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Abstract. The recent large video foundation model, SAM2, enables
segment anything in both images and videos, serving as a powerful base
model for various applications. However, many of such use cases require
to operate on resource-constrained devices like mobile phones and laptops.
In this work, we aim to make SAM2 more mobile-friendly by distilling
the heavyweight SAM2 into a lightweight model, facilitating segment
anything in both images and videos on mobile devices. To this end, we
propose Hypergraphical Knowledge Distill (HyperKD), which introduces
the idea of hypergraph into knowledge distillation, aiming to effectively
model and transfer SAM2’s generalizable and comprehensive knowledge.
HyperKD consists of Temporal HyperKD and Granularity HyperKD that
construct hypergraphs to explicitly model and extract the generalizable
temporal knowledge and the comprehensive multi-granularity knowledge
from SAM?2 respectively, which are then distilled into the lightweight
student model by aligning it with the constructed hypergraphs. Besides,
we present MobileSAM2, a new family of lightweight SAM2 that balances
efficiency and effectiveness via searching the best model architectures with
HyperKD during model size reduction. Extensive experiments validate
MobileSAM2 across multiple benchmarks and show promising generaliza-
tion performance on embodied Al tasks.

Keywords: Segment anything model - Knowledge distillation - Lightweight
model - Spatial intelligence - Embodied Al

1 Introduction

Large vision foundation models [26,35,[50,/51] trained with large-scale visual
data have achieved significant success across various areas of computer vision. A
prominent example is Segment Anything Model (SAM) [35], the first foundation
model for image segmentation, which learns over 11 million images with 1.1 billion
mask annotations and thus enables segmenting anything. Recently, SAM2 [51]
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Fig.1: Video Segmentation ComparisorEl. With the proposed HyperKD and
the searched model architectures, our MobileSAM2 works effectively with limited
parameters.

has extended SAM to video segmentation while keeping the image segmentation
ability intact. SAM2 learns rich temporal and segmentation knowledge from an
unprecedented dataset with 113.8K videos and 40.9M mask annotations (e.g.,
SA-V manual and internal data [51]) and outperforms traditional methods by
substantial margins, showing great flexibility in segmenting anything in both still
images and video streams and demonstrating strong generalization and zero-shot

Given its impressive capabilities, SAM2 has been employed as a powerful
foundation model for a wide range of computer vision applications, such as
video editing , traffic surveillance , autonomous vehicles ,
robotics , etc. On the other hand, many of these use cases require to
operate on resource-constrained devices like mobile phones, laptops,
drones, robots, etc. In this work, we aim to make SAM2 more mobile-friendly by
distilling it into a lightweight model, facilitating segmenting anything on mobile
devices for both images and videos.

We begin by examining the key factors behind SAM2’s success. Compared
to previous video segmentation methods, SAM2, for the first time, scales up
video training data to an unprecedented level, both in the number of videos and
the granularity of mask annotations, learning from which two critical types of
knowledge including (1) Temporal Knowledge: SAM2 captures rich temporal
correlations across video frames by learning from over 100K videos (~50 times
of the previous largest dataset), ultimately acquiring generalizable temporal
knowledge that enables robust segmentation along video frames; and (2) Multi-
Granularity Knowledge: SAM2 captures diverse granularity correlations across
multiple granularity levels of visual concepts from over 40M multi-level mask anno-
tations (e.g, objects as well as parts and subparts), finally learning comprehensive

5 SAM2-TinyViT denotes SAM2 using TinyViT as backbones. Please refer to
Table |2| for experiment details.
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multi-granularity knowledge that enables comprehensive and coarse-to-fine under-
standing and segmentation of various visual concepts in videos. Inspired by these
insights, we believe that one effective method of distilling SAM2’s knowledge is to
transfer such two types of knowledge comprehensively, such that the lightweight
student model can inherit SAM2’s robust and comprehensive video segmentation
capabilities.

To this end, we propose Hypergraphical Knowledge Distill (HyperKD), which
introduces the idea of hypergraph into knowledge distillation, aiming to effectively
model and transfer SAM2’s generalizable and comprehensive knowledge into a
lightweight model. Since these two types of knowledge are implicitly encoded
in SAM2’s learnt parameters and thus difficult to directly access, HyperKD
constructs hypergraphs to explicitly model and extract the generalizable temporal
knowledge and the comprehensive multi-granularity knowledge from SAM2, which
are then distilled into the lightweight student model by aligning it with the
constructed hypergraphs.

