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Abstract. The Segment Anything Model (SAM) relies heavily on mas-
sive manual annotations, creating a fundamental bottleneck for model
scaling. While unsupervised methods attempt to learn object concepts
from motion, they typically overfit to moving entities, lacking both multi-
granularity understanding and the ability to generalize to static objects.
To overcome this, we introduce Motion-Grounded Segment Anything
(MoSA), a highly scalable unsupervised framework that learns a trans-
ferable objectness prior from unlabeled videos. MoSA operates in three
progressive stages: (1) automatically generating multi-granularity mo-
tion pseudo-labels from large-scale video data; (2) training a Perceptual
Grouping Model (PGM) via contrastive learning to internalize a gen-
eralized, appearance-driven concept of objects; and (3) transferring this
learned prior into a prompt-guided architecture for segment-anything-
style inference on images. Extensive zero-shot evaluations across seven
challenging benchmarks (e.g., COCO and ADE20K) demonstrate that
MoSA significantly outperforms existing unsupervised methods. Notably,
despite using zero manual annotations, MoSA achieves segmentation per-
formance comparable to the fully supervised SAM. Our findings reveal
that harnessing large-scale unlabeled motion is a feasible and highly scal-
able alternative to annotation-driven segment-anything pipelines.

Keywords: Unsupervised Learning - Segment Anything

1 Introduction

The Segment Anything Model (SAM) [15] has established a new standard for
zero-shot generalization in computer vision. However, its success heavily relies
on the massive, manually annotated SA-1B dataset. This dependence on costly
supervision creates a fundamental bottleneck for further model scaling. Conse-
quently, annotation-free unsupervised learning has emerged as a crucial direction
for scalable, general-purpose segmentation.
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Fig. 1: Overview of our proposed MoSA. The top-left and top-right panels respec-
tively show qualitative comparisons of MoSA against the fully supervised SAM and
the unsupervised UnSAM on point-based promptable segmentation and whole-
image segmentation. The middle-right panel shows that MoSA achieves SOTA per-
formance compared to other unsupervised segmentation methods. The bottom panel
illustrates the pipeline of MoSA’s three-stage unsupervised framework. Note that Un-
SAM is not strictly unsupervised, as it utilizes the supervised CascadePSP refiner.

Existing unsupervised segmentation methods generally fall into two cate-
gories: image-based and video-based approaches. Image-based methods, such as
CutLER and UnSAM [37], leverage self-supervised representations (e.g.,
DINO ) to perform feature clustering or pseudo-label generation, achieving
competitive unsupervised segmentation performance. Nevertheless, these ap-
proaches infer objectness primarily from static appearance cues, such as tex-
ture, color, and shape, overlooking the cognitive priors humans develop through
continuous observation of the dynamic world.

Research in developmental psychology, particularly Gestalt theory [16}[17],
suggests that the human ability to group objects is largely driven by motion
cues. Video-based methods naturally exploit these motion cues. Early approaches
typically focus on detecting moving foreground regions, often producing binary
masks without explicitly modeling multiple object instances or detailed struc-
tures [20}/40L[42]. Recent advances extend unsupervised video object segmen-
tation (U-VOS) toward instance- and scene-level understanding. For example,
OCLR proposes an object-centric model trained on synthetic data to discover
and track multiple moving objects. Other methods rely on videos during training
but can perform inference on static images without requiring motion information.
Methods such as RCF and DyStaB exploit motion-induced grouping
to generate object masks, often combining motion and appearance refinement
within bootstrapping frameworks. Furthermore, approaches like DIOD in-
tegrate motion-guided discovery with self-distillation to improve pseudo-label
quality. Although these methods prove that motion is a powerful supervisory sig-
nal for object concepts, they face two major limitations. First, they easily overfit
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to moving objects, struggling to generalize to static or weakly moving entities
(e.g., the roof tiles in Fig. . Second, they are largely confined to instance-level
segmentation, lacking multi-granularity understanding. To truly emulate human
perception, a scalable model must generalize from moving entities to anything
in static scenes, expanding its object vocabulary from growing unlabeled videos.
Motivated by this insight, we introduce Motion-Grounded Segment Anything
(MoSA), a three-stage unsupervised framework designed to learn a transferable,
general-purpose segmentation capability from unlabeled videos (see Fig. . In
the first stage, we develop a Multi-Granularity Motion Segmentation (MGMS)
pipeline. Pre-trained on synthetic data and subsequently applied to real-world
unlabeled videos, MGMS generates high-quality motion-based pseudo-labels at
scale without manual annotation. In the second stage, we train a Perceptual
Grouping Model (PGM) using these motion pseudo-labels. This stage encour-
ages the model to internalize a generalized, appearance-driven notion of object-
ness that no longer depends on motion cues. Finally, an efficient adaptation
stage transfers the learned objectness prior to a prompt-guided, high-resolution
segmentation architecture, enabling strong zero-shot segment-anything perfor-
mance. We conduct extensive evaluations on seven challenging segmentation
benchmarks, including COCO [23] and ADE20K [45|. Experimental results demon-
strate that MoSA consistently outperforms existing unsupervised segmentation
methods across all benchmarks. Notably, despite being trained entirely with-
out manual annotations, MoSA achieves zero-shot segmentation performance
comparable to SAM, which relies on large-scale supervised data. These findings
suggest that learning general object perception from large-scale unlabeled mo-
tion is both feasible and scalable, offering a promising path toward foundational
general-purpose segmentation. Our main contributions are as follows:

