

Loss with dynamic Gaussian flow. The expression
in Eq. (4) suggests that incorporating optical flow and cam-
era flow prior to the loss function can improve 3DGS op-
timization and maintain dynamic Gaussian smooth transi-
tions between frames. Hence, we propose a dynamic Gaus-
sian flow loss L,gs to optimize the dynamic Gaussian field
G and network ® with the following formulation:

2

M
Lygs = |[u—u®" — ZTz‘ai(Hz’,t —mio)|| » (6)

i=1

where u and u®®™ can be calculated with optical flow es-

timator (Contributors 2021) and Eq. (4), respectively. Dy-
namic Gaussians G and © are optimized via the proposed
dynamic gaussian flow supervision L£,gs in Eq. (6) with the
fundamental per-frame photometric supervision Lrgp, and
Lp.ssm- The loss function for FreeGaussian optimization
can be formulated as:

L = XroB + (1 = N)Lp.ssiv + BLuGs- @)

4 Experiment
4.1 Experimental Setup

Datasets. We benchmark FreeGaussian on three publicly-
available datasets. We adopt CoNeRF dataset (Kania et al.



CoNeRF Synthetic

CoNeRF Controllable

InterReal #Medium InterReal #Challenging InterReal #Avg

Method PSNRT SSIMT LPIPS| PSNRT SSIMf LPIPS, ©T PSNRt SSIMt LPIPS| PSNRT SSIM{  LPIPS| PSNRT SSIM{ LPIPS]
HyperNeRF (Park et al. 2021b)  25.963 0.854 0.158  32.520 0981  0.169 X 25283 0.671 0467 25261 0.713 0.517 25277 0.682 0.480
K-Planes (Fridovich et al. 2023) 33301 0933 0.150  31.811 0912 0262 X 27999 0813 0.177 26427 0.756 0.331 27.606 0.799 0215
CoNeRF (Kania et al. 2022) 32394 0972 0.139 32342 0981  0.168 v 27.501 0.745 0367 26447 0.734 0.472 27237 0742 0393
CoGS (Yu et al. 2023) 33455 0960 0.064 32601 0983  0.64 v 30.774 0913 0.100 — — — 30.774 0913  0.100
LiveScene (Qu et al. 2024) 43349 0986 0.011 32782 0932 0186 v 30.815 0911 0.066 28436 0.846 0.185 30220 0.895 0.096
MotionGS (Zhu et al. 2025) 35057 0981 0.052 28363 0.882 0273 X 29.193 0903 0.105 — — — 29.193 0.903 0.105
FreeGaussian (Ours) 43.939 0993 0.011 33.247 0941 0218 X 31310 0938 0072 29.133 0.899 0.161 30.765 0.928 0.094

Table 1: Quantitative results on CoNeRF and InterReal datasets. FreeGaussian ranks first on CoNeRF synthetic scene and
outperforms all competing methods across various settings on InterReal datasets.

#Easy Sets #Medium Sets #Avg (all 20 sets)
Method Type GT M_PSNRT PSNRT SSIMT LPIPS| M-PSNRT PSNRT SSIM{ LPIPS| M-PSNRT PSNRT SSIMf LPIPS|
HyperNeRF (Park et al. 2021b) 4D-NeRF X 20.870 30.708 0.908 0.316 22.093 31.621 0.936 0.265 21.679 30.748 0917 0.299
K-Planes (Fridovich et al. 2023) 4D-NeRF X 24211 32.841 0.952 0.093 24312 32.548 0.954 0.100 24.810 32.573 0.952 0.097
CoNeRF (Kania et al. 2022) Con-NeRF v 26.561 32.104 0.932 0.254 27.716 33256 0.951 0.207 27.013 32477 0.939 0.234
MK-Planes* Con-NeRF v 23509 31.630 0.948 0.098 25.860 31.880 0.951 0.104 24561 31.477 0946 0.106
MK-Planes Con-NeRF v 23872 31.677 0.948 0.098 25217 32.165 0.952 0.099 24743 31.751 0.949 0.099
CoGS (Yu et al. 2023) Con-GS v 25208 32315 0961 0.108 26.332 32447 0.965 0.086 26.103  32.187 0.963 0.097
LiveScene (Qu et al. 2024) Con-NeRF v 26.680 33.221 0.962 0.072 27.985 33.262 0.965 0.072 27310  33.158 0.962 0.072
MotionGS (Zhu et al. 2025) Flow-GS X 26306 31.907 0961 0.111 25391  30.904 0.969 0.083 257706  31.282 0.926 0.100
FreeGaussian (Ours) Flow-GS X  27.655 33205 0.967 0.072 28.281 33.922 0972 0.071 27.838 33.249 0.969 0.071

Table 2: Quantitative results on OmniSim Dataset. FreeGaussian surpasses prior works on nearly all metrics. “Con-*” indicates
Controllable methods, ”GT” refers to control signals and M-PSNR denotes mask-weighted PSNR for dynamic region.

