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Supplementary Material

1. Derivation of SDF Flow from Motion of
Gaussians

Let x € R3 denote a point in the canonical space of a
Gaussian, with the origin at (0,0,0) T, the orientation of the
Gaussian aligning with the axis of the canonical coordinate
system, At timestep ¢, its position is

x! = Rfx + T?, (1)

where R! € SO(3) and T € R? are the rotation and trans-
lation of point x? at time ¢, respectively. While in the canon-
ical space of the Gaussians’ shape, the translation of a Gaus-
sian is defined as p. When transforming the Gaussian to
the timestep t, its translation becomes g + v ¢ according to
the definition in Sec. 4.1 “Gaussian Velocity Field”, where
1 represents the Gaussian center in the canonical space of
the shape and v! means the line velocity of the Gaussian at
timestep t. Therefore, we can use the motion of Gaussians
to represent the motion of points and define T? = p + vt t.
At a later timestep ¢ + At, the updated position becomes

Xt+At — RtJrAtX + Tt+At, (2)

where R¥T4% € SO(3) and T*+4* € R3 are the rotation
and translation of point xtA* at time ¢ + At, respectively.
Note that T?TA¢ = p4+vi+AL (14 At), where vi+2! means
the velocity of the point at timestep ¢ + At.

Relative Motion. The relative rotation R,. between the two
timesteps is
RT‘ — Rt+At (Rt)fl. (3)

The translation offset AT between the two timesteps is

AT =T*4 — T (4)
=pu+ v (L4 At) —p— vt 5)
=(vITAL _ vt 4 vITALAL, (6)
Taking the limit under the assumption of constant velocity,
we have: Alimo % = v. Hence, the relative motion can be
—

written as
Xt+At _ Xt :(Rt+At _ Rt)x _|_ (Tt+At _ Tt) (7)
=R,R! —R")x + AT (8)
~ARR'x + AT, ©)]

where AR ~ R, — I according to Rodrigues’ rotation for-
mula.

Scene Flow. Taking the limit as At — 0, we obtain the
scene flow:

Ox . AL it
Dt arho At (10)
. ARR!x + AT
Ml A (i
=w x Rix+v, (12)

where w € R? and v € R? denote the angular and line ve-
locities of the point on the Gaussian disk, respectively. Ac-
cording to the above formula, we can explicitly model the
scene flow of the Gaussians by using our Gaussian Velocity
Fields.

SDF Flow. Similar to [8], the temporal derivative f of the
SDF is:

0s . As
F=o = A& (13)
8 T
_ (ait‘) n(R'x) (14)

— — (WwxR'x+v) n®x), (15

where n(R'x) € R3 is the surface normal at point R'x. It
should be noted that in order to simplify the computation,
we use the center of Gaussian to compute the SDF flow.

2. SDF Flow from Geometry Changes

Let us start from Sec. 4.1 “SDF Flow from Geometry
Changes” in the main paper. We approximate the SDF val-
ues using differences along the optical axis, following prior
work [2] which has shown that this approximation is suf-
ficiently accurate. Notably, KinectFusion [9] also reports
that the results show no considerable difference whether the
SDF is computed along the viewing ray or the optical axis.
As a result, here is the final derivation of the SDF flow f
from geometry changes:

a0 03(pi,t)
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where, 5(ul,t) denotes the approximated SDF values for
Gaussian center p!, d(p!,t) € R denotes the distance from
the camera origin to the u! along the optical axis, and

D(p*,t) represents the corresponding surface depth point
at the projected pixel p* on the depth map. In our im-
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plementation, we compute 8D(5; ) and ad(cf;t“t) by using




central finite differences with respect to time for the con-
venience of computation, since it is complicated to get the
analytical gradient of both of them.

3. More Details of Optimization

We add more details of our optimization here, as the sup-
plementary of Sec. 4.4 “Optimization” in the main paper.
The optimization process of our method consists of a pho-
tometric loss, three regularization losses, and a mask loss.

Photometric Loss: The photometric loss Limg is re-
sponsible for image reconstruction and follows previous
works [4, 17]. Specifically, we adopt a combination of an
L loss and a D-SSIM term: Lime = (1 — X)L (L,T*) +
ALp.ssm(I, I*), where, A = 0.2 is the hyper-parameter,
I and I* denote the ground-truth and rendered images, re-
spectively.