— We propose MoSA, a motion-grounded segmentation framework that learns
from unlabeled videos to acquire a general-purpose, multi-granularity seg-
mentation capability without manual annotation.

— We introduce a Perceptual Grouping Model (PGM) with a contrastive
learning objective that allows the model to generalize beyond motion-specific
cues, facilitating the discovery and segmentation of unseen static objects.

— MoSA achieves new state-of-the-art performance in unsupervised segmenta-
tion across extensive experiments, proving that learning general objectness
from motion is a scalable and practical route to developing foundational
vision models.

2 Related Work

Unsupervised Image Segmentation Unsupervised image segmentation aims
to automatically identify and segment objects from static images without man-
ual annotations [13,34]. Methods such as LOST [31] and TokenCut [38] lever-
age patch-level features from pretrained vision transformers (e.g., DINO fam-
ily |4L2732]) to localize salient objects via feature affinity and graph-based par-
titioning. CutLER [36] introduces a cut-and-learn pipeline that discovers pseudo-



4 W. Jian et al.

masks and trains segmentation models in a self-supervised manner, demonstrat-
ing strong multi-instance detection and segmentation capabilities. UnSAM [37|
adopts a divide-and-conquer strategy that combines hierarchical grouping and
mask refinement to generate multi-granularity pseudo-labels, enabling both au-
tomatic and promptable segmentation. A common thread in these image-based
approaches is their reliance on DINO features and the subsequent use of hierar-
chical clustering to generate pseudo-labels. However, they may lack the robust,
world-grounded prior knowledge that humans develop through extensive, long-
term observation.

Motion-to-Objectness Bootstrapping A growing body of research leverages
motion as a natural supervisory signal for self-supervised object discovery. The
standard paradigm extracts motion segments from videos to train static image
models, allowing the concept of “objects” to generalize beyond initially moving
regions. For instance, DyStaB [41] partitions the motion field by minimizing the
mutual information between segments, then employs a dynamic-static bootstrap-
ping strategy that iteratively alternates between motion-based segmentation and
static model learning. RCF [22] combines relaxed common-fate grouping with
appearance refinement to generate object masks. Furthermore, Bao et al. |2] uti-
lize a slot-attention framework to discover independently moving objects, while
DIOD [14] integrates motion guidance with self-distillation to enhance pseudo-
label quality. However, existing methods remain confined to narrow, specialized
scenarios. Their training objectives focus heavily on extracting precise instance
masks rather than learning a universal, transferable “object prior” necessary for
foundational “segment-anything” capabilities. Furthermore, they are strictly re-
stricted to instance-level predictions and cannot comprehend objects across mul-
tiple granularities (e.g., distinguishing a part from a whole). Consequently, their
learned representations suffer from a severe motion bias—they overfit to motion-
salient regions and fail on static or rarely moving objects. Ultimately, building a
scalable, general-purpose segmentation model solely from motion cues remains
an open challenge.

