Temporal Cluster Assignment for Efficient Real-Time Video Segmentation
Supplementary Material

A. Preliminary Extension to ViT-Based Depth B. Pseudo Code
Estimation

Algorithm 1 Temporal Cluster Assignment

Method RMSE| RMSE,.| AbsRell SqRel] SILog| log,,| FPSt

1 def forward(x, x a frame_idx d
Baseline (DPT)  2.573 0.0922 00624 0222 8284 0.0271 30.59 (%, Tret, o, B, —idx, fnax,

Expedit 2745 00962 00638 0242 8687 00278 3563 ):
+Ours 2.682 0.0948 0.0631 0235  8.545 0.0275 36.34 2 e
3 x: current frame clustered tokens
Table 1. Preliminary depth estimation results using a ViT-style ‘5‘ erif: riferen?e fiame FOkenS
(DPT) model with and without TCA. alpha: clustering ocation .
6 beta: delayed clustering location
7 frame_idx: current frame index
To explore whether TCA can generalize beyond window- 8 EesEs leyirams dmiervel
. . . 9 d: refinement switching parameter
based segmentation transformers like Swin, we conduct a 10 .
preliminary experiment on a video depth estimation task 11 key_frame = (frame_idx % fmax == 0)
with the KITTTI dataset [2] using DPT [4], which uses a ViT- 12 if key_frame:
style backbone with global attention. I for i, block in enumerate (blocks):
. . . . . 14 # Late clustering
As shown in Table [, integrating TCA into Expedit leads 15 15 8 — @ o @
to an improvement in performance across standard depth 16 # Update reference tokens
metrics, alongside a slight increase in FPS. This result is not 17 Braf = B .
meant to establish comprehensive generalization, but it pro- }g . - E lzc}c(l(ifter ing (x)
vides early evidence that the core idea of TCA—Ileveraging 20 else:
temporal consistency to refine token usage—may also be 21 for i, block in enumerate (blocks) :
applicable to other dense prediction tasks involving ViT-like 22 # Barly clustering
. . . . 23 if i == a:
models. A more systematic investigation is left to future .
24 x = clustering(x)
work. 25 elif i == a + Bk
26 # Temporal Cluster
Assignment
27 # Eq. 1
28 distance = distance_fn(x, x
ref )
29 j = argmin (distance)
30 if a <= d:
31 # Eq. 3
32 x = RBS(X, Xpef, J)
33 else:
34 # Egq. 2
35 X = CGA(X, Xpef, J)
36 x = block (x)
37 X = reconstruct (x)
38 frame_idx += 1

39 return x, Xpef, frame_idx




C. Discarded Ideas

C.1. Dynamic Keyframe Interval
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Figure 1. Comparison of dynamic keyframe interval schematic
against fixed keyframe interval.

Past work in feature propagation [3, 5, 6] has proposed
dynamic keyframe intervals based on a learned module.
Given the similarity between our TCA and feature propaga-
tion, we also explored the possibility of a training-free dy-
namic keyframe interval based on existing properties of fea-
ture tokens. Specifically, we compute a similarity between
current non-keyframe to the reference keyframe. This sim-
ilarity score accumulates at each non-keyframe, and if the
accumulated distance exceeds a predefined threshold, the
next frame is considered as a keyframe. Specifically, we
tested three different similarity functions:

1) The average distance during the TCA assignment
stage, as defined in the main text Eq. 1.

2) The cosine distance between reference frame tokens
and current frame tokens, computed at the end of Stage 3 in
the Swin Transformer.

3) The L2 distance between reference frame tokens and
current frame tokens, also computed at the end of Stage 3
in the Swin Transformer.

Fig. 1 presents a comparison of all three dynamic in-
terval methods against a fixed keyframe interval. While
both cosine distance and L2 distance-based dynamic inter-
vals show a slight advantage at &« = 0 and 1, none of the
methods yield a noticeable improvement at later « values.
Given the computational overhead required for distance cal-
culations, we opted for a fixed keyframe interval instead.

C.2. Memory Module
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Figure 2. Effect of adding a memory module to TCA compared to
using TCA alone.

Inspired by recent methods in memory consolidation for
long-context video understanding [1], we explored the ad-
dition of a non-parametric memory module during TCA.
Specifically, we initialize a set of memory tokens Zmem US-
ing the refined cluster 75110 ¢ REXNXL gt the first non-
keyframe, where K is the number of windows, N is the
number of clustered tokens, and L is the token dimension.

During TCA in subsequent frames, and before refine-
ment, this memory is concatenated with the reference
tokens along the window dimension, forming x " €
REX(MAN)XL " where M represents the number of refer-
ence tokens. The concatenated tokens are then treated as
the new reference tokens and used for assignment and re-
finement, following the original TCA process. Similar to
Trefs Tmem are assigned and used to refine Tgjyger. BY tak-
ing into account features from past frames stored within,
ZTmem aCts as a correction to feature drifting caused by differ-
ences between the reference and current frames, mitigating
the impact from scene changes in video.

In [1], the memory is updated by concatenating a k-
means clustered form of its current token to the existing
memory. Since both the k-means operation and the increase
in memory size across frames cause extra overhead in TCA,
we instead update the memory by directly replacing it with
the newly refined tokens x7¢"d after the refinement step.
This serves as a variant to [1] where the previous memory
is included into the newly updated memory through the as-
signment and refinement process.

Fig. 2 illustrates the effect of incorporating the memory
module. While a slight advantage is observed at a = 10, the
memory module does not yield noticeable improvements
at other values of a. Given the additional computational
overhead introduced by the increased concatenated refer-
ence size, we opt to use only the reference tokens in TCA.



Table 2. Setting of cluster size /N and cluster location o used in main results of Table 1 and 2.

Confi Method YTVIS19 YTVIS21 OVIS
g Cluster Size (N) « | Cluster Size (N) « | Cluster Size (N) «
Baseline (Unclustered size M) | 12 x 12 / | 12 x 12 / | 12 x 12 /
AiluRus 7 x7 10 8 x 8 10 8 x 8 10
Hishest +QOurs 7 x7 9 8 x 8 9 8 x 8 9
g Expedit 8 x 8 10 8 x 8 10 8 %8 9
+Ours 7 x7 10 8 x 8 9 6x6 9
AiluRus 8 x 8 7 6x6 8 6x6 9
30% +Ours 6x6 7 6x6 6 7x7 6
Speed Up | Expedit 6x6 7 6x6 8 6x6 8
+Ours 6x6 6 6x6 6 6x6 7
AiluRus 6x6 4 6x6 4 6x6 5
50 % +Ours 6x6 0 5%x5 3 6x6 3
Speed Up | Expedit 6x6 3 6x6 3 6x6 3
+Ours 4 x4 4 4 x4 4 4 x4 4




(a) Expedit Only (b) With TCA (c) Reference (d) Assignment
(Ours) frame Map

Figure 3. Further examples of comparisons and heatmaps from YTVIS19



(a) Expedit Only (b) With TCA (c) Reference (d) Assignment
(Ours) frame Map

Figure 4. Further examples of comparisons and heatmaps from YTVIS21



| a) Expditnly B With TCA Reference (d) Assignment
(Ours) frame Map

Figure 5. Further examples of comparisons and heatmaps from OVIS
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