2022) for single-object evaluation and OmniSim and In-
terReal datasets (Qu et al. 2024) for multiple-object setting.
A self-captured toy-kitchen sequence is included for visu-
alization. Throughout all experiments the training pipeline
remains entirely NO Ground Truth for control signals.
Baselines. Comparison spans three distinct techniques, in-
cluding 3D deformable methods (Fridovich et al. 2023;
Park et al. 2021b), controllable scene reconstruction meth-
ods (Kania et al. 2022; Yu et al. 2023; Qu et al. 2024) and
flow-based controllable method (Zhu et al. 2025).
Implementation details.  FreeGaussian is built on
4DGS (Yang et al. 2023). We use RAFT (Teed and Deng
2020) for optical flow prediction and perform HDBSCAN
clustering for dynamic Gaussian flow with Euclidean met-
ric. Training proceeds for 60k steps on a single RTX 4090
with the Adam optimizer at learning rate 1.6e~* in roughly
30 minutes: 30k steps of deformable pre-training followed
by 30k steps of flow training.

4.2 Evaluation of Novel View Synthesis

Results on CoNeRF Datasets. The quantitative results of
our approach on the CoNeRF Synthetic and Controllable
scenes are presented in Table. 1. Notably, our method sur-
passes all existing approaches in terms of PSNR, SSIM,
and LPIPS metrics on CoNeRF Synthetic scenes. Further-
more, on CoNeRF Controllable scenes, our method attains
the highest PSNR of 33.247, while demonstrating compara-
ble SSIM and LPIPS scores to the SOTA methods. These re-
sults underscore the success of the guidance-free paradigm.
Figure. 4 visualizes the rendering result of our method on the
CoNeRF dataset. Our method handles the controllable ob-
jects well and retains the details of the moving area, demon-
strating its effectiveness in modeling interactive scenes.
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Metric on LiveScene Dataset. As reported in Tables. 1
and 2, FreeGaussian leads across both OmniSim and Inter-
Real while remaining fully annotation-free. On OmniSim,
it achieves the highest scores on #medium subset, sur-
passing sparse-label baselines (Zhu et al. 2025) by nearly
2dB in PSNR. Although PSNR is slightly inferior to the
dense-labele LiveScene on the #easy subset, its advan-
tage is decisive whenever manual labels are unavailable.
M-PSNR metric further confirms superior reconstruction
qaulity of dynamic regions. On InterReal, CoGS and Mo-
tionGS underperform on #medium and collapses on the
#challenging subset, where prolonged trajectories and
dense interaction expose the limits of prior controllable or
flow-based methods. FreeGaussian not only converges ro-
bustly but also posts the best #challenging results and
the top #medium PSNR and SSIM, demonstrating robust fi-
delity and stability in large-scale, real-world interactive sce-
narios with incomplete supervision.

Individual Object Control Visualiztion. Figure. 7 presents
a example to demonstrate case of per-object control. Dur-
ing manipulation, each object is assigned an independent
3D spherical vector which controls its instantaneous motion.
This disentanglement removes cross-object constraints, and
allows the model to compose attribute combinations absent
from the training set. The example demonstrates a sequence
where two cabinets always open or close together. By inde-
pendently setting their control vectors, we generate a con-
figuration in which the top cabinet is open while the bot-
tom cabinet remains closed (top-right), confirming that the
model can extrapolate novel scene arrangements with both
diversity and fidelity.

Flow Decouple Visualization. Figure. 5 contrasts the flow-
decomposition quality of FreeGaussian and MotionGS on
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Figure 4: View Synthesis Visualization on CoNeRF Dataset. In comparison with other methods, FreeGaussian achieves more
realistic and detailed rendering quality, whereas other methods suffer from ghosting artifacts.
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Figure 5: Flow Decoupling Comparison. FreeGaussian (row 2) cleanly separates camera egomotion from the microwave’s

self-motion, producing artifact-free dynamic Gaussian flow.

real-life toy-kitchen scene, in which an automatically open-
ing drawer and a moving camera jointly generate complex
optical flow. Although both methods estimate the optical
flow accurately, MotionGS decouples camera flow that is
both noisy and partially aliased (top-right), thus the residual
dynamic gaussian flow inherits substantial artifacts. In con-
trast, FreeGaussian cleanly disentangles the camera-induced
flow from the drawer’s independent motion, yielding a per-
object component that is significantly cleaner. This precise
separation supplies downstream constraints with more reli-
able guidance, thus improving the render fidelity.