3 Motion Pseudo-Label Generation

To learn object concepts from motion without manual supervision, MoSA be-
gins with a Multi-Granularity Motion Segmentation (MGMS) pipeline that
generates high-quality pseudo-labels from unlabeled videos. Within the MGMS
pipeline, motion segmentation modules are first trained on synthetic video data.
These modules are subsequently applied to large-scale real-world videos to pro-
duce a large set of candidate masks (see Fig. . Finally, a dedicated quality
assessment metric is introduced to filter the generated candidates, resulting in a
high-quality, multi-granularity motion pseudo-label dataset for subsequent-stage
training.
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Fig. 2: An overview of our Multi-Granularity Motion Segmentation (MGMS) pipeline
for generating high-quality pseudo-labels from unlabeled videos. The pipeline first ex-
tracts bidirectional optical flow from videos and processes it through two parallel mod-
ules: the Rigid Object Segmentation Module and the Motion Foreground Segmentation
Module. These generate masks for rigid parts and the moving foreground of the central
frame (highlighted in red). Finally, masks are filtered and processed with NMS to yield
the final multi-granularity pseudo-labels.

3.1 Synthetic Video Generation

Segmenting moving objects from real-world videos is inherently challenging due
to confounding factors such as complex camera motion, occlusions, and diverse
object dynamics (e.g., rigid versus non-rigid motion). To mitigate these chal-
lenges and provide clean supervisory signals, we introduce a video synthesis
pipeline to train our motion segmentation modules. Inspired by [19], we gen-
erate synthetic videos with accurately constructed ground-truth masks. We ex-
tend the original framework to support multiple objects and complex occlu-
sions. Specifically, for each synthetic video, a background image is sampled as
the background texture, and random affine transformations are applied to simu-
late camera motion. We then generate multiple foreground objects, represented
as randomly shaped and textured patches. Each object moves independently
along a smooth B-spline trajectory and undergoes random perspective transfor-
mations, with inter-frame smoothness constraints to mimic natural motion and
deformation. Although synthetic videos lack semantic realism, they provide un-
ambiguous motion cues and pixel-accurate masks, making them well-suited for
training general-purpose motion segmentation models.

3.2 Multi-Granularity Motion Segmentation

To capture motion at varying levels of detail, we design a pipeline with two
complementary modules, both trained on our synthetic data. The first module
focuses on instance-level segmentation of rigidly moving objects, while the second
identifies the entire moving foreground. This multi-granularity strategy ensures
a comprehensive capture of diverse motion patterns. Further training details for
each module are provided in the supplementary material.
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Rigid Object Segmentation Module (ROSM) This module is designed
to segment individual objects that undergo coherent motion. In our context,
“rigid motion” refers to any motion pattern that can be well-approximated by a
single perspective transformation. This assumption holds not only for truly rigid
objects (e.g., a car), but also for instance parts (e.g., a person’s arm) or even
static elements exhibiting parallax due to camera motion. Our synthetic data,
where each object follows a distinct transformation, provides an ideal training
ground for this task. We formulate this as an instance segmentation problem,
adapting the SOLOv2 framework [35] to operate on bidirectional optical flow. For
a given flow field, the module outputs a set of instance masks, each corresponding
to a distinct moving entity, along with a confidence score.

Motion Foreground Segmentation Module (MFSM) While the rigid
object module excels at segmenting coherent motion, it struggles with com-
plex, non-rigid deformations, such as a walking person whose limbs move semi-
independently. To address this, we introduce a module that performs a simpler,
yet highly effective task: separating the entire moving foreground from the back-
ground. This yields high-quality masks for complex non-rigid objects, comple-
menting the instance-level output of the first module. To this end, we employ a
U-Net architecture [30] that takes bidirectional optical flow as input and outputs
a single binary mask delineating all moving regions within the central frame.

