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In this supplement, we first provide additional implemen-
tation details, including dataset information, to aid repro-
ducibility (Sec. A). We discuss our evaluation protocol and
choice of metric in Section B. Next, we provide additional
quantitative and qualitative results and analysis (Sec. C). Fi-
nally, we provide a comprehensive discussion on the limi-
tations of VideoCUPS and outline potential future research
directions (Sec. D).

A. Reproducibility

This section provides further information about the datasets
used and details on our implementation to ensure repro-
ducibility. To further ensure reproducibility and provide
a foundation for future work on unsupervised VPS, our
code is available at https://github.com/visinf/cups/
tree/main/videocups.

A.1. Datasets

Here, we provide additional details on the datasets utilized
for training and evaluation.

Cityscapes [23] is a dataset of urban driving scenes com-
posed of 5000 high-resolution images at 1024 x2 048 pix-
els. The dataset is split into 2 975 training, 500 validation,
and 1525 test images, each annotated at the pixel level with
panoptic labels. While Cityscapes provides different levels
of semantic annotations (27, 19, and 7 semantic categories),
the Cityscapes evaluation protocol employs 19 categories
for evaluation. These 19 categories are composed of 8
“thing” and 11 “stuff” categories. Every annotated training
image is extracted from a 30-frame video clip. Following
prior work [41], we utilize these 2 975 training clips (86 275
video frames) for generating pseudo-labels and training.

Cityscapes-VPS [57] extends the Cityscapes dataset with
panoptic video annotations. In particular, Cityscapes-VPS
offers VPS annotations of the 500 Cityscapes validation
clips. Cityscapes-VPS provides annotations for every fifth
frame of each 30-frame clip using 19 categories matching
Cityscapes. The annotations are obtained using a semi-
automated annotation process with human correction. Still,
multiple works pointed out labeling errors [117, 124]. The
500 Cityscapes-VPS dataset provides a split into 400 train-

ing, 50 validation, and 50 test clips. We perform evaluation
on the 50 validation video sequences, following the origi-
nally proposed setting.

KITTI-STEP [114] provides panoptic video annotations
for the KITTI-MOTS dataset [107, 128] and comprises 12
training, 9 validation, and 29 test videos. While Cityscapes-
VPS provides more video clips and “thing” detections per
frame, KITTI-STEP provides significantly longer video
clips, on average 381 annotated frames per sequence, and
longer tracks (average track length 51 frames). This is
significantly longer than the 6 annotated frames of each
Cityscapes-VPS clip. The semantic taxonomy of KITTI-
STEP matches the 19-class taxonomy of Cityscapes, how-
ever, provides fewer “thing” classes—only persons and cars
are annotated instance-wise. To compensate for this during
evaluation, we perform semantic matching using the “thing”
and “stuff” separation of Cityscapes and ignore video in-
stance predictions of semantic classes different than “per-
son” and “car”. For evaluation, we use the validation split.

Waymo [77, 98] comprises panoramic video panoptic an-
notations for 2 860 clips, covering a broad range of street
scenes under diverse conditions (e.g., night, rain, etc.). The
dataset provides five camera views and is split into 2002
training, 286 validation, and 572 test clips. We use the
forward-facing view with a resolution of 1080 x 1920 pix-
els. Following established practice [41], we map Waymo’s
semantic labels to the Cityscapes taxonomy, resulting in 16
categories, and report results on the validation split. As
Waymo includes a substantial number of very small “thing”
detections, we remove instances with an average track size
below 400 pixels. This mitigates the impact of extremely
fine-grained annotations, which current unsupervised ap-
proaches cannot segment reliably, and ensures comparabil-
ity to Cityscapes-VPS.

MOTS [107] is used to assess scenes-centric VPS accuracy
on videos different from autonomous driving scenarios. We
utilize the four MOTChallenge training video sequences,
each composed of 2866 frames, for evaluation. These
frames entail a resolution of 1080 x 1920 or 480 x 640
pixels. MOTS provides two annotated categories “person”
and “background”, while providing video instance segmen-
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tation for each “person” instance. We consider “person” as
a “thing” category and “background” as a “stuff” category.