We instantiate HyperKD with two examples, named Temporal HyperKD and
Granularity HyperKD. Temporal HyperKD first considers patches/objects within
a single video frame as nodes and the distances between their embeddings as
edges, and then constructs a hypergraph by linking multiple related nodes across
frames via hyperedges that are formed by fusing edges from each individual frame.
Granularity HyperKD first treats segmentation entities within a single segmen-
tation granularity level as nodes and the distances between their embeddings
as edges, and then builds a hypergraph by linking multiple related nodes across
segmentation granularity levels (e.g., objects, parts and subparts) via hyperedges
that are formed by fusing edges from each individual segmentation granularity
level.

Besides, based on our proposed HyperKD, we introduce MobileSAM2, a new
family of lightweight segment anything models, which strikes a favorable trade-off
between model size and performance. Specifically, we adopt a progressive model
contraction strategy [53] to iteratively scale down a large model, generating a
series of lightweight segment anything models by searching and identifying model
architectures that best retain SAM2’s temporal and multi-granularity knowledge
(i.e., those can minimize HyperKD losses) during the model contraction process.

Our MobileSAM?2 offers three desirable features: (1) Robust Temporal Seg-
mentation: Temporal HyperKD models and transfers SAM?2’s temporal knowl-
edge, enabling MobileSAM2 to capture rich correlations across video frames
and achieve robust segmentation along video frames; (2) Comprehensive Multi-
Granularity Segmentation: Granularity HyperKD enables MobileSAM?2 to cap-
ture diverse correlations across multiple segmentation granularity levels, allowing
for comprehensive and coarse-to-fine understanding and segmentation; (3) Effi-
ciency& Effectiveness: By searching for the best model architectures via HyperKD,
the resulting MobileSAM2 strikes an effective balance between model size and
performance.

The main contributions of this work are threefold. First, we introduce the
idea of hypergraph for knowledge distillation to explicitly model and transfer
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SAMZ2’s generalizable and comprehensive knowledge into a lightweight model.
To our knowledge, this is the first work that explores hypergraph for video
segmentation knowledge distillation. Second, we design HyperKD, including
Temporal HyperKD and Granularity HyperKD that distill temporal and multi-
granularity knowledge effectively. Third, we present MobileSAM2, a new family
of lightweight segment anything models that effectively balances model size and
performance. Fourth, extensive experiments demonstrate MobileSAM?2’s superior
performance across multiple benchmarks.

2 Related Works

2.1 Segment Anything Model

Segmentation Anything Models (SAMs) have shown impressive zero-shot gen-
eralization and interactive segmentation across diverse datasets. Models like
SAM [35], SEEM |[81], and Semantic-SAM [38] advance segmentation by using
a promptable architecture that processes spatial (points, boxes, masks) and/or
semantic (text) prompts to generate segmentation masks. Fast-SAM [79|, Mo-
bileSAM [74], and TinySAM [54] enhance inference speed, while HQ-SAM |[32]
improves segmentation quality. SAM2 [51] extends SAM [35] to video segmen-
tation with a memory-based transformer, enabling robust and comprehensive
segmentation across video frames by storing object information and handling past
interactions. However, SAM2’s large parameters and high computational demands
make deployment on resource-constrained devices challenging. Compressing and
accelerating SAM2 is a largely under-explored problem. We focus on distilling
SAM2 into a lightweight model, enabling efficient segmentation on mobile devices
for both images and videos.

2.2 Knowledge Distillation

Knowledge distillation (KD) [20] aims to train compact and efficient student
models under the guidance of large teacher models. By learning from the teacher’s
soft labels, the student can outperform models trained only on hard labels. KD
methods are broadly categorized into logit-based, feature-based, and relation-
based approaches. Logit-based KD [6}/23}|30}|46,|76,/78] minimizes a distance
metric, such as KL divergence, between the predicted probabilities of the student
and teacher, typically derived from the softmax of logit outputs. Feature-based
KD |7,[8L[21}[22}|401/41,/43,/52,/56,,57},/70] uses intermediate feature maps or refined
information as knowledge. Relation-based KD [39}|45//48.49,/58}/67] aligns instance
correlations between the student and teacher networks. In this work, we aim to
distill SAM2’s generalizable temporal and multi-granularity knowledge learnt from
over 100K videos and 40M annotations by capturing and encapsulating coarse-
to-fine semantic relationships across frames, achieving robust and comprehensive
video segmentation in a lightweight MobileSAM2.
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2.3 Hypergraph

