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Figure 1. SLOT CONTRAST: Our method introduces a temporal contrastive loss that enhances temporal consistency in unsupervised video
object-centric models. It stabilizes representations across frames, achieving state-of-the-art object discovery on complex real-world videos.

Abstract

Unsupervised object-centric learning from videos is a
promising approach to extract structured representations
from large, unlabeled collections of videos. To support down-
stream tasks like autonomous control, these representations
must be both compositional and temporally consistent. Ex-
isting approaches based on recurrent processing often lack
long-term stability across frames because their training ob-
Jjective does not enforce temporal consistency. In this work,
we introduce a novel object-level temporal contrastive loss
for video object-centric models that explicitly promotes tem-
poral consistency. Our method significantly improves the
temporal consistency of the learned object-centric represen-
tations, yielding more reliable video decompositions that
facilitate challenging downstream tasks such as unsuper-
vised object dynamics prediction. Furthermore, the induc-
tive bias added by our loss strongly improves object discov-
ery, leading to state-of-the-art results on both synthetic and
real-world datasets, outperforming even weakly-supervised
methods that leverage motion masks as additional cues.
Visit slotcontrast.github.io for videos and further details.

1. Introduction

Object-centric learning (OCL) [4, 14, 32, 44] is a rapidly
advancing area of visual representation learning that enables
autonomous systems to represent, understand, and model
high-dimensional data directly in terms of its constituent
entities. Structured object-centric representations (often re-
ferred to as slots [32]) facilitate generalization and robust-
ness [7, 9] of scene representations across diverse down-
stream tasks, from visual question answering [1, 8, 34, 58]
to control [10, 18, 61, 63]. Of particular interest are video-
based object-centric methods [2, 11, 20, 28, 45, 57, 64]
that learn to represent objects that evolve and interact over
time. These representations make the methods powerful
tools for applications such as unsupervised online object
tracking [35, 53] and structured world modeling [27, 52, 56].
Unsupervised object-centric learning on videos has seen sig-
nificant progress in recent years [2, 57, 64], mainly due to
the use of pre-trained representations from self-supervised
foundational models [5, 38] coupled with diverse training
datasets like YouTube-VIS [59, 60]. Nevertheless, these
methods still face significant challenges, especially main-
taining consistent object-centric representations across time
and uniquely representing each object—critical factors for
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successful multi-object tracking and modeling of dynamic

scenes [28, 52, 56].

Temporal consistency [15, 31, 62] in object-centric rep-
resentations refers to maintaining the same representation
placeholder, called slot, for an object throughout a video
sequence, effectively serving as a stable object-specific iden-
tifier over time. Existing unsupervised object-centric meth-
ods [27, 36, 48] aiming to discover consistent representations
have primarily been studied on toy datasets with limited com-
plexity [22, 26, 46]. In contrast, real-world video sequences
present numerous challenges, including object occlusions,
reappearances, and complex multi-object interactions, which
complicate maintaining consistent object representations.

In this paper, we introduce a novel method to address
the challenge of maintaining consistent temporal representa-
tions in object-centric models, extending the line of research
on slot-based unsupervised video models [11, 64]. Our ap-
proach (named SLOT CONTRAST) scales to real-world video
data and produces consistent object-centric representations.
Notably, it achieves these results without requiring any hu-
man annotations. In particular, we propose a novel self-
supervised contrastive learning objective, which contrasts
slot representations throughout the batch while ensuring tem-
poral coherence across consecutive frames. In addition, we
modify the slot’s initialization strategy [32] to promote dis-
tinct, contrastive representations. This combination leads to
improved temporal consistency of learned representations,
which we show to be highly effective for challenging down-
stream tasks such as unsupervised object tracking and latent
object dynamics learning.

Overall, our contributions are as follows:

* We propose the novel slot-slot contrastive loss that sets the
state-of-the-art in temporal consistency when integrated
into slot-based video processing methods.