4.3 Ablation and Analysis

We conduct ablation studies to examine the contribution
of two components in FreeGaussian. Following previous
work (Qu et al. 2024), we select three representative sub-
sets from the OmniSim dataset: #seq001, #seqg004, and
#seqg0015 and a self-captured toy-kitchen dataset. Ta-
ble. 3 shows the results of each ablation experiment.

Effectiveness of 3D Vector Control. we conduct ablation
using directly 1D vector adopted by CoGS while keeping all
other settings identical. As shown in the Table. 3 (#3, #6),
this change degrades rendering quality since PCA only ap-
proximates the dominant direction, leaving detailed trajec-
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Setting PSNRf  SSIM{ LPIPS,
FreeGaussian 35.31 0.975 0.062
Sim #1.HDBSCAN — KMeans 31.33 0.966 0.065
#2.HDBSCAN — MeanShift 30.95 0.959 0.068
#3.3D Vector — 1D Vector 33.22 0.969 0.064
FreeGaussian 32.45 0.951 0.092
Real #4.HDBSCAN — KMeans 32.33 0.949 0.091
#5.HDBSCAN — MeanShift 31.86 0.932 0.100
#6.3D Vector — 1D Vector 30.33 0.918 0.107

Table 3: Ablation Study. Ablations on two components of
our proposed method.

tories misaligned, shown in the middle of Figure. 8. Conse-
quently, the model reconstructs coarse structures in the con-
trol stage. In contrast, 3D vector provides per-Gaussian clus-
ters, fine-grained control (right); the explicit motion cues
tightly constrain the Gaussian flow, ensuring consistent mo-
tion guidance between training and controlling.

Effectiveness of HDBSCAN Clustering. Clustering is es-
sential in the control stage as the number of controllable ob-
jects is not a prior of our approach.Compared with widely
used clustering methods like KMeans, HDBSCAN is more
robust to noise with outliner handling and more flexible
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(a) Dynamic Gaussians

_ (b) KMeans, PSNR 32.15 (Failed)

e) HDBSCAN, eps 0.05 min
samples 5 PSNR 36.34 (Success)

c) MeanShift, PSNR 31.67 (Failed) d) HDBSCAN, eps 0.01, min samples 5
PSNR 36.33 (Success)

outliners outliners

f) HDBSCAN, eps 0.05 min
samples 10 PSNR 36.43 (Success)

g) HDBSCAN, eps 0.1 min
samples 25 PSNR 36.45 (Success)

Figure 6: Ablation of clustering results among KMeans, MeanShift and HDBSCAN on #seq001 of OmniSim.
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Figure 7: Individual Object Control. Our method supports
per-object manipulation, enabling the synthesis of previ-
ously unseen views for each scene without retraining.

bottom cabinet control

without predefined cluster numbers. Besides, MeanShift
may converge to local optima depending on the cluster land-
scape and initial window locations. Figure. 6 illustrates the
remarkable stability and accuracy of HDBSCAN. (d)-(g)
show that, HDBSCAN delineates object geometry cleanly
and isolates outliers, whereas K-Means introduces a large
number of noisy points (b) and Meanshift yields an inappro-
priate cluster cardinality (c). For real life scene clustering
visualizations, please refer to the supplementary materials.

5 Conclusion

In this work, we derive a mathematical link among optical
flow, camera flow, and dynamic Gaussian flow with differen-
tial analysis, yielding an annotation-free Gaussian-splatting
pipeline for controllable view synthesis. Flow-based con-
straints refine optimization, ensuring smooth motion, high
fidelity, and automatically highlighting interactable Gaus-
sians. After obtaining each interactable object, a 3D spher-

2999

A\ Spherical
A rajectory

Ground-truth 1D Vector §pherica| Vector

Figure 8: Ablation of 3D spherical vector. 1D vector PCA
could not match arc trajectory, while 3D spherical vectors
recover fine structure and motion.

ical vector encodes its state, eliminating explicit trajectory
computation. Extensive experiments show superior perfor-
mance in view synthesis and scene controlling, enabling
more accurate and efficient modeling of articulated objects.
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