Normal Alignment & Depth Distortion Regularization:
Two regularization losses are introduced from 2DGS [3] are
also included. The first is the normal alignment regulariza-
tion, which aligns the estimated normal of each Gaussian
with the normal derived from the rendered depth: £, =
Zi W; (1 — niTN), where w; denotes the blending weight
at the intersection point, n; is the normal of the Gaussian
facing the camera, and N is the pseudo normal derived from
the depth map. The second is the depth distortion regular-
ization, which enforces local depth consistency across in-
tersected Gaussians: Lq = ), ; W;W;|2; — 2;|, where 2; is
the intersected depth value.

SDF Flow Regularization: In addition, we introduce an
SDF flow regularization Lgow, Which encourages tempo-
rally consistent surface evolution by matching SDF flow
from the motion of Gaussians and geometry changes:
Laow = Y, £ — £}, where £/ and £} denote the SDF flow
from the motion of Gaussians and geometry changes of the
i™ Gaussian at timestep .

Total Training Objective: Finally, following prior
works [8, 12], we also incorporate a mask loss to reduce
background artifacts. Formally, £, = £1(M, M*), where
M and M* denote the ground-truth and rendered alpha
masks. Then the total training objective is defined as:

ﬁtotal = Eimg + )\1En + )\2£d + >\3£ﬂ0w + )\4£m7 (18)

where {);} are balancing hyper-parameters.

4. More Details of Experimental Settings

More Details of Datasets. From the CMU Panop-
tic dataset [5], we use four scenes: Ian3, Haggling
b2, Bandl, and Pizzal, each captured with a circu-
lar rig of 10 RGB-D cameras at 1920 x 1080 resolu-
tion. Each scene spans 24 timesteps and provides ground-
truth point clouds. From the Hi4D dataset [16], we use

six scenes: Backhug02, Basketalll3, Fightl7,
Footballl3, Talk22, and Cheers37, each captured
with 8 surrounding RGB cameras at 940 x 1280 resolu-
tion. On average, each sequence contains 118 timesteps
and each timestep is annotated with a high-quality textured
3D mesh. Compared with CMU Panoptic, Hi4D features
more complex motions, longer sequences, and frequent hu-
man-human interactions.

Additional Implementation Details. We use £, and L4
after 3000 iterations. When the model training is roughly
stable, at 8000 iterations, we enable Lgo,. The weights
A1—4 are set to 0.08, 1000, 0.1, and 0.1, respectively. We
adopt opacity cull and densify operation and set opacity cull
thread to 0.01. The network structure of Gaussian Veloc-
ity Fields follow the deformation network structure in [15],
comprising 8 linear layers with hidden dimension 256, and
three heads that are used to predict velocity, angular veloc-
ity, and expansion velocity. We model the Gaussian Veloc-
ity Fields following [17], with the initial learning rate of
1.6 x 10~%, which is decayed to 1.6 x 10~ at the end of
training. If we enable incremental motion tuning, the ini-
tial learning rate is set to 1.6 x 10~°. Note that SH coef-
ficients of each Gaussian are not time-dependent (but tem-
poral appearance variations can be induced by geometric
motion and view-dependent effects) and we do not follow
the graph of control points in Dynamic 2DGS [17].

Additional Description of Some Selected Baselines.
About GauSTAR [18], we use its publicly available code
for training, but to be fair, we removed the depth prior de-
pendency. NeRF-based methods [1, 8, 11] are omitted from
the Hi4D comparison as they require extremely long train-
ing time on such long sequences; Space-Time-2DGS [12]
is excluded due to unavailable code, with results reported
only on the CMU Panoptic. We also exclude MonoFu-
sion [13], DG-Mesh [6], and MaGS [7] due to their reliance
on priors from foundation models or task-specific assump-
tions. MonoFusion incorporates priors from multiple foun-
dation models but ours does not require such priors, which
means direct comparison is not fair. DG-Mesh relies on
DPSR [10] which is designed for single-object watertight
surface and it fails in our multi-shapes settings. MaGS, tai-
lored for monocular videos on single objects, refines only
coarse meshes with few vertices and cannot handle multi-
ple shapes (said in their limitation), making it unsuitable
for our settings.