* We develop SLOT CONTRAST, a simple and effective OCL
architecture using the slot-slot contrastive loss paired with
learned initialization that scales to real-world data, such
as YouTube videos.

* We extensively study the usefulness of our learned object-
centric representations for challenging downstream tasks,
including unsupervised online tracking with complete oc-
clusions and latent object dynamics modeling.

* We show that SLOT CONTRAST does not only improve
the temporal consistency of the representations, but also
achieves state-of-the-art on the object discovery task, out-
performing weakly-supervised models using motion cues.

2. Related Work

Unsupervised video object-centric learning There exists
an extensive body of research [2, 11, 14, 20, 23, 28, 30, 42,
45,49, 51,52, 64] on discovering objects from video without
any human annotations, primarily through tracking either ob-
ject bounding boxes or masks. To achieve this, most of these

works combine an auto-encoder framework with a simple re-
construction objective, adding inductive biases for object dis-
covery through structured encoders [4, 32] and decoders [55].
In particular, many modern object-centric image models [8,
21, 24, 44, 57] use a latent slot attention module [32] to ex-
tract object representations and corresponding object masks.
For video data, most current methods [11, 28, 45, 49, 64, 66]
connect slots across frames, with slots from the previous
frame initializing those in the current frame. Notably, recent
approaches [2, 40, 64] have successfully scaled object dis-
covery to real-world unconstrained videos. To achieve this,
SOLV [2] introduces temporal consistency via agglomerative
clustering and prediction of middle-frame features, whereas
VideoSAUR [64] learns object-centric representations by pre-
dicting temporal similarity of self-supervised features [5, 38].
While such methods can decompose short videos, they still
struggle with long-term temporal consistency. In contrast,
we show that learning representations that are both informa-
tive and contrastive can significantly enhance both object
discovery and temporal consistency on longer videos.

Temporal Consistency Achieving temporal consistency is
essential for any computer vision task involving video data,
whether it is tracking points, bounding boxes, segmentation
masks, optical flow, or representations [29, 33, 41, 47, 50,
52, 54]. In object-centric learning for videos, a range of
different approaches have been proposed. For example, Yu
and Xu [62] apply an object-wise sequential VAE to achieve
consistency; Zhao et al. [65] and Li et al. [31] use an explicit
memory buffer to maintain historical slot information and a
transformer as a predictor using the memory buffer to predict
the future; Qian et al. [40] achieve temporal consistency by
employing student-teacher distillation to establish semantic
and instance correspondence over time; and Traub et al. [48]
use a recurrent network with a constancy prior [17].

3. Method

Our approach builds upon the existing input reconstruction-
based video object-centric framework [28, 64] by
introducing a consistency loss that contrasts the slots
across consecutive frames and thereby adapting the model
to discover consistent representations. See Fig. 2 for an
overview of the SLOT CONTRAST architecture.

3.1. Semantic Recurrent Slot Attention Module

Our model is an encoder-decoder object-centric architecture
based on Slot Attention module (SA) [13] with additional
adaptations for sequential inputs similar to SAVi [28], while
leveraging pre-trained semantic features as proposed by DI-
NOSAUR [44]. The model consists of three main compo-
nents: a pre-trained self-supervised dense feature encoder
(e.g., DINOV2 [38]), a Recurrent Slot Attention module that
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Figure 2. SLOT CONTRAST model architecture overview. For each frame, we extract patch features h; using DINOv2 ViT. These features
are then used to update the previously initialized or predicted slots, resulting in new slots S;. The model is trained by contrasting the current
frame’s slots S; with the slots from the previous frame S;_1, and by reconstructing the patch features h;.

groups the encoder features into slots and models temporal
slot updates, and a decoder that maps slots from each frame
to reconstructions of the dense self-supervised features used
as inputs. Next, we describe those components in more detail
while explaining how to adapt them to the task of consistent
object-centric representation learning.