Hypergraph [1},1416}18},[19}/19L28}34L[37,|61] is an advanced data structure that
captures complex, high-order associations by allowing hyperedges to connect
multiple nodes simultaneously. This capability makes hypergraphs particularly
effective for modeling intricate relationships that traditional pairwise graph
structures cannot adequately represent. Hypergraphs have been widely applied
across domains such as social network analysis [66,(71], drug-target interaction
modeling [29,59], and brain network analysis [63,82], where multi-way interactions
are crucial for understanding underlying structures. In this work, we design a
hypergraphical knowledge distillation method that constructs temporal and
granularity hypergraphs to distill SAM2’s generalizable knowledge learnt from
a vast dataset. This approach effectively uncovers coarse-to-fine, high-order
semantic relationships of various visual concepts across video frames, resulting in
a lightweight MobileSAM?2 with robust and comprehensive video segmentation
capabilities.

3 Methodology

This section presents MobileSAM2, a new family of tiny and efficient segment
anything models with effective and efficient distillation on video segmentation. We
first introduce preliminaries in Section Then we introduce the Hypergraphical
Knowledge Distillation (HyperKD) framework for small segment anything model
training in Section [B:2] After that, we design a new tiny model family that
balances efficiency and effectiveness by progressively scaling down a large seed
model in Section B4

3.1 Preliminaries

Segment Anything Model 2 (SAM2) [51] is a unified model for video
and image segmentation. SAM2 is designed to segment anything by utilizing
a “Promptable Segmentation” scheme, where the model generates a segment of
spatio-temporal mask (i.e., a ‘masklet’) based on given prompts on any frames
of the video, such as points, boxes, or masks. SAM2 can segment the object of
interest in single image and across video frames when appropriate prompts are
provided. Additionally, SAM2 support “interactive segmentation”;, which allows
users to iteratively refine segments and scale up training data through model-
in-the-loop annotation. This process results in a more powerful SAM2 that can
handle diverse segmentation tasks with improved flexibility and accuracy.
SAM2 typically works with two stages. It first encodes an input frame and a set
of prompts into feature embeddings and then predicts the expected segmentation
mask conditioned on these features and the memory context from previously
observed frames. Specifically, SAM2 consists of an image encoder Encoder’,
a memory module MemModule, a prompt encoder Encoder®, and a mask
decoder Decoder. Given an input video 2/ € RT*HXWx3 where T is the number
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Fig.2: Overview of HyperKD. HyperKD constructs hypergraphs to explicitly
model and extract the generalizable temporal knowledge and the comprehensive multi-
granularity knowledge from SAM2, which are then distilled into lightweight MobileSAM?2
by aligning it with the constructed hypergraphs. Specifically, Temporal HyperKD con-
siders objects within a single frame as nodes and constructs hypergraphs by linking
multiple related nodes across frames via hyperedges, as shown along the temporal
dimension. Granularity HyperKD treats segmentation entities within a single granu-
larity level as nodes and builds hypergraphs by linking multiple relevant nodes across
granularity levels (e.g., objects, parts and subparts) via hyperedges, as shown along the
granularity dimension. In this way, the trained MobileSAM2 captures rich and diverse
hypergraphical correlations across multiple frames and granularity levels, ultimately
achieving robust and comprehensive video understanding and segmentation.

of frames, and a prompt z* on the first frame, SAM?2 first encodes z! and =
into embeddings as follows:

2! = Encoder! (z7), 2z = Encoder” (z). (1)

The memory module then conditions the i-th frame embedding 2! (i) on the past
N frames embeddings {z'(j)}:_; y and predictions {m(j)}i_; y as follows:

2 (i) = MemModule (' (i) | {=' ()= _y. {m()} = _x ) (2)

where {2/(i)}.Z! \ and {m(i)}!Z]  interact with 2/ (t), leading to a conditioned
frame embedding 27,
The mask decoder Decoder then decodes the conditioned frame embedding

I (t) conditioned on the prompt embedding 2*":

Zm

m(i), c(i) = Decoder (2}, (i) | 2*), (3)

where 2P interacts with 21 (i), producing binary segmentation predictions m €
RTXMXHXW that include M valid masks, each corresponding to different levels
of segmentation granularity, along with the corresponding confidence scores
c € RT*M,