Description of Chamfer Distance. We evaluate our
method with Accuracy (Acc), Completeness (Comp), and
Overall distance (Overall) of Chamfer distance. Specif-
ically, given the ground-truth point cloud P and the pre-
dicted point cloud P, the Acc and Comp are defined as:

1
Acc:—g min ||p — |2, 19
‘P‘ 5615”]7 p”? ( )
peP



Table 1. The impact of different segment sizes.

Segment Size Acc| Comp] Overall |

3 094 046 0.0
5 089 045 067
8 112 068 090
Comp — — i 5 20
omp = ﬁZgggllp—pllz (20)
peP

The Overall (Chamfer Distance) is then defined as the aver-
age of the Acc and Comp.

5. Limitations and Future Work

Our current method assumes access to foreground masks.
While this requirement is shared by many existing recon-
struction and novel-view synthesis approaches [6, 14, 17].
Future work can explore how to remove the reliance on
masks. In addition, although our approximated SDF val-
ues already achieve high accuracy in practice, there is still
room for further refinement. Possible methods to be used
in the future include estimating SDF values from multiple
viewpoints and taking the average as the final SDF value.

6. Analysis on Segment Size

We investigate the effect of different segment sizes on our
method without IMT and show results in Tab. 1. We evalu-
ate our method with three segment sizes of 3, 5, and 8, each
accompanied by an additional virtual timestep to enhance
temporal continuity. Among these settings, a segment size
of 5 yields the best overall performance.

7. More Qualitative Results

To further validate the robustness and generalization abil-
ity of our method, on the basic of Sec. 5.2 “Comparisons”
from the main paper, we provide additional qualitative re-
constructions from both the CMU Panoptic [5] and Hi4D
datasets [16]. These examples cover a wide range of mo-
tion dynamics, scene complexity, and human interactions.

7.1. For CMU Panoptic Dataset

Figure | show results of scene Hagggling b2 of the
CMU Panoptic dataset. Our method accurately reconstructs
multi-instance motions and preserves consistent geometry
throughout temporal sequences.

7.2. For Hi4D Dataset

We show more examples on the Hi4D dataset in Figs. 2
to 5. The results demonstrate that our method can handle
a variety of human activities, including the highly dynamic
scene Footballl8 in Fig. 2 and the more subtle or close-
contact motions Talk22, Cheers37, and Backhug02

Table 2. Comparison between Visual Hull and our method. For
the CMU Panoptic dataset [5], our CD is in mm; for the Hi4D
dataset [16], our CD is in cm.

CMU Panoptic [5] Hi4D [16]
Visual Hull 24.2 11.9
Ours wo IMT-64 11.5 0.67

in Figs. 3 to 5, achieving high-quality geometry and smooth
temporal transitions. All six scenes involve close human in-
teractions with large deformations and topological changes.
Note that scene Backhug02 in Fig. 5 shows two sepa-
rate bodies gradually coming into contact and forming large
merged surfaces. It further demonstrates our method’s ro-
bustness to handle such challenges of large deformations.

7.3. Video Comparisons

We also provide some video comparisons of our method
and baselines in the Video Supplementary Material. Please
check the video file: “Video—-Supp-720.mp4”.

8. Visual Hull Visualization and Comparisons

We show an example of initialized visual hull of the scene
Bandl from all views of the 1% timestep. From Fig. 6,
we can see that visual hull can be treated as a very well
initialization. In addition, to verify that our model does not
simply converge to the visual hull, we construct a polygonal
visual hull based on the masks of all frames at each time
step as a baseline for comparison. We validated our findings
on two datasets, as shown in Tab. 2. Its inferior Chamfer
distances confirm that our method does not simply converge
to a visual hull.

9. Temporal Stability Visualization

As described in Sec. 5.3 “Temporal Stability” in the main
paper, our method achieves the lowest standard deviation.
In Fig. 7, we take one scene Backhug02 as an example to
visualize its Acc, Comp and Overall across all timesteps,
and compared with other dynamic surface reconstruction
methods (Sparse2DGS [14], Dynamic-2DGS [17], GauS-
TAR [18]). It is not difficult to find that three metrics of our
methods are the most stable across all timesteps.
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