Given a video frame x4, t € {1,2,...,T} and a pre-
trained, frozen self-supervised DINO model f we first ex-
tract N patch features gy,

gt = fze), g € RVXP. (1

As those frozen features are mostly semantic and are trained
only on images, we further adapt them to the task of tempo-
rally consistent object discovery . Specifically, each feature
vector g; is passed through a MLP g,

he = gy (gt), ()

to adapt the frozen dense features for object-centric grouping
(see App. I for more details and visualizations). Based on
the transformed encoder features h; and a set of slot rep-
resentations of the previous timestep S;_;, with K slots
sf’_l € SP_,, we use a recurrent grouping module to extract
slot representations. The Recurrent Slot Attention module
comprises a grouping module Cy and a predictor module
P,,. The former updates slot representations using the stan-
dard Slot Attention module [32] on visual features h; from
the encoder, while the latter captures temporal and spatial
interactions between slots:

i =Colhe, ST_1),  SF =Pu(S)). )

Both slot-level representations, generated either by the group-
ing module S§ or the predictor S¥, can be utilized for subse-
quent decoding or downstream task processing. In our imple-
mentation, the slot-level representations from the grouping
module Sy are employed for the decoding stage. From now
on, we will refer to Sy as 5.

Temporal Slot Attention Initialization Importantly, we
found that our setup benefits considerably from a learned ini-
tialization Sy, which can influence the efficiency of training
across various objectives. Originally, Locatello et al. [32]
proposed a randomly sampled query initialization, where
slots are sampled from the same Gaussian distribution with
learned mean and variance. While such initialization allows
different numbers of slots during inference, sampling from
the same Gaussian distribution does not create a particularly
favorable structure in slot-space. In this work, we use a
straightforward learned initialization [19, 43] where a fixed
set of initial slot vectors Sy is learned for the entire dataset.
Such initialization allows for learning dissimilar initializa-
tion queries that consistently attend to different objects.

Finally, for the reconstruction loss objective, we decode
reconstructions §; from all slots using the MLP decoder [44].

3.2. Temporal Consistency through Slot Contrast

Contrastive learning is flexible in supporting diverse data
sources and loss function designs. By carefully defining
positive and negative examples, we can craft robust loss
objectives that effectively guide self-supervised representa-
tion learning [6]. For instance, video contrastive methods
like CVRL [39] leverage augmented video chunks to define
positive (from the same video) and negative (from different
videos) examples. In object-centric learning Didolkar et al.
[8] employed a contrastive loss function to gain controllabil-
ity over slot representations guided by language. We propose
a novel application of a contrastive loss for temporal consis-
tency in object-centric slot representations. In particular, we
define positive samples as the representations of the same
slot from two consecutive time steps within a video, while
negative samples comprise all other slots across the batch
between these time steps. An overview of the proposed loss
is presented in Fig. 3
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Figure 3. Overview of the losses used in SLOT CONTRAST. (a) Our proposed temporal consistency objective, slot-slot contrastive loss,
operates on a batch of video sequences by enforcing temporal alignment across object slots. For each frame in the sequence, the model
groups object features into specific slot representations S;. The slot-slot contrastive loss then enforces temporal consistency by drawing the
corresponding slot representations from adjacent frames closer, while simultaneously pushing apart all other slot representations in the
batch—whether they come from different objects within the same video or from objects in other videos. (b) The feature reconstruction loss
ensures informativeness of the learned slots by using them to reconstruct original DINOv2 features with an MLP decoder.

Intra-Video Slot-Slot Contrastive Loss To force each
slot to be consistent in time, we aim to learn slots that are
similar in time while being maximally dissimilar to other
slots. Given the sets of slot representations S;_; and .S; at
time steps ¢t — 1 and ¢, we want elements s,’;_l € S5;_1tobe
close to the next-frame slots si corresponding to the same
object, while having maximal distance to the next-frame
slots s¥, k # i corresponding to other objects in the video.
The correspondlnlg InfoNCE contrastive loss [37] is defined

as Linta = ¢ D i1 £1nua wyith

exp(sim(si_l , si)/T)
Sy Ly exp(sim(s_,, sF)/7)

/¢ intra

= —log 4)

where K =
W is the cosine similarity, ]1[] is an indicator exclud-
ing the self-similarity of the slot s; from the denominator,
and 7 > 0 is a temperature parameter.