A.2. Implementation details

We implement VideoCUPS using PyTorch [131] and train
using PyTorch Lightning [127]. We utilized Detec-
tron2 [138] for implementing Panoptic Cascade MaskTrack
R-CNN and Kornia [133] for augmentations. Our im-
plementation is partly built upon the code from previous
work [41, 42, 91].

Pre-trained models. Our full pipeline utilizes
SMUREF [102], Dynamo-Depth [99], and DepthG [91]. To
ensure full compliance with our purely unsupervised and
monocular setup, we retrain Dynamo-Depth and DepthG.
While SMUREF has already been trained using monocular,
unlabeled videos, DepthG uses a supervised depth model,
and Dynamo-Depth initializes training with an Ima-
geNet [85] supervised backbone. In particular, we retrain
Dynamo-Depth [99] with a DINO ResNet-18 [13, 46], in-
stead of an ImageNet-supervised [85] ResNet-18. DepthG
is retrained with the monocular depth estimates of our
retrained Dynamo-Depth model.

Pseudo-label generation. We generate panoptic video
pseudo-labels using ¢, = 27 pseudo-classes on the
Cityscapes training sequences, following CUPS [41] and
use a thing-stuff threshold of ' = 0.01 (c¢f. Sec. C.1).
Semantic pseudo-labeling uses the prediction of our re-
trained DepthG, and depth-guided semantic inference fol-
lows the same setting as proposed in [41]. We post-process
pseudo-labels with a CRF [64] using regularized Frank-
Wolfe inference [66] and use the original hyperparame-
ters. SMURF and our retrained Dynamo-Depth are used
for pseudo-labeling. Our region growing uses o = 0.15,
Ta = 0.02, 7y = 0.04, and r = 8 (cf. Tab. 8). Instance prop-
agation and tracking uses a sliding window of length three
and an IoU-threshold of 7,,, = 0.4 in Hungarian matching
(cf. Tab. 7). Temporal semantic smoothing likewise uses a
three-frame sliding window.

Training and evaluation. To ensure fairness to our base-
lines U2Seg [81] and CUPS [41], which employ a Panop-
tic Cascade Mask R-CNN [10, 58], we use the clos-
est video extension, the Panoptic Cascade MaskTrack R-
CNN [10, 58, 121]. Following CutLER [109], U2Seg [81],
and CUPS [41], we utilize a ResNet-50 [46] backbone
with DINO [13] initialization, pre-trained self-supervised
for two epochs on ImageNet [85]. Building on CUPS [41],
we train using AdamW [72] with a base learning rate of
2x 1073, our self-enhanced video copy-paste augmenta-
tion, and our Video DropLoss (with 1,y = 0.5) for eight
epochs. Our self-enhanced video copy-paste augmenta-
tion starts using model predictions after one epoch. Dur-
ing the first epoch, we copy-paste pseudo-labels. We paste
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between one and eight “thing” video detections into an-
other video clip. Training was performed on four NVIDIA
A100 GPUs (80GB) using a batch size of 24. Evalua-
tion of VideoCUPS and our unsupervised baselines is per-
formed using the native resolution of each dataset (e.g.,
1024 x 2048 for Cityscapes [23]).

B. Unsupervised VPS Evaluation Protocol

As we train in a fully unsupervised fashion, our model
only predicts pseudo-classes. These need to be mapped to
the ground-truth categories. For this, we presented a sim-
ple and hyperparameter-free approach in Sec. 3.3. After
mapping pseudo-categories to ground-truth categories, we
utilize the established Segmentation and Tracking Quality
(STQ) [114]. In the following, we provide details on the
STQ and discuss other VPS metrics.