3.3 Mask Quality Assessment and Filtering

ROSM and MFSM produce a large volume of candidate masks, many of which
are low-quality and can degrade the performance of downstream models. To
prune these, we introduce a Mask Quality Score (Squaiity), Which combines
two components to retain high-fidelity predictions:

Maskness (Smaskness) This score measures the model’s confidence in the pixels it
predicts as belonging to the mask. Given a soft mask prediction p € [0, 1]7*W
we define the set of positive pixels as Ppos = {(z,y) | p(z,y) > 7.}, where 7, is
a confidence threshold. The score is then the mean prediction value for this set
of pixels:

1
Smaskness = 1 1 Z p(xvy) (1)
|PPOS| (

z,Y)€Ppos

Boundary Sharpness (Ssharpness) This score rewards masks with well-defined,
sharp edges. Let M, be the mask binarized from p at threshold 7.. Let B be a d-
pixel wide band around the contour of Mj, and Vp be the gradient magnitude of
p. The sharpness is the proportion of boundary pixels with a gradient magnitude
above a threshold ,:

1
Ssharpess = Tg7 Y HIVe(z,y)ll > 7). (2)

(z,y)€B
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where I(-) is the indicator function.

The final quality score is a weighted sum of these two components: Sqyality =
B+ Smaskness + (1 — B) - Ssharpness, Where f is a weighting factor. We discard masks
with a score below a predefined threshold. Finally, we apply Non-Maximum
Suppression (NMS) [26] to the filtered masks to eliminate duplicates, yielding
the final set of pseudo-labels.

3.4 Pseudo-Label Dataset Construction

We applied our MGMS pipeline to a diverse collection of large-scale public video
datasetsﬂ The videos span a wide range of scenes, including human activities,
animal behaviors, and driving footage. The complementary nature of our two
segmentation modules allows us to generate a rich, multi-granularity dataset.
The rigid instance module identifies distinct objects and parts, while the motion
foreground module captures complete non-rigid entities. From approximately
10,000 hours of raw video, we generated around 21 million high-quality motion
pseudo-labels. This large-scale, automatically curated dataset forms the founda-
tion for training our Perceptual Grouping Model, as detailed in the next section.

4 Learning from Motion to Segment Anything

While the pseudo-labels from Section [3| are derived from motion, our ultimate
goal is to train a universal segmentation model that operates on static images,
without any reliance on motion cues at inference time. However, a fundamental
challenge arises from the nature of our pseudo-supervision: the masks generated
from motion are high-quality but inherently sparse, covering only a fraction of
the objects present in an image, e.g., one of the tiger’s paws in Fig. [2| To bridge
this gap, we introduce the Perceptual Grouping Model (PGM), a framework
designed to learn a generalizable concept of “objectness” from this limited su-
pervision. Central to our approach is a novel contrastive training strategy, which
enables the model to discover unlabeled objects beyond the provided masks.

4.1 Perceptual Grouping Model Architecture

PGM is built upon a standard Vision Transformer (ViT) [8] backbone. To cap-
ture objects at various scales, PGM incorporates K parallel linear projection
heads on top of the ViT features. During training, each pseudo-mask is assigned
to a specific head based on its bounding box size. The loss for that mask is
computed exclusively using the features from its assigned head. This strategy
encourages different heads to specialize in segmenting objects of different scales.
Furthermore, to enhance robustness against occlusions and complex scenes, we
employ the Copy-Paste data augmentation technique [9].

® We emphasize that no manual annotations (e.g., labels, boxes, masks) from these
datasets were used, and we ensured no overlap with our downstream evaluation
benchmarks.
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Fig. 3: Illustration of Perceptual Grouping Contrastive Learning (PGCL). Our PGM
features multiple heads, each trained on pseudo-masks of a specific scale range. For
each assigned mask, we compute a similarity map by comparing an in-mask anchor
patch (4) with all patches in the corresponding head’s feature space. The PGCL loss
supervises this map using the mask as the ground truth, training the model to group
coherent patches into objects.

4.2 Perceptual Grouping Contrastive Learning (PGCL)

Standard segmentation objectives, such as Binary Cross-Entropy (BCE) or
Dice loss , are suboptimal for our training data. Since motion-based pseudo-
labels are inherently sparse, these losses erroneously penalize unannotated object
instances as background. While Slot Attention addresses sparsity, it struggles
in open-world settings: its fixed slot capacity clashes with the varying number
of objects in open-world scenes, and its rigid pixel-to-slot assignment hampers
multi-granularity segmentation. Crucially, slot-centric representations tend to
overfit to the specific object categories seen during training, limiting zero-shot
generalization to unseen domains.