While being a desirable property, intra-video slot contrast
can be achieved simply by amplifying the differences
between slots in the SA module’s first frame initialization
Sp. To encourage a stronger focus on video content and
instance specificity of the representations, we propose a
further improvement over this loss by extending the negative
contrast set.

|S¢| is a number of slots per frame, sim(u,v) =

Batch Video Slot-Slot Contrastive Loss To leverage the
benefits of larger contrast sets and prevent degenerate so-
lutions relying solely on the initialization of slots, we ex-
ploit the fact that the whole batch of videos can be con-

sidered a large set of primarily unique object representa-
tions. Consequently, we enhance contrast within a video
and between videos by including negative slots from the
current and subsequent frames of all videos in the batch.
Correspondlngg we define our slot slot contrastive loss as

_ £55¢
‘CSSC_ Jj= 121 1 z,j

)
EZS,S]C _ _ lOg eXp(Slm(St 155t )/T) (5)

K
2 ]l[k b#1,j] eXp(Slm(St 1 St )/T)

||Mm

where B is a number of videos in the batch and s;] denotes
the i-th slot of the j-th video at time ¢. For more details on
slot-slot contrastive loss implementation, see App. C.

We find that this approach significantly enhances the ef-
fectiveness of the slot-slot contrastive loss. Furthermore,
since all videos in the batch are processed with the same ini-
tial state Sy, this loss function avoids suboptimal solutions
that rely solely on the uniqueness of the initialization, instead
encouraging object discovery as the basis for contrast.

Final Loss To encourage scene decomposition we use
a feature reconstruction loss, similar to DINOSAUR [44]
and VideoSAUR [64]. Our final loss function combines the
reconstruction loss with our proposed contrastive loss L,
weighted by the hyperparameter « (see Table S1 for details
on how the hyperparameters are set):

T-1
L= Liec(hi,he) + alssc(Si-1, Sh)- ©6)

t=1



Table 1. Consistent object-discovery performance of SLOT CON-
TRAST in comparison with SAVi, STEVE, VideoSAUR on MOVi-C,
MOVi-E, and YouTube-VIS datasets. VideoSAURV2 is an im-
proved version of the VideoSAUR trained on DINOv2 features.
Both metrics are computed for the whole video (24 frames for
MOVi, up to 76 frames for YouTube-VIS).

MOVi-C MOVi-E YouTube-VIS
FG-ARI+ mBO 1 FG-ARI+ mBO 1 FG-ARI{ mBO

SAVi [28] 22 13.6 4238 16.0 - -

STEVE [45] 361 265 50.6 26.6 15 19.1

VideoSAUR [64] 64.8 38.9 73.9 35.6 28.9 26.3
VideoSAURv2 - 77.1 34.4 31.2 29.7
SLOT CONTRAST ~ 69.3 32.7 82.9 29.2 38.0 33.7

4. Experiments

We evaluate our method’s temporal consistency on two
downstream tasks: object discovery and latent object
dynamics prediction. Our experiments address three main
questions: (1) How does our model compare to state-of-
the-art methods in both temporal consistency and scene
decomposition? (2) How effective are our model’s learned
representations for the challenging downstream task of
object dynamics prediction and for object tracking under full
occlusions? (3) How important are the different components
of our model and loss function for temporal consistency?

Datasets To evaluate our method in the controlled setting,
we use MOVi-C and MOVi-E synthetic datasets generated
by Kubric [16]. MOVi-C includes richly textured everyday
objects, featuring up to 11 objects per scene, while MOVi-E
expands this to 23 objects and introduces basic linear
camera motion. In addition, to study the scalability of
our method to real-world data, we evaluate our method
on the real-world YouTube-VIS 2021 (YTVIS21) video
dataset [60]. YTVIS21 is an unconstrained, real-world
dataset sourced from YouTube, capturing a diverse range
of scenes (for more details, see App. E).

