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1 Implement Details

1.1 Training Parameters

As mentioned in the main paper, the attainment of Leiustering requires a meticu-
lous adjustment of the weights among various components to show the model’s
entropy diminution. Furthermore, within L 1, it is imperative to control the
model’s proficiency in distinguishing between foreground objects and background
stuff. To this end, we set the hyperparameters A1, A2, A3 in clustering loss as 20,
0.5, 10000, and A4, A5 in foreground-background loss as 0.2, 0.1 during training.

1.2 Key-frame Selection

To enhance the stability of the training process for instance segmentation, it is
imperative to encourage the model to focus more on the input images with more
distinct labels, rather than dealing with single or even no segment labels. To
achieve this, when loading the instance training segmentation dataset, we will
sort the label counts of each 2D segmentation map, i.e. the number of different
instance labels in each of the input segmentation maps. Then we choose the top
10% input maps with the most labels as key frames and those with no labels
as empty frames. During training, when empty frames are loaded, they will be
randomly replaced with keyframes.

2 Proofs of Clustering Loss

To further clarify how our novel-designed clustering loss works as we expect, we
provide detailed proofs to illustrate the theory behind our design.
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2.1 Maximum Distance in a Probability Simplex

Considering p, ¢ € RV, s.t. Vi € [1,N], p;,¢; > 0, and Zﬁilpi =1, Zivzl q =1,
the Ly distance between p and ¢ is:

lp—dall3=®—a) (0—q) =pI3+all3 —2r"q, (1)
Since Vi € [1, N], p;,q; > 0, there are:
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where the equality holds only if there is one and only one p; € p and ¢; € ¢
is non-zero. As Zf\il pi = 1, vazl ¢; = 1, the non-zero p; and ¢; must be 1,
i.e. both p and ¢ are in one-hot format. Furthermore, since V;p; > 0,¢; > 0, we
have p" ¢ > 0, with the equality holds only if p and ¢ are orthogonal.
Therefore, ||p — ¢||3 < 2 and the bound is reached only when p and ¢ are
one-hot and orthogonal at the same time, i.e. they occupy two different vertices
of the simplex, which is the main objective of Lqg;g.

2.2 Minimum Variance in a Probability Simplex

In order to slow down the entropy reduction and provide more time to separate
the clusters, we designed L,¢g, which minimizes the variance of softmax values in
each cluster. Here we demonstrate how it serves such an objective. Considering
p described same as in Sec.
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i=1
Var(p) is minimized when p = %1, where %1 is a uniform distribution of the
same size as p and all elements are % Therefore, £,e; encourages an increase in
the entropy of the predicted result p.

3 Additional Results and Examples

3.1 Ablation of Segmenters

To verify the effectiveness of ClusteringSDF using different segmenters, we masked
instance GT (seen as a perfect segmenter, but with instance labels under each

camera view randomized) to different degrees to simulate the cases where the

segmenters fail to segment correctly (less effective segmenters). The results in Ta~

ble [A] indicate that a significant decrease in PQ**°"® of instance segmentation is

observed only when the proportion of the mask reaches 50%. This demonstrates

that our model has a strong tolerance for segmentation errors.
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Table A: Ablation study of segmentation error

GT 10% 30% 50% 70%
ClusteringSDF 65.2 64.8 64.9 63.7 55.7
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Fig. A: Qualitative results of ObjectSDF++ with machine-generated in-
stance labels.

3.2 Results of ObjectSDF+-+ with Machine-Generated Labels

This is an extension of the ablation study in our main paper, which reports
only the quantitative results of training ObjectSDF++ [3| using the instance
labels generated with Mask2Former |2|. Herein, we present the corresponding
qualitative results in Fig. [A] As we can see, the original ObjectSDF++ cannot
handle these view-inconsistent labels, resulting in many objects not being able
to be segmented, or almost all objects being labeled the same way.

3.3 Qualitative Results without Semantic-Matching Loss

In the experiment section of our main paper, we highlighted the indispensable
role of Lgey, in matching the labels, without which the semantic segmentation
cannot proceed. To demonstrate this, in Fig. |B| we provide the results where
the Lgem is omitted. These results demonstrate that while the model retains the
capacity to differentiate between objects of various categories, it fails to align
the predicted labels with the predefined semantic labels accurately.

3.4 Qualitative Results without Differentiation Loss

We also design another variant (w/o the loss term Lg) of the model, because
we have claimed it as indispensable. Here, we provide the corresponding results
in Fig. [C] to prove this statement. The qualitative results show that without
Laifr, the model will no longer work and cannot segment any objects.

3.5 Comparison of Training Results at Early Stage

To further demonstrate the efficiency of our method, we compare the segmenta-
tion results with the current state-of-the-art model, Contrastive Lift |1] in the
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Fig. B: Qualitative results without Semantic-Matching Loss.
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Fig. C: Qualitative results of without Lais.

early stage of training. The results are shown as Fig. [D] Here we train our Clus-
teringSDF and Contrastive Lift for less than 10% of the complete training time,
3 hours for Contrastive Lift and 30 minutes for our model. Qualitative results
show that our model can achieve sharp semantic/instance segmentation results
at a very early stage. In contrast, for Contrastive Lift , 10% of the training
has apparently not yet enabled a relatively stable segmentation, especially for
instance segmentation, which is significantly worse than our model.

3.6 Multi-View Comparisons

In Fig. |[E] we provide the segmentation comparisons from multiple camera views
against Contrastive Lift , which can demonstrate that our segmentation is
consistent across multiple views. On the other hand, it can also be observed that
the segmentation results of ClusteringSDF are closer to the actual geometry of
the objects (the areas marked by the red boxes), which is compatible with the
objective of ClusteringSDF.

3.7 Objects of the same category near each other

Besides the examples in the paper, we provide additional results of a scene includ-
ing several chairs around a table in Fig. [F] demonstrating that ClusteringSDF
can handle this situation properly.



ClusteringSDF 5

Contrastive Lift [1] Ours Ours

Mvoid wall  floor Micabinet M bed = sofa M chair table M ceiling " lamp " window ' door Mibag Miscreen Mishelf []other

Fig. D: Segmentation results at early training stage against Contrastive Lift
1]. Columns 2-4: semantic segmentation. Columns 5-7: instance segmentation.
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