B.1. Segmentation and Tracking Quality

After mapping pseudo-categories to ground-truth categories
(cf. Sec. 3.3), we are equipped with the VPS predictions
per clip P; = (S;,R;), where S; € {1,2,...,cg}T¥HXW
denotes the matched semantic predictions obtained using
the pseudo-semantics S; ¢ is the clip index, and R; €
{0, 1} *T>HXW indicates the per-frame presence of n,
predicted “thing” video instances. For evaluation, we use
the ground-truth VPS labels P; = (S;,R;), with the
semantic ground truth S; € {1,2,...,ce} "WV and
the corresponding ny binary video instance masks R; €
{0, 1} TXHXW " The Segmentation and Tracking Qual-
ity is computed as

STQ = (AQ-SQ)2, )

where AQ is the Association Quality, and SQ is the Seg-
mentation Quality. Specifically, the AQ measures how
accurately instances were detected and tracked over time,
while SQ measures how well pixel semantics were pre-
dicted, effectively decoupling segmentation and associa-
tion.

More specifically, the Segmentation Quality, SQ, is de-
fined as the mean Intersection over Union over the ground-

truth classes ¢ € {1,2, ..., ¢y} computed as
1 TP
5Q=— > e O
Cet ce{l,...,ca} TPC + FPC T FNC
with
TP(: = Z 1 [Si,t,h,w = C] 1 [Si,t,h,w = C], (6)

it h,w
FPC = Z 1 [Si,t,h,w = C] 1 [Si,t,h,w 7é C:|,
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FNe = Z 1 [Si,t,h,w # C] 1 [Si,t,h,w = c], (8)
i,t,h,w



computed over the temporal and spatial dimensions as well
as all evaluated clips.

The Association Quality, AQ, is computed using the
“thing” video detections R,; and the ground truth R;. First,
the true positive TPA;(g, p), false positive FPA; (g, p), and
false negative FNA;(g,p) association areas for the pre-
dicted video instances g € {1,2,...,n,} and the ground-
truth video instances p € {1,2,...,ny} are computed per

clip i as
TPA Z R i,9,t,h, w i,p,t,h,w> (9)
t,h,w
FPAi(9,p) = Y Ripinw—TPAi(g,p),  (10)
t,h,w
FNAi(9,p) = Y Rignw — TPA;(g,p).  (11)
t,h,w

Next, the pairwise association Intersection over Union
ToU%(g, p) is computed using

TPA;(g,p)

TPA;(g,p)+FPA; (g, p)+FNA; (g, p)('lz)

p), the Association

IoUg,p)=

Finally, using TPA, (g, p) and ToU% (g,
Quality is computed as

Ngt,i

2 &
AQ = Zgl

where | i g| denotes the total area (i.e., the number of pix-
els) of the ground-truth video instances g, ng; ; the number
of ground-truth instances of clip 4, and 7, ; the number of
predicted instances of clip .

Np, i

| ZTPA (9,p) 10U (g, p)
7.‘]

,» (13)

Ngt i

B.2. Discussion

Existing work in the supervised domain offers alternative
metrics for evaluating VPS, including the Video Panop-
tic Quality (VPQ) [57] and Panoptic Tracking Quality
(PTQ) [51]. However, we adopt STQ as our primary met-
ric in our proposed evaluation protocol for several reasons.
First, STQ provides a clear separation between segmenta-
tion and association quality, yielding more interpretable in-
sights into model behavior. Second, STQ evaluates entire
videos at the per-pixel level and avoids the need for tempo-
ral windowing. In contrast, VPQ relies on fixed window
sizes, which introduce sensitivity to the chosen hyperpa-
rameter and do not scale to full-length videos [114, 130].
Third, STQ does not use a threshold-based matching of
“thing” predictions, in contrast to both PTQ and VPQ, mak-
ing it more robust across object scales and crowded scenes.
For these reasons, we refrain from incorporating VPQ into
our evaluation protocol, as STQ provides the most stable,
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Table 5. VPQ vs. STQ. We compare VideoCUPS to our unsuper-
vised VPS baselines using VPQ and STQ (all in %, 1) on KITTI-
STEP. Both in VPQ and STQ, VideoCUPS outperforms the base-
lines. T denotes CUPS retrained using monocular videos.

