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4D Primitive-Mâché: Glueing Primitives for Persistent 4D Scene Reconstruction

Supplementary Material

1. System Analysis001

We analyse the behaviour of our system across several di-002
mensions.003

Robustness to geometry frontend Since our method re-004
lies on the outputs of feed-forward geometry estimation005
networks, we first examine its sensitivity to the choice of006
model. Table Sec. 1 shows that 4DPM is robust to the007
choice of frontend, yielding a consistent improvement in008
F-score across all configurations (by at least +0.235).009

Component ablation Table Sec. 1 presents a detailed ab-010
lation of our system’s components. Our correspondence fil-011
tering mechanism is critical to performance: removing it012
causes a drop in F-score of 0.15 (−19%). Second-order op-013
timisation substantially outperforms first-order Adam. Re-014
placing Alltracker with SEA-RAFT [4] results in a modest015
performance degradation. Finally, our method is robust to016
segmentation quality: using unfiltered SAMv2 masks or the017
lighter SAMv2-Small variant yields performance compara-018
ble to the full pipeline.019

F-score delta F-score
π3 0.5219 -
VGGT 0.5330 -
DAv3 0.4587 -
π3 + Ours 0.7573 +0.235
VGGT + Ours 0.7700 +0.237
DAv3 + Ours 0.7103 +0.256

Table 1. Robustness to different geometry estimators on
HO3D.

F-score
Unfiltered correspondence 0.6401
FO optimiser 0.7228
SEA-RAFT for correspondence 0.7727
Unfiltered masks from SAMv2 0.7765
SAMv2-small 0.7947
Ours 0.7948
Table 2. Ablation study on Multi-obj dataset.

2. Additonal Qualitative Results020

3. Analytical Jacobian Derivation021

We provide analytical Jacobians for a single pairwise resid-022
ual of an object. In practice, the Hessian is block-diagonal023
with respect to objects.024

Given relative residuals r = T−1
j TiXi −Xj

∧
, we derive 025

its analytical right Jacobians J = [JTi |JTj ] with respect to 026
object poses Ti and Tj . 027

Let Z = T−1
j Ti, then: 028

dZ

dTi
= Id (1) 029

dZ

dTj
= −Ad

(
Z−1

)
(2) 030

From [3], if Z =

[
RZ tZ
0 1

]
, RZ ∈ SO(3) , tZ ∈ R3 031

and Act is the action operator of SE(3) group on R3, i.e 032
Act(Z,X) = RZX + tZ , then: 033

dAct(Z,X)

dZ
=

[
RZ −RZ [X]×

]
(3) 034

Then, using chainrule, 035

dr

dTi
=

d(ZXi −Xj

∧
)

dTi
=

=
dAct(Z,X)

dZ

dZ

dTi
=

[
RZ −RZ [Xi]×

] (4) 036

dr

dTj
=

d(ZXi −Xj

∧
)

dTj
=

dAct(Z,Xi)

dZ

dZ

dTj
=

=
[
RZ −RZ [Xi]×

] (
−Ad

(
Z−1

)) (5) 037

The last equation can be simplified further. Recall that 038

Z−1 =

[
RT

Z −RT
ZtZ

0 1

]
and, therefore, its adjoint is: 039

Ad(Z−1) =

[
RT

Z [−RZtZ ]×R
T
Z

0 RT
Z

]
(6) 040

Then the second-block column of dr
dTj

corresponding to 041

rotation is: 042

−RZ [−RZtZ ]×R
T
Z +RZ [Xi]×R

T
Z =

= [tZ ]× + [RZXi]× =

= [RZXi + tZ ]× = [Act(Z,Xi)]×

(7) 043

4. First Order vs Second Order Study 044

We compare the performance of our system using Gauss- 045
Newton optimisation against Adam. In Sec. 4, we report 046
the resulting F-score on our Multi-Object dataset for our 047
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Figure 1. Reconstruction on ego-centric data. Our system runs of the box on different data distributions, such as ego-centric data,
including TasteRob [5] and EpicKitchens [1] datasets.

system compared to a variant using the first-order Adam048
optimiser [2]. Interestingly, even with a generous time bud-049
get, the first-order optimiser never converged to the same050
level of quality, both quantitatively and qualitatively. In our051
experiments, the translational component of the transforma-052
tion was often estimated correctly, while the rotational com-053
ponent remained problematic.054

5. Run-Time Analysis055

In Sec. 5, we report a performance breakdown of our sys-056
tem. The frontend dominates overall runtime, with video057

F-Score Time Spent
Adam 500 steps 0.6342 20s
Adam 1k steps 0.6474 40s
Adam 10k steps 0.7228 400s
Ours (10 steps) 0.7843 2s
Ours (50 steps) 0.7948 10s

Table 3. Reconstruction quality of our method with different
optimisers and computational budgets.

segmentation being the most expensive component as we 058
propagate masks for all potential objects in the scene (typi- 059
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Figure 2. Failure Cases. Our system struggles with rapid motion (e.g. shaking the milk carton) and object re-identification when hands
disappear from and re-enter the camera view.

Component Time Spent Peak Memory
Frontend (correspondence) 2.3s 6.9GB
Frontend (π3) 5.6s 8.7GB
Frontend (segmentation) 42s 13.1GB
Frontend (combined) 50s -
Backend 9.6s 14.5GB
Motion Segmentation 2s 7.6GB

Table 4. Performance and Memory benchmarking.

cally around 50-100 objects). Backend performance scales060
with image resolution: our dense alignment at 512 × 512061
takes approximately 10 seconds, reducing to 2.5 seconds at062
256× 256.063

Further optimisation of the backend is possible, though064
the frontend now represents the primary opportunity for im-065
provement. Additionally, our current implementation does066
not include early termination of the optimisation; incorpo-067
rating this could yield further performance gains.068
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