
A Overview1

We begin by outlining the structure of this supplementary material. In §B, we detail the design and2

functionality of the Long-Term Memory module. In §C, we furnish additional visualizations that3

compare our approach against ESAM [1] and illustrate its behavior under online inference.4

B More Details about Long-Term Memory5

Analogous to standard multi-target tracking [2, 3, 4, 5, 6, 7, 8], our Long-Term Memory module6

employs separate workflows for training and inference. Below, we present the corresponding7

pseudocode for each phase.8

Algorithm 1: Long-Term Memory Inference

Input: Instance embeddings Qt, boxes Bt at current frame t; Tracklet embeddings QTrk, boxes
BTrk, ages αTrk; LTM Buffer

Output: Updated tracklets QTrk, boxes BTrk and age αTrk.
▷ Affinity Computation

1 Applying score threshold γ to Qt and Bt yields valid instance subsets Q̂t and B̂t.
2 Compute Eij between {Q̂t, B̂t} and all {QTrk,BTrk} using Eq. (1).
3 Compute affinity scores Aij from Eij using Eq. (2).
▷ Hungarian Assignment

4 Apply Hungarian algorithm to find optimal one-to-one matched pairs M.
▷ Tracklet Update

5 Update Tracklet {QTrk,BTrk, αTrk} based on matched pairs M using Eq. (3)
▷ Tracklet Initialization and Expiration

6 Mark unmatched tracks older than Tlife as stale and push into LTM Buffer.
▷ LTM Reactivation

7 Compute ELTM
ij between unmatched instances and LTM Buffer

8 Compute ALTM
ij and apply Hungarian algorithm to get reactivation pairs MLTM.

9 Restore {QLTM,BLTM, αLTM} into tracklet embeddings based on MLTM using Eq. (3).
▷ New Tracklet Generation

10 For still-unmatched instances, initialize a new tracklet by assigning {Qnew,Bnew, αnew = 1}.

Algorithm 2: Long-Term Memory Training

Input: Instance embeddings Qt, boxes Bt at current frame t; Tracklet embeddings QTrk, boxes
BTrk, ages αTrk;

Output: Updated tracklets QTrk, boxes BTrk and age αTrk.
▷ Affinity Computation

1 Match each ground-truth annotation to its corresponding candidate in Qt and Bt, yielding the
valid instances Q̂t and B̂t.

2 Compute Eij between {Q̂t, B̂t} and corresponding {QTrk,BTrk} using Eq. (1).
3 Compute affinity scores Aij from Eij using Eq. (2).
▷ GT-based Assignment

4 We use ground-truth annotations to match the valid instances Q̂t and B̂t with the existing
tracklets QTrk and boxes BTrk, encoding the results in a binary matrix Atgt whose entries are 1
for matched pairs and 0 otherwise.

▷ Tracklet Update
5 Update Tracklet {QTrk,BTrk, αTrk} based on matrix Atgt using Eq. (3)
6 For unmatched instances, initialize a new tracklet by assigning {Qnew,Bnew, αnew = 1}.
▷ Loss Function

7 Compute the Cross-Entropy Loss between A and the ground-truth matrix Atgt.
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Figure 1: Visualization of segmentation results on ScanNet200 dataset in successive frames.

Figure 2: Online visualization of our method on ScanNet200 dataset.

C More Visualizations9

In Fig. 1, we illustrate instance segmentation across successive frames on ScanNet200. Thanks to10

our tracking-centric online 3D segmentation framework, the method produces precise, complete11

object masks with robust association even when instances are occluded in preceding or following12

frames. Compared to ESAM, our approach exhibits substantially improved segmentation fidelity and13

continuity in challenging scenarios.14

In Fig. 2, we present the online 3D segmentation data stream. The results demonstrate that our15

method achieves accurate, real-time instance segmentation and 3D reconstruction, thereby providing16

a robust foundation for downstream robotic applications.17
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