To overcome these significant limitations and cultivate a more robust and
generalizable notion of “objectness” independent of explicit object count or cate-
gories, we introduce Perceptual Grouping Contrastive Learning (PGCL),
as illustrated in Fig. [3| The central idea is to impose intra-object feature com-
pactness while promoting inter-object feature separability in the patch-level fea-
ture space. Specifically, for an input image tokenized into N patches, each of the
K heads produces a set of patch embeddings F* € RV*P . Consider a pseudo-
mask M; assigned to head Hj,. We sample an anchor patch embedding f¥ from
within the mask region. We then compute its cosine similarity sk ' with all patch
embeddings {f]’-“} from the same head. The probability p . that patch j be-
longs to the same obJect as anchor t is modeled via a Slngld function with a
learnable temperature 7:

pif,j =o(7k - Sf,j)’ (3)
where o(-) is the sigmoid function. We define a binary label my ;, which is 1 if

both the anchor patch ¢ and patch j are within the mask M;, and 0 otherwise.
The PGCL loss is a BCE loss, averaged across all heads and sampled anchors:

K N, N
LpgeL = —

[mm« logpf; + (1 —me) log(1—pf,)|,  (4)
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where IV, is the number of sampled anchors. By explicitly contrasting positive
pairs (patches within the same mask) against negative ones, PGCL enables the
model to capture object coherence based on feature similarity. This allows the
network to generalize beyond the sparse pseudo-labels, effectively handling the
“segment anything” task for unseen objects.

4.3 Adaptation to Segment Anything

While PGM learns a general notion of objectness, it is trained on relatively
low-resolution video frames and lacks prompt-based interaction capabilities. To
bridge this gap and enable high-performance, high-resolution segmentation with
prompt-based interaction, we leverage PGM to generate high-quality masks on
high-resolution static images. We then utilize these perceptual grouping masks
to train two specialized models for distinct segment anything tasks.

PGM Inference Our perceptual grouping masks generation begins by feeding
a static image into the pre-trained PGM. PGM processes the image to generate
an initial pool of candidate soft masks, derived from patch embeddings through
pairwise cosine similarity. These candidates are then filtered based on a predicted
mask quality score (Sec. and refined using a dense Conditional Random Field
(CRF) [18] to sharpen object boundaries. For high-resolution imagery, we employ
a multi-scale, sliding-window approach: PGM inference is applied independently
to overlapping tiles at various resolutions. Masks from all tiles are subsequently
projected back, merged, and filtered via Non-Maximum Suppression (NMS) to
remove duplicates and produce the final comprehensive and fine-grained results.
Further implementation details can be found in the supplementary material.

Training the Segment Anything Models We apply the aforementioned
inference pipeline to generate perceptual grouping masks on a 1% subset of
the high-resolution SA-1B dataset [15]. We then train two Segment Anything
models, following the approach of UnSAM [37]:

— Whole-Image Segmentation: For universal object segmentation, we train
a Mask2Former model [6]. This model accepts a full high-resolution image
as input and automatically outputs a set of masks, where each mask corre-
sponds to a distinct instance discovered in the scene.

— Promptable Segmentation: To build a prompt-driven model, we adopt an
architecture based on Semantic-SAM [21], which excels at predicting masks
at multiple granularity levels from a single click. To enable interactivity, we
simulate user clicks during training by randomly sampling a point within
the foreground of each mask to serve as a positive point prompt.
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Table 1: Evaluation results of PGM on seven datasets. T: The pseudo-labels used by
UnSAM |[37] are not strictly unsupervised as they are refined by CascadePSP [7].