Metrics Similar to other object-centric video methods [11,
28, 45, 64], to evaluate consistent object discovery, we use
the video foreground adjusted rand index (FG-ARI) [14],
measuring how well objects are split. In addition, we eval-
uate the sharpness of masks using the video intersection
over union with mean best overlap matching (mBO) met-
ric [44, 64]. Both metrics are computed over the full video
and thus reflect how consistent object discovery is. In addi-
tion, to investigate the effects of the temporal consistency
inductive bias on the per-frame object discovery itself, we
use per-frame FG-ARI (image FG-ARI), which we indepen-
dently compute for each frame and average afterwards. More
details can be found in App. F.

Finally, when evaluating how well object-centric represen-
tations perform for object dynamics prediction (see Sec. 4.2),

we employ the same evaluation metrics as in the object dis-
covery task: FG-ARI and mBO. This time, however, these
metrics are computed by comparing the predicted masks
(obtained by decoding the predicted slots [56]) with the
ground-truth future masks.

4.1. Object Discovery

Implementation Details We employ the DINOv2 model
as our feature encoder, using ViT-S/14 for the MOVi-C
dataset and ViT-B/14 for MOVi-E and YTVIS21. The slot
dimension is set to 128 for MOVi-E and 64 for both MOVi-C
and YTVIS21. For the MOVi datasets, we use a resolution
of (336,336), generating 24 x 24 patches yielding 576
ViT tokens, while for YTVIS21, a resolution of (518, 518)
yields 1369 tokens. Full details are provided in App. A.

Baselines We compare SLOT CONTRAST against the pre-
viously proposed SAVi [28] and STEVE [45] that employ an
image reconstruction objective and with the state-of-the-art
method VideoSAUR [64] that uses self-supervised feature
reconstructions. Additionally, for a fair comparison, we
trained a modification of VideoSAUR with DINOv2 features
(referred to as VideoSAURV2). The implementation details
are provided in App. G. In addition, to assess how closely
SLOT CONTRAST approaches supervised methods, we com-
pared it with SAM2 [41] as a supervised zero-shot baseline
for temporal consistency and to weakly-supervised by depth
SAVi++ [11] method. The results are in App. G.

Temporally Consistent Object Discovery (Table 1 &
Figure 4) SLOT CONTRAST significantly outperforms
both SAVi and STEVE by a wide margin. When compared
to VideoSAUR using its default parameters, our approach
demonstrates higher consistency in terms of video FG-ARI
scores. Compared to VideoSAUR and VideoSAURvV2, SLOT
CONTRAST achieves superior video scene decomposition
(measured by FG-ARI scores). However, on synthetic
datasets SLOT CONTRAST’s masks are less sharp (as
reflected by mBO). Notably, on the most challenging
real-world YouTube-VIS data, our method surpasses both
versions of VideoSAUR, achieving better performance on
FG-ARI (+6.8) and mBO (+4). This shows that, given
a large enough resolution and natural data inputs well
aligned with DINOv2, SLOT CONTRAST can decompose
unconstrained videos into consistent object representations.
More examples are illustrated in App. M.

Per-Frame Scene Decomposition (Table 2)  Previous
research has shown the effectiveness of specific inductive
biases and training objectives for unsupervised object discov-
ery, such as reconstructing in semantic space or leveraging
motion cues in video data. Building on this, we demonstrate
that the contrastive nature of our temporal consistency loss
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Table 2. Quantitative Results on MOVi-E in terms of per-frame Im-
age FG-ARI. The methods are grouped by the target data they train
on: only images (Z), videos with motion segmentation annotations
YV + M), and only videos (V).