Method VPQ | STQ
DepthG [91] + VideoCutLER [110] 14.3 13.2
U2Seg [81] + SORT [9] 19.0 24.0
CUPS [41] + SORT [9] 20.4 34.2
CUPST [41] + SORT [9] 20.0 329
VideoCUPS (Ours) 21.1 \ 373

interpretable, and hyperparameter-free evaluation. In doing
so, we follow KITTI-STEP [114], the 2D Video Panoptic
Segmentation Challenge at CVPRW 2023, and the Waymo
panoramic VPS dataset [77]. For a more detailed discussion
of different VPQ metrics, we refer to Weber et al. [114].

Nevertheless, we report VPQ for VideoCUPS and all
baselines on KITTI-STEP in Tab. 5 for completeness.
VideoCUPS consistently outperforms all proposed base-
lines in both VPQ and STQ. We observe that the rela-
tive accuracy gap between the methods is smaller for VPQ
than for STQ. We attribute this to the fundamental differ-
ences between the two metrics: VPQ is dominated by per-
frame/per-window mask quality, whereas STQ explicitly
captures both recognition and temporal consistency. Addi-
tionally, STQ does not penalize for the recovery/correcting
of tracks [see 114, for more details]. Therefore, STQ better
reflects progress in unsupervised VPQ.

C. Additional Results

Here, we provide additional qualitative and quantitative
results extending our experiments in the main paper (cf.
Sec. 4).

C.1. Pseudo-label thing-stuff threshold analysis

The thing—stuff threshold v* introduced in Sec. 3.1 par-
titions the semantic pseudo-classes into pseudo-thing and
pseudo-stuff classes based on their frequency inside the in-
stance masks across the training data. Table 6 reports the
effect of varying ' on pseudo-labels generated for the
Cityscapes-VPS validation split. Very low thresholds assign
many semantic pseudo-classes (e.g., 10 for 1% = 0.0025)
to the “thing” subset, leading to a form of over-clustering of
true instance categories. Conversely, high thresholds reduce
the number of thing pseudo-classes (e.g., 3 for ¢/** = 0.03),
which degrades results, as measured by the STQ. The best
results are obtained at ¢** = 0.01, yielding five pseudo-
thing classes and an STQ of 12.1 %.

C.2. Tracking threshold analysis

In Tab. 7, we analyze the influence of the IoU-threshold 7,
used for tracking and instance propagation (cf. Section 3.1).



Table 6. Pseudo-label thing-stuff threshold analysis. We evalu-
ate pseudo-labels generated on Cityscapes-VPS val using different
values for the thing-stuff threshold 1" using STQ (in %, 1).

Table 9. Dynamic vs. static analysis. We report STQ for dynamic
(STQP) and static “thing” objects (STQ®) only, ignoring stuff pix-
els. Both metrics in % (1) on Cityscapes val.

Pt — 0.0025 0.005 0.01 0.02 0.03 Approach STQP STQS
STQ 7.5 11.5 12.1 11.3 10.7 Supervised 42.8 28.6
Pseudo-labels 16.8 59
VideoCUPS 239 18.8

Table 7. Video pseudo-label instance propagation and tracking
threshold 7,,, analysis, using different IoU thresholds evaluated
on pseudo-labels generated on Cityscapes-VPS val, using STQ,
AQ, and SQ (all in %, 1).

Pseudo-label configuration STQ AQ SQ
Tm = 0.3 11.8 44 322
Tm = 0.4 12.1 4.5 32.3
Tm = 0.5 12.0 44 323

Table 8. Instance pseudo-labeling hyperparameter analysis.
We analyse our region growing hyperparameters (instance seed
threshold «, relative depth threshold 74, relative flow threshold
7y, and neighborhood radius r) on Cityscapes val and report STQ
(in %, 1).

— a > — Tq — — T > — 1 =
0.05 0.15 0.25(0.01 0.02 0.04{0.01 0.04 0.07| 2 8 14

12.112.1 11.3]11.6 12.1 12.0[12.0 12.1 12.0[12.1 12.1 12.1

STQ

In particular, we generate pseudo-labels on the Cityscapes-
VPS validation split and evaluate the pseudo-labels fol-
lowing the experimental setup from Tab. 3. Overall, our
pseudo-labeling is robust to different 7,,, values. Nonethe-
less, setting 7,,, = 0.4 yields a slightly better STQ than 0.3
and 0.5.