Methods |PtIn LVIS Entity PACO ADE COCO SA-1B|Average

UnSAM [37] (CRF [18]) 23.2 16,5 221 108 151 21.9 153 17.8
UnSAM 37| (CascadePSP' |7])|27.3 19.9 24.3 12.8 17.8 24.8 24.7 21.7

PGM (ours) (w/o refinement) [34.7 27.9 282 16.1 25.5 32.6 36.6 28.8
PGM (ours) (CRF [18]) 36.129.3 30.1 16.9 26.7 33.8 37.8| 30.1

5 Experiments

5.1 Training Setups

MGMS Pipeline Training Settings Our MGMS Pipeline comprises two
key modules: ROSM employs a SOLO-v2 architecture [35] with a ResNet-18
backbone [12], while MFSM utilizes a Res-UNet architecture [44], also with a
ResNet-18 backbone. Both modules take a sequence of 7 frames as input and
were trained on a synthetic dataset for 50,000 iterations with an input resolution
of 512 x 512 and a batch size of 32.

PGM Training Settings The training data for PGM comprises 21 million
pseudo-labels distributed across 10 million static frames. This dataset was gen-
erated from a 10,000-hour video corpus constructed from three major sources:
Kinetics-700 [5], which contains approximately 650,000 10-second clips covering
a wide range of human actions; BDD100K [43|, a large-scale driving video dataset
designed for diverse road scenarios; and a 5% random sample from YouTube-
8M [1], a broad-coverage video collection sourced from YouTube. PGM utilizes
a ViT-base architecture [8] with an input size of 512 x 512 pixels. The architec-
ture is topped by four parallel heads, each implemented as a linear layer that
produces 128-dimensional feature vectors. We employ the AdamW [25] optimizer
with a learning rate of 1 x 10~* and a batch size of 32.

Segment Anything Model Training Settings For whole-image segmenta-
tion, we construct a model by integrating a Mask2former [6] decoder with a
ResNet-50 [12] backbone. Training is conducted for 8 epochs, configured with a
5 x 10~° learning rate, a batch size of 16, and 0.05 weight decay. For promptable
segmentation, we leverage the Semantic-SAM |21| architecture with a Swin-
Transformer [24] Tiny model as the backbone to improve performance. Both
models are trained with only a 1% subset of unlabeled images from SA-1B [15].
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Fig. 4: Qualitative comparison of PGM (ours) with DINOv3 family , where the red
-+ denotes anchor patches.

5.2 Evaluation Datasets and Metrics

We evaluate MoSA under two segmentation settings: Whole-Image Segmentation
and Point-Based Promptable Segmentation. For Whole-Image Segmentation, we
evaluate MoSA on seven benchmark datasets, including COCO , LVIS ,
ADE20K , EntitySeg 7 SA-1B , PartImageNet , and PACO .
Importantly, each dataset only labels a subset of objects, whereas our model
generates masks across heterogeneous levels and open-world categories. As a
result, the standard COCO-style Average Precision (AP) metric may not fully
capture the model’s ability to segment diverse, open-world entities. Therefore,
following prior unsupervised segmentation works 7 we adopt Average
Recall (AR) as the primary metric for whole-image segmentation comparisons.
For Point-Based Promptable Segmentation, we evaluate on COCO Val2017 .
Following prior promptable segmentation methods [15)21], we report two metrics:
MaxIoU and OracleloU. MaxIoU measures the Intersection over Union (IoU)
between the ground truth mask and the highest-confidence predicted mask, while
OracleloU reports the maximum IoU achieved among all predicted masks.

5.3 Evaluation Results

Perceptual Grouping Masks We quantitatively evaluate PGM on seven
benchmarks. As shown in Table [T, PGM generates high-quality masks. Notably,
even without refinement, they significantly outperform the pseudo-labels used by
UnSAM [37], which are post-processed with CascadePSP [7] (a method relying
on manual annotations). Qualitatively, Fig. |4| compares feature similarity maps
of PGM and the strong self-supervised vision model DINOv3 . The results
highlight PGM’s superior ability to learn a holistic concept of “objectness”. For
instance, in the top-right image, DINOv3 only activates on part of the snail,
whereas PGM correctly segments the entire snail. Moreover, PGM shows re-
markable zero-shot generalization. When applied to an out-of-distribution hand-
drawn image (bottom-left), it successfully identifies the child figure, whereas the
baseline fails to grasp this abstract concept. This suggests that our PGCL effec-
tively teaches the model a generalizable notion of object coherence from sparse
motion-based supervision.