Model Objective Image
FG-ARI
LSD [21] Image Rec. 534
N SlotDiffusion [57] Image Rec. 60.0
DINOSAUR [44] Image Rec. 65.1
S MoToK [3] +Mot. Seg. 66.7
+  Safadoust et al. [42] +GT Flow 78.3
~ DIOD [25] +Mot. Seg. 82.2
STEVE [45] Video Rec. 54.1
~ VideoSAUR [64] Temp. Sim. 78.4
SOLV [2] Mid. Fr. Pred. 80.8
SLOT CONTRAST Slot Contrast 84.8

function yields improved scene decomposition as a byprod-
uct. This occurs because our loss function encourages the
model to learn consistent feature representations for objects
across frames, leading to an adaptive process where dense
features become more contrastive, thereby enhancing object
discovery in individual frames.

We compare our method with prior approaches in terms
of per-frame object discovery, using the image FG-ARI
metric for evaluation. Specifically, we compare three cate-
gories of methods: image-based, video-based, and methods
that use videos with additional motion cues. Image-based
methods use only images as a target (feature reconstruc-
tion based DINOSAUR [44] and diffusion-based LSD [21]
and SlotDiffusion [57] methods). Video-based methods use
only videos as targets: STEVE [45] reconstructs current
frame features, SOLV [2] predicts middle frame features,
and VideoSAUR [64] predicts temporal feature-similarities.
Finally, we also compare with weakly-supervised methods

o |

Figure 4. Qualitative comparison with VideoSAURvV2 on YouTube-VIS dataset. In challenging situations (e.g., almost full occlusions at
t = 24 of the Ist video and ¢ = 14 of the 2nd video), VideoSAURV2 reassigns slots to different objects (pink arrows), whereas SLOT
CONTRAST consistently assigns slots to the same object (green arrows). Note that the colors of the masks are matched manually for better
visual comparison.

using motion masks [3, 25] or ground truth (GT) optical
flow [42].

The results on MOVi-E dataset are presented in Table 2,
with comparisons across additional datasets provided in
App. H. Using temporal signals from the video using
feature reconstruction is better than object discovery based
on images. Next, additional objectives that exploit the
temporal structure of the videos allow even better scene
decomposition. Notably, our method, which combines a
feature reconstruction objective with a simple contrastive
objective, leads to state-of-the-art performance reaching
84.8 per-frame FG-ARI, outperforming methods [3, 25] that
use motion segmentation masks for object discovery.

Robustness to Full Occlusions To evaluate our method’s
robustness in handling complete object occlusions—a
challenging scenario for maintaining consistency—we
conduct experiments using a targeted subset of the MOVi-C
dataset that contains sequences where objects are fully
occluded. For evaluation, we retain only the ground-truth
masks for the objects that experience occlusion.

We find that the feature reconstruction baseline achieves
only 16% mBO vs. our method obtains 21% mBO on fully
occluded objects. Our results suggest that SLOT CONTRAST
significantly enhances consistency during object disappear-
ances and reappearances. We refer the reader to Fig. 5 and
App. K for visual examples and more details.

4.2. Object Dynamics Prediction

Setup To evaluate performance on the task of predicting
object dynamics, we train a dynamics module using the
object-centric representations inferred by a pretrained object-
centric model. For this dynamics module, we select Slot-
Former [56], which predicts the slots autoregressively for
K rollout steps based on the slots inferred from 7" burn-in
frames preceding the prediction horizon. In our setup, we
use 14 burn-in frames and 10 rollout steps. Since SlotFormer
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Figure 5. Comparison of the Feature Reconstruction (Feat. Rec.)
baseline, the slot-slot contrastive loss using only slots from the
same video as the contrast set (Intra-video Contrast), and SLOT
CONTRAST on the MOVi-C dataset.

is trained independently from the object-centric model, we
first train the latter, subsequently extending the datasets with
the inferred slots for each frame. This approach avoids the
computational complexity of training SlotFormer by remov-
ing the necessity to encode frames into the slot space at each
training step. A brief introduction to SlotFormer and the
implementation details can be found in App. J.