C.3. Instance pseudo-labeling analysis

In Tab. 8, we provide an analysis of our instance pseudo-
labeling hyperparameters. We again generate pseudo-labels
on the Cityscapes-VPS validation split and evaluate the
pseudo-labels following the experimental setup from Tab. 3.
We observe a robust behaviour of our pseudo-labeling w.r.t.
the relative motion threshold 7; and the neighbourhood ra-
dius r. Both the instance seed threshold o and the relative
depth threshold 7 still exhibit a relatively robust behaviour,
while less robust than 7, and .

C.4. Dynamic vs. static analysis

Table 9 analyses the accuracy of VideoCUPS and our
pseudo-labels on dynamic and static “thing” instances only.
In particular, we utilize Cityscapes ground-truth motion
masks [134] and compute STQ for moving “thing” in-
stances (STQP) and static “thing” instances (STQS). When
computing STQP, we ignore all “stuff” regions and static
“thing” instances. Similarly, for STQ® we ignore all “stuff”
regions and dynamic “thing” instances. While our pseudo-
labels only capture dynamic objects, VideoCUPS improves
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Table 10. Pseudo-labeling oracle. We analyze pseudo-labels gen-
erated using supervised depth, flow & motion masks and our un-
supervised pseudo-labels on Cityscapes val. using STQ, AQ, and
SQ (all in %, 7).

Pseudo-labels STQ AQ SQ
Supervised 17.3 8.7 343
Unsupervised (Ours) 12.1 45 323

Table 11. SSL features for semantic pseudo-labeling analy-
sis. We compare our modified version of DepthG [91] using
DINO [13] and DINOv3 [93], evaluating semantic image segmen-
tation using mloU (in %, 1) for unsupervised clustering and super-
vised linear probing on Cityscapes val.

SSL-Features

DINO [13]
DINOV3 [93]

Unsupervised mIoU  Supervised mloU

232 28.6
22.0 41.0

accuracy on both static and dynamic objects. These re-
sults demonstrate the effectiveness of our Video DropLoss
in enabling the network to detect and track objects missed
by our pseudo-labels. Note that Cityscapes-VPS con-
tains significantly more and smaller static than dynamic in-
stances [134], resulting in lower STQS, which is also ob-
served for the supervised upper bound.

C.5. Pseudo-labeling oracle

In Tab. 10, we provide an oracle experiment by using super-
vised cues to generate pseudo labels. In particular, we use
supervised depth [139], flow [137], and motion masks [134]
for pseudo-labeling. These supervised cues significantly
improve pseudo-label accuracy, demonstrating the potential
benefit of more accurate unsupervised depth, flow, and mo-
tion segmentation to improve unsupervised VPS. Note that
this only improves the moving-object masks while still us-
ing unsupervised semantics.

C.6. Analysing SSL features for semantic pseudo-
labeling

We analyze the effect of different SSL feature representa-
tions on the unsupervised semantic segmentation compo-
nent used for our pseudo-labeling (c¢f. Sec. 3.1). We ex-
periment using our DepthG [91] variant, adapted to the
unsupervised and monocular setting by replacing super-
vised depth with monocular predictions from Dynamo-



Depth [99]. Both VideoCUPS and the original DepthG
employ DINO [13] ViT-Base/8 features. We addition-
ally evaluate DINOv3 [93] ViT-Base/16 features under the
standard unsupervised semantic image segmentation proto-
col [20, 40, 42, 56, 88, 91] and report the mean Intersection
over Union in Tab. 11.

Despite stronger segmentation results from supervised
linear probing, DINOv3 yields inferior unsupervised seg-
mentation mloU compared to DINO (¢f. Tab. 11). This
aligns with prior observations for DINO compared to DI-
NOV2 [40]. We attribute the drop to the substantially larger
patch sizes in DINOv2/v3, which result in a reduced spa-
tial resolution. While the representations become more dis-
criminative in a supervised setting, their coarse spatial gran-
ularity appears detrimental for unsupervised clustering. We
use DINO(v1) features in our experiments to ensure a fair
comparison with U2Seg [81] and CUPS [41].