12 W. Jian et al.

Table 2: Results on the whole-image segmentation task. ': UnSAM |37] utilizes Cas-
cadePSP [7], a method that relies on manual annotations, and is therefore not strictly
unsupervised. MoSA achieves SOTA performance among unsupervised methods only
using a ResNet-50 backbone and delivers results comparable to SAM [15].

Methods Backbone # Av with Whole Entities with Parts
#params images & "COCO LVIS ADE Entity SA-1B|PtIn PACO
SAM |15] VIT-B(85M) 11M | 42.1 19.6 46.1 45.8 45.9 60.8 |28.3 18.1

FreeSOLO [34] RN-101 (45M) 1.3M | 7.3 116 59 7.3 80 22 |13.8 24
CutLER [36] RN-50 (23M) 1.3M |21.8 28.1 20.2 26.3 23.1 17.0 |28.7 8.9
SOHES [3] VIT-B(85M) 0.2M |30.1 30.5 29.1 31.1 335 33.3 (360 17.1
UnSAM' [37] RN-50(23M)  0.1M |39.2 40.5 37.7 35.7 39.6 41.9 |51.6 27.5

MoSA (ours) RN-50(23M) 0.1M |42.1 43.5 42.2 38.4 41.1 48.2 (52.7 28.4

Whole-Image Segmentation Table 2] presents the whole-image segmentation
performance, measured by AR, of our unsupervised MoSA against baselines. No-
tably, MoSA, trained with only 1% of the SA-1B training data and utilizing a
ResNet-50 backbone (only 23M parameters), achieves an average AR of 42.1%.
This performance significantly outperforms previous unsupervised methods and
the improvement is consistent across all seven datasets. Furthermore, on PartIm-
ageNet [11] and PACO |29], MoSA surpasses the supervised SAM (ViT-B, 11M
images) by 24.4% and 10.3% in AR, respectively. This suggests that pre-training
on video motion cues enables the discovery of fine-grained objects and details
often overlooked by human annotators. Qualitative results in Fig. [1| further il-
lustrate this; notably, MoSA effectively segments even completely static objects,
such as tiles on a roof. This capability is a direct consequence of PGCL, which
extrapolates from sparse, motion-derived pseudo-labels to learn a universal con-
cept of “objectness”. MoSA’s results align more closely with human perception
of object instances and exhibit less segmentation noise.

Point-Based Promptable Segmentation As shown in Table[3] MoSA achieves
41.6% MaxIoU and 63.4% OracleloU on COCO [23]. This notably outperforms
the previous SOTA, UnSAM [37], by +1.3% and +3.9% respectively. Crucially,
UnSAM is not strictly unsupervised, as it relies on CascadePSP [7], a refiner
trained with manual annotations. While fully supervised SAM [15] sets a higher
benchmark (52.1% MaxIoU, 68.2% OracleloU), MoSA’s performance is com-
pelling given its unsupervised nature and high efficiency, requiring 3.4x fewer
parameters and 100x less SA-1B data. Qualitatively (Fig. , MoSA provides
stable, perceptually-aligned, multi-granularity labels. For instance, even in chal-
lenging scenarios such as segmenting a person riding a horse (where their mo-
tion is often congruent), MoSA leverages video-learned semantics to accurately
distinguish them. Additional qualitative results are in the supplementary ma-
terials.
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Table 3: Quantitative comparison on the point-based promptable image segmentation
task. MoSA achieves superior performance over the previous SOTA, UnSAM [37], which
is not strictly unsupervised as it employs CascadePSP [7].

Backbone Point Point

Methods (# params) % of SA_lB‘(MaX) (Oracle)
SAM [15] (supervised) ViT-B/8 (85M)  100% | 52.1  68.2
UnSAM [37] Swin-Tiny (25M) 1% 403 595
MoSA (ours) Swin-Tiny (25M) 1% 41.6 63.4

Table 4: Ablation study of PGM training.