Baselines We compare SlotFormer [56] trained on object-
centric representations derived from a model trained using
only feature reconstruction loss with SlotFormer trained on
representations from SLOT CONTRAST. Both models per-
form reconstruction in feature space rather than pixel space,
so we use only the slot reconstruction loss for training.

Quality of Predicted Masks (Table 3 and Figure 6) We
note that our model has a significantly better FG-ARI on
MOVi-C, while mBO is comparable to that of the baseline.
On MOVi-E, the performance of our model is comparable
to that of the baseline, which highlights the difficulty of
adapting to videos with camera motion. There is also a

Burn-in Frames Rollout Frames

t=13  t=14 t=15 t=18 t=21 t=24
- > _— P“;“'_ —

F"— PF-_ ‘—F:-— Al A

A

Figure 6. Object dynamics prediction task on MOVi-C using SLOT
CONTRAST slots using SlotFormer [56].

Slot Contrast Feat. Rec.

Table 3. Downstream task of predicting object dynamics. Compari-
son of predictions made by SlotFormer based on representations
obtained from SLOT CONTRAST and from Feature Reconstruction.

MOVi-C MOVi-E YouTube-VIS
FG-ARI 1 mBO 1 FG-ARI + mBO 1 FG-ARI + mBO

Feat. Rec. + SF 50.7 25.9 70.6 24.3 27.4 28.9
Ours + SF 63.8 26.1 70.5 24.9 29.2 29.6

slight improvement in FG-ARI on YTVIS21, while mBO
remains comparable. It is worth noting that predicting the
motion in this dataset is especially challenging, given the
large diversity of possible scenarios.

4.3. Analysis

In this section, we investigate key components of our ap-
proach, including the impact of the contrastive loss and the
type of slot initialization. In addition, we study how effective
SLOT CONTRAST is in automatically shutting down slots in
correspondence to the scene’s complexity.

Ablation of Loss Components (Table 4 and Figure 5) To
demonstrate the value of the proposed slot-slot contrastive
loss, we carry out an ablation study, comparing it with the fea-
ture reconstruction loss [44] and the intra-video contrastive
loss, which contrasts slot representations in a single video.
Using the intra-video contrastive loss yields improvements
over the feature reconstruction baseline (+5.1 FG-ARI and
+1.5 mBO on MOVi-C). However, we observe that in more
challenging situations, the intra-video contrastive loss leads
to failure cases such as shutting down too many slots (see
Fig. 5). Next, we observe that by extending the contrast to the
full batch of videos, SLOT CONTRAST learns more consis-
tent representations (+19.6 FG-ARI and +-5.3 mBO). This
change increases the difficulty of the learning task, which
prevents the model from relying on superficial patterns like
slot initializations or object positions.

0.7} —e— Ground Truth

0.6 Feature Reconstruction
505 AdaSlot
Z,4 ~=- Slot Contrast (ours)
30

2 4 6 8 10
Number of active slots

Figure 7. Distribution of ground truth and predicted object numbers
(i.e., number of active slots) on the MOVi-C dataset.



Table 4. Ablation of loss components used by SLOT CONTRAST on MOVi-C, MOVi-E, and YouTube-VIS Datasets.

Feat. Rec. Intra-video Contrast Slot-Slot Contrast MOYVi-C MOVi-E YouTube-VIS
Liec Lintra Lise FG-ARIT mBO 1 FG-ARI1T mBO 1 FG-ARI1 mBO 1
v 49.7 27.4 79.8 28.4 35.3 31.4
v v 54.8 28.9 78.7 29.1 35.7 33.6
v v 69.3 32.7 82.9 29.2 38.0 33.7

Table 5. Comparison of the random initialization (RI) and learned
initialization (LI) techniques.