C.7. Class-level analysis

Table 12 provides class-wise Segmentation Quality results
of VideoCUPS and our baselines. Note that SQ only mea-
sures the segmentation accuracy, not detection and tracking
accuracy. We observe that rare classes are still a significant
challenge for all unsupervised approaches. For example,
the predictions of VideoCUPS only capture five out of the
eight “thing” classes. CUPS + SORT and CUPS™ + SORT
only capture four “thing” classes. Notably, while scoring
a significantly lower overall SQ and aligning not well with
ground-truth instances (cf. Tab. 1), U2Seg + SORT predicts
all “thing” and “stuff” classes, most likely due to the sig-
nificant overclustering with 827 pseudo-classes. On aver-
age, VideoCUPS outperforms our proposed baselines. In
comparison to the supervised upper bound, missed classes
account for most of the accuracy gap between supervised
and unsupervised approaches, including VideoCUPS. For
frequent classes (e.g., “Road”, “Sky”, or “Car”), our unsu-
pervised VPS almost matches the results of the supervised
upper bound. Fine-tuning on just a few VPS annotations
(10 % of Cityscapes-VPS train) can adapt VideoCUPS to
predict all semantic classes.

C.8. Qualitative results

In addition to the Cityscapes-VPS qualitative results in
Sec. 4.1, we present further visual comparisons. We com-
pare VideoCUPS to the proposed baselines DepthG [91] +
VideoCutLER [110], U2Seg [81] + SORT [9], CUPS [41] +
SORT, and CUPS" [41] + SORT, across KITTI-STEP [114],
Waymo [77, 98], and MOTS [107]. We also include qualita-
tive out-of-domain (OOD) results on DAVIS [132]. Further,
we include a video comparing all methods on the Cityscapes
demo video sequences in the supplementary material. Im-
portantly, we apply no post-processing to avoid confound-
ing the evaluation. We deliberately do not filter small masks

or discard short-lived instance tracks, as this would intro-
duce additional inference-time hyperparameters.

Figure 7 presents a qualitative comparison on KITTI-
STEP. DepthG + VideoCutLER detects only a limited set
of instances. U2Seg + SORT increases the number of pre-
dicted instances but frequently produces artifact-like in-
stance predictions (e.g., erroneous arrow on the road; top
example). CUPS + SORT yields a large number of in-
stances with stable temporal identities, while its monocu-
lar variant, CUPST + SORT, misses several smaller back-
ground instances. In contrast, VideoCUPS consistently dis-
covers both near and far objects, producing accurate masks
and temporally robust tracks.

Figure 8 compares all methods on the Waymo dataset.
DepthG + VideoCutLER captures only prominent fore-
ground objects and frequently merges distant instances into
single masks (e.g., car 1, left). U2Seg + SORT pre-
dicts good semantics but continues to merge multiple ob-
jects and exhibits noticeable artifacts in the instance pre-
dictions. CUPS + SORT achieves strong semantic seg-
mentation results and recovers many instances with sta-
ble temporal identities. Under the pronounced domain
shift and in cluttered scenes, both CUPS + SORT and
VideoCUPS occasionally predict small false instance pre-
dictions (e.g., lamppost; right example). The monocular
variant, CUPST + SORT, detects fewer objects and gener-
ates coarser instance masks (e.g., person 7, right). In con-
trast, VideoCUPS provides accurate semantics and numer-
ous precise instance masks (e.g., person 6 and car 4, right)
with consistent tracking across the entire sequence.

A qualitative assessment on the OOD dataset, MOTS, is
provided in Fig. 9. DepthG + VideoCutLER recovers many
of the foreground pedestrians but frequently merges multi-
ple individuals into a single instance mask. U2Seg + SORT
predicts pedestrian instances reliably, yet suffers from arti-
facts (e.g., store signs in the right example). CUPS + SORT
outputs precise instance masks but occasionally fails to
maintain tracks (e.g., person 2; left example). The monocu-
lar variant, CUPS' + SORT, yields coarser masks and more
artifacts overall. Overall, VideoCUPS delivers the strongest
qualitative results among all evaluated methods: it provides
accurate instance masks with stable temporal associations,
struggling only with very small distant objects.