Method AR1000 ARs AR, ARy
BCE+Dice 3.8 1.2 2.8 6.6
Slot Attention [14] 8.2 5.2 8.6 8.7
PGCL (ours) 28.3 14.7 26.6 36.1

5.4 Ablation Study

PGM Training To verify the effectiveness of our proposed PGCL, we con-
duct a comparative analysis against strong baselines using identical backbone
architectures and training data (1,000 hours of video). Specifically, we com-
pare PGCL with: (1) standard BCE+Dice loss, and (2) Slot Attention [14]
with 256 slots. We evaluate the zero-shot transfer performance on 1,000 images
from the SA-1B dataset, reporting Average Recall (AR) overall (ARjg) and
across varying scales (ARs, ARy, ARj). As presented in Table {4 the conven-
tional BCE+Dice baseline fails to segment most objects because sparse motion
pseudo-labels wrongly suppress unlabeled static regions as background. Simi-
larly, Slot Attention exhibits suboptimal performance (8.2 AR). We attribute
this to the limitation of fixed slot capacity, which struggles to accommodate
the uncertain number of objects and the multi-granular hierarchies inherent in
open-world scenes. In contrast, our method achieves a substantial improvement,
reaching 28.3 AR. This result confirms the superiority of PGCL in handling the
complexity of the “segment anything” task.

MGMS Pipeline We ablate the MGMS Pipeline’s key components: the Rigid
Object (ROSM) and Motion Foreground (MFSM) Segmentation Modules. Their
efficacy is evaluated based on PGM’s Average Recall (AR) on 1,000 SA-1B im-
ages when trained on their generated pseudo-labels. As shown in Table[5] ROSM
alone excels on small objects (20.6% ARj) but struggles with larger ones. Con-
versely, MFSM is effective for large objects (43.1% AR,) but performs poorly on
small ones (13.7% ARs). The full pipeline integrates both modules to achieve the
best overall score (36.6% ARjpo0). This confirms their complementary nature:



14 W. Jian et al.

Table 5: Ablation study of modules in the MGMS pipeline.

ROSM MFSM|AR1000 ARs ARm ARy

v 28.8 20.6 31.1 28.7
v 34.7 13.7 349 43.1
v v 36.6 20.6 35.4 45.1

38 36.6 36.5 40 36.6
= 35.0 =
§ - ;(,‘ 28.

y 26

& 32 &
< <

26 + T T T T 10 " .

1 2 3 4 5 100h  1,000h 1,0000h
-8 Number of Heads -A- Video Data Scale

Fig.5: Impact of the number of prediction heads (left) and pre-training video data
scale (right) in PGM.

combining ROSM’s precision for small objects with MFSM’s broader motion
capture is essential for generating robust, multi-scale motion cues.

Number of Prediction Heads We ablate the number of prediction heads in
PGM for multi-granularity segmentation. As shown in Fig. [5| (left), performance
improves substantially from 27.9% AR with a single head to 36.6% AR with four
heads. The most significant gain occurs when adding the second head (+4.2%
AR), confirming the fundamental benefit of specialized heads. However, perfor-
mance saturates beyond four heads, dropping marginally to 36.5% AR with five.
This indicates that four heads provide the optimal trade-off, effectively capturing
the full range of object scales from motion cues without introducing redundancy.

Impact of Pre-training Video Data Scale We investigate how the amount
of unlabeled video data impacts PGM’s ability to learn motion priors. As il-
lustrated on the right side of Fig. [f] we observe a strong positive correlation
between data scale and performance. Specifically, increasing the training data
from 100h to 1,000h, and further to 10,000h, substantially boosts AR from 16.8%
to 28.3% and finally to 36.6%. This clear, non-saturating trend underscores that
our PGM effectively leverages large-scale video corpora and strongly suggests
that its performance can be further enhanced by scaling to even larger datasets.

6 Conclusion

Perceptual grouping is fundamental to human visual intelligence, enabling us
to transform raw visual data into semantic understanding through simple, yet
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powerful rules. Inspired by this biological process, we introduce MoSA, a novel
three-stage unsupervised framework for learning generalized segmentation from
motion. Extensive experiments demonstrate that by observing visual motion
alone, MoSA learns robust segmentation abilities applicable to diverse objects
and scenes. This approach not only outperforms existing unsupervised methods,
but also offers a more interpretable and scalable path toward realizing “segment-
anything.” Our work highlights the immense potential of learning object percep-
tion from motion as a fundamental building block for artificial visual intelligence,
bridging the gap towards human-like perceptual understanding.
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