MOVi-C MOVi-E YouTube-VIS
FG-ARI T mBO 1t FG-ARI1t mBO 1t FG-ARI T mBO 1
Feat. Rec. (RI) 453 27.2 71.1 28.3 35.2 30.2
Feat. Rec. (LI) 49.4 27.8 79.8 284 353 314
SLoT CONTRAST (RI)  62.9 324 75.3 28.4 36.1 30.8

SLOT CONTRAST (LI)  69.3 32.7 82.9 29.2 38.0 33.7

Choice of the First Frame Initialization (Table 5) In
video object-centric learning, slots are typically initialized
based on those from the previous time step [28], while the
first frame is initialized from learnable parameters. Previ-
ous real-world object-centric methods mostly used random
initialization samples from Gaussian distribution [2, 64], in
this work, we study the impact of the type of initialization
under our contrastive objective. The findings are outlined in
Table 5. Our experiments indicate that when combined with
slot-slot contrastive loss, learned initialization significantly
outperforms random initialization. We hypothesize that this
improvement stems from the ability of learned initializations
to shape the initial state in a way that enhances contrastive-
ness, a benefit not achievable with random initialization. For
similarity visualizations and more details, see App. B.

Number of Active Slots per Video (Figure 7) In models
based on the Slot Attention mechanism, all available slots
are typically utilized [44], leading to a mismatch between
the predicted number of components in scene decomposition
and the ground-truth number of objects in the scene. This
can cause the random splitting of the objects between slots
and non-consistent scene representations when slots are reas-
signed from one object to a part of another object. To address
this challenge, it is important to study whether redundant
slots can be effectively deactivated. Recently, AdaSlot [12]
introduced a discrete slot sampling module, coupled with a
complexity-aware prior, to penalize redundant slots explic-
itly. Similarly, SOLV [2] used agglomerative clustering to
merge redundant slots. In this work, we investigate whether
SLOT CONTRAST is capable of accurately determining the
number of objects in a scene without relying on explicit
priors to minimize the number of active slots.

We compare ground truth and predicted object density
on MOVI-C dataset, as shown in Fig. 7. While the feature
reconstruction model yields predictions within a narrow

range—creating a sharp peak near a predefined number
of slots—our model, similarly to AdaSlot [12], achieves
a smoother prediction distribution that aligns more closely
with the ground truth (note that the consistent shift is
because 2-3 slots are used for the background, while the
ground truth density is computed only for foreground
objects). Interestingly, SLOT CONTRAST achieves this
without requiring an explicit prior toward sparsity.

5. Conclusion

SLOoT CONTRAST advances unsupervised video object-
centric learning by significantly improving the temporal con-
sistency of object representations. Our method explicitly in-
centivizes temporal consistency by adding a self-supervised
contrastive loss. We showed that this loss is not only ben-
eficial for consistency, but also enhances object discovery:
SLOT CONTRAST achieves state-of-the-art results on chal-
lenging synthetic datasets with many objects and the uncon-
strained real-world YouTube-VIS dataset. Furthermore, con-
sistent representations directly support temporal downstream
tasks such as unsupervised object dynamics prediction and
allow for tracking of objects through full occlusions. Finally,
SLOT CONTRAST effectively shuts down non-unique slots,
leading to a sparser representation that captures the true ob-
ject distribution more faithfully. Taken together, we expect
these improvements to pave the way for broader adoption
of video object-centric representations, for instance in appli-
cations like word modeling, autonomous control, or video
question answering.

Limitations of our work include the fixed number of slots
during initialization. Additionally, we cannot directly control
the segmentation granularity of entities. Further limitations
and failure cases are discussed in App. L.

Future work could explore several promising directions.
First, one could use SLOT CONTRAST’s robust and consis-
tent representations for learning compositional world models
from real-world robotics data to enable object-centric plan-
ning and control. Second, investigating the compatibility
of our contrastive loss with other object-centric learning
approaches with different inductive biases, such as SlotDif-
fusion [57]. Finally, improving the compactness of object
masks [24] to achieve more precise object segmentation
masks could also benefit unsupervised class-agnostic video
object segmentation applications.
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