We further assess the generalization ability of
VideoCUPS.  Figure 10 shows qualitative results on
the DAVIS [132] dataset, using the class assignments
learned on Cityscapes-VPS to map pseudo-classes to
ground-truth categories for visualization. VideoCUPS gen-
eralizes well to this unseen domain and correctly handles
unseen semantic concepts, such as forest and mountains
(top examples). In addition, VideoCUPS produces accurate
instance masks with consistent tracking over time.



Table 12. Class-level results on Cityscapes-VPS val. We compare VideoCUPS to the unsupervised VPS baselines, using the class-wise
segmentation quality (SQ, in %, 1). T denotes CUPS retrained using monocular videos. * denotes “thing” classes with spatio-temporal
instance annotations. For reference, we also report the class-wise scores of VideoCUPS fine-tuned with 10 % of the Cityscapes-VPS

annotations.
5 3 =
! g g
& S S
Method > = =
Supervised [58] 88.7 73.0 83.1 47.9 57.6 51.1 47.9 63.8 82.4 58.2 85.7 72.0 58.7 84.8 65.7 82.5 26.2 47.2 (74.‘)‘(15.3
DepthG [91] + VideoCutLER [110] 854 17.8 675 13 95 85 7.2 249 813 250 78.0 53.6 0.0 746 2.0 0.0 0.0 0.0 0.028.2
U2Seg [81] + SORT [9] 774 04 506 72 12 10 04 0.1 77.7 225 749 151 29 480 2.7 328 0.5 4.5 17.8|23.0
CUPS [41] + SORT [9] 81.1 16.2 63.2 13 4.9 30.6 17.6 40.7 80.9 36.3 81.9 479 0.0 61.1 0.0 233 0.0 0.0 18.2(31.8
CUPST [41] + SORT [9] 81.3 13.2 62.2 1.5 5.0 303 19.7 38.1 81.1 30.1 819 454 0.0 628 0.0 124 0.0 00 2.3(299
VideoCUPS (Ours) 814 17.7 679 1.0 99 27.0 8.8 39.1 80.9 32.5 834 53.1 0.0 67.8 0.0 10.1 0.0 0.6 31.5|32.3
VideoCUPS w/ 10 % VPS ann. (Ours) 85.6 43.9 83.0 16.8 35.7 37.4 37.5 52.7 83.0 19.5 88.2 70.0 44.8 82.9 24.8 5.1 21.6 18.2 56.5|47.7
Occlusions.  Motion segmentation, used for pseudo-

Figure 6. VideoCUPS partial occlusion example on KITTI-
STEP. While VideoCUPS struggles by design with full occlusion,
VideoCUPS is still able to track objects through some partial oc-
clusions (cf. object 154). Zoom in for details.

D. Limitations and Future Work

Moving objects assumption. We show that unsupervised
VPS is feasible by combining self-supervised visual repre-
sentations with motion and depth cues. A current limita-
tion is the requirement for independently moving objects to
obtain initial video instance pseudo-labels. Although this
assumption holds in many real-world scenarios, predomi-
nantly static objects, e.g., a painting mounted on a wall, re-
main challenging to segment in the unsupervised setting.
MaskCut-based approaches such as U2Seg or VideoCut-
LER can, in principle, discover such objects, but they re-
quire object-centric imagery and exhibit poor results on
scene-centric data. Integrating motion-based segmentation
with MaskCut-based pseudo-labeling may enable the seg-
mentation of predominantly static objects while still scaling
to scene-centric videos.

Dependency on driving scenes. While Most of our results
are reported on driving scenes, VideoCUPS can be applied
to non-driving-specific scenarios. Our approach only re-
quires an agent moving through space, and target instances
are movable, a common setting in robotics. Still, we re-
quire accurate unsupervised depth and motion, as well as
VPS annotations for evaluation, which are mostly available
for driving scenes (e.g., KITTI-STEP [114]). We show do-
main generalization of VideoCUPS beyond driving scenes
on MOTS (cf. Tab. 2, Fig. 9) and DAVIS (cf. Fig. 10).
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labeling, can only detect non-occluded objects. Addition-
ally, partial occlusions, e.g., a car behind a pole, can lead
to two detections of the same object cut by the partial oc-
clusion. Subsequently, VideoCUPS, trained using these
pseudo-labels, struggles to detect partially occluded ob-
jects correctly and fails to track temporarily fully occluded
objects. Still, though our self-enhanced video copy-paste
augmentation VideoCUPS can handle some degree of par-
tial occlusions (cf. Fig. 6). Enhancing the pasting strategy
of video copy-paste augmentations by systematically intro-
ducing partial and full occlusions, as well as by extending
training to longer clips, might offer potential avenues to mit-
igate this limitation.

Unsupervised semantic taxonomy. Unsupervised seg-
mentation approaches, including VideoCUPS, learn a seg-
mentation taxonomy from unsupervised cues and im-
posed hyperparameters. ~ While we demonstrate that
VideoCUPS learns a taxonomy that significantly correlates
with human-defined taxonomies, ideally, unsupervised ap-
proaches would learn a flexible, hierarchical taxonomy ca-
pable of expressing and discovering novel semantic cat-
egories. Creating more flexible approaches and bench-
marks that treat unsupervised VPS as an open-vocabulary
task would provide a path to overcoming this limitation.
Additionally, unsupervised taxonomies require matching
to a ground-truth taxonomy for validation. While most
likely not suitable for evaluation, exploring ground-truth-
free alignment between taxonomies could provide a power-
ful way to adapt unsupervised segmentation models to new
taxonomies and to analyze the structure of the learned tax-
onomy [129, 135, 136].

Scaling to multiple datasets. Existing scene-centric un-
supervised panoptic methods, such as CUPS, rely on stereo
video during training. In contrast, VideoCUPS’s pseudo-
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STEP [114] val.

vii



Road Sidewalk  Building Wall Fence Pole

DepthG + -
cupsts soRT CUPS + SORT U2Seg + SORT vid engLER Ground- truth

VideoCUPS (Ours)

t1

to

t2

Person Rider Train M.cycle Bicycle

to to

Figure 8. Waymo—Qualitative unsupervised VPS examples. We compare our proposed method VideoCUPS to the proposed baselines
DepthG [91] + VideoCutLER [110], U2Seg [81] + SORT, CUPS [41] + SORT [9], and CUPS™ [41] + SORT [9] on Waymo [77, 98] val.

labeling uses monocular videos. This provides an initial
step toward scaling unsupervised panoptic video under-
standing to larger video datasets. Still, achieving true scal-
ability to causal and monocular videos requires progress in
two domains. First, while stereo depth estimation is robust
and generalizes well, unsupervised monocular depth esti-
mation is still limited. Current models, including Dynamo-
Depth [99], are typically trained on a single dataset and
typically do not generalize well to different cameras and
other datasets/domains. Robust and generalizable unsuper-
vised monocular depth estimation, including a static and
dynamic scene decomposition, would enable more high-
quality pseudo-labels, enabling scaling VideoCUPS. Sec-
ond, unsupervised semantic segmentation approaches must
produce consistent pseudo semantics across diverse datasets
and a large set of pseudo-categories. Current DINO-based
unsupervised semantic segmentation approaches, includ-
ing DepthG [91], typically train a segmentation head for
a specific dataset. The resulting pseudo-categories do not
necessarily align with pseudo-categories obtained when
training on another dataset. Additionally, diffusion-based

viii

unsupervised semantic segmentation approaches, such as
DiffCut [24], use language supervision and often provide
pseudo-categories only consistent within a single image, re-
quiring per-image matching for validation. Obtaining an ap-
proach that can express a globally consistent, hierarchical,
and large-scale taxonomy of pseudo-categories is needed
for scaling unsupervised VPS and unsupervised scene un-
derstanding in general.
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