Naive Solution with FitNet . In this paper, we adopt SAM2 as
the pretrained teacher model, using Hiera-L as image encoder. We employ
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the FitNet approach [52] for knowledge distillation, where a teacher model guides
a student model by aligning the student’s intermediate feature representations
from the image encoder with those from the teacher. Given an unlabeled video 27,
the teacher model first generates feature embeddings through its image encoder,
which serve as alignment targets for the corresponding layers in the student
model’s image encoder. This alignment of intermediate representations enhances
knowledge transfer in our distillation setup. The unsupervised training of the
student model on unlabeled data is formulated as:

Loss = ||z — 2|1, (4)

which aligns the intermediate feature embedding z/ and z! from the teacher’s im-
age encoder EncodertI and the student’s image encoder Encoderg, respectively.

3.2 Hypergraphical Knowledge Distillation

We observe that SAM2’s success is driven by its captured two key types of
knowledge from large-scale, multi-granular video data: temporal knowledge for
robust segmentation across frames and multi-granularity knowledge for detailed
understanding of visual concepts at multiple levels. Motivated by this, we propose
Hypergraphical Knowledge Distillation (HyperKD), which uses hypergraphs in
knowledge distillation to effectively capture and encapsulate above two types of
knowledge into a lightweight model. Since SAM2’s temporal and multi-granularity
knowledge are implicitly encoded in its parameters, HyperKD explicitly models
them through hypergraphs, which the student model learns to emulate. We instan-
tiate HyperKD with two methods: Temporal HyperKD that links related nodes
across frames to capture temporal consistency, and Granularity HyperKD that
connects nodes across segmentation levels to convey multi-level understanding.

Temporal HyperKD Temporal HyperKD works in a two-step manner. The first
step is temporal hypergraph extraction with node and hyperedge construction
that aims to uncover the implicitly encoded generalizable temporal knowledge in
SAM2. The second step is temporal hypergraph encapsulation, which encapsulates
the extracted temporal hypergraph into the student model, enabling the student
model to generate more temporally consistent segmentation.

Temporal Hypergraph Extraction. With the generalizable temporal
knowledge contained in video embedding z! from teacher model, we formulate
the proposed Patch-wise Temporal Hypergraph and Instance-wise Temporal
Hypergraph as /¢ = (V' ) and G/ = (V["s £"%) | which are capable of
capturing temporal semantic relationships and associations across frames. For

Pa’ we deconstruct the video embedding z/ as grid-based patches to constitute
vertex set V¢, For GI"®, we constitute vertex set V" by pooling the video
embedding z/ according to high confidence segmentation entries of each frame in
teacher model prediction m;.

Without loss of generality, to establish hyperedges that model relationships
among vertices in V', we apply an e-ball distance threshold around each vertex. An
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e-ball forms a hyperedge that includes all vertices within a certain distance € from
a central vertex. The set of hyperedges €% or £/ are therefore constructed as
follows:

& = {ball(v,¢) | v € V}, (5)

where ball(v, €) = {u | dist(x] —z!) < €, u € V} represents the neighboring vertex
set of a given vertex v, V is VI or V["*| and dist(z — ) is the distance function
used to determine proximity. In practical, the hypergraph G is represented by its
incidence matrix H, where H(u,v) = dist(a] —zl) =1 — (aL 2I) /(||=L|||zL]]) if
vertex u is part of the hyperedge centered at vertex v, and H(u,v) = 0 otherwise.

Temporal Hypergraph Encapsulation encapsulates both patch-level
and instance-level generalizable temporal knowledge captured by the extracted
hypergraph GF’* and G{™* into the student model, thereby preserving SAM2’s
generalizable temporal knowledge within the student model. Specifically, similar
to the construction of GF* and GI™*, we construct GF® and GI™* for video
embeddings z! from student model. Then, we encapsulate the extracted temporal
hypergraph GI'* and G/™* into student model by minimizing:

Lrukp = |[H* — H|lp + [|H{™ — H™|p, (6)

where HP®, HI™*, HF® and HI™ refer to the incidence matrices of GF'¢, GI",
GPa and GI"® respectively.

In this way, Temporal HyperKD ensures that both patch-level and instance-
level temporal hypergraphs capture neighborhood relationships within the feature
space, effectively distilling SAM?2’s generalizable temporal knowledge into the
student model, enabling the student model to maintain temporal consistency and
achieve robust segmentation across video frames.

Granularity HyperKD As Temporal HyperKD distills only the generaliz-
able temporal knowledge, we further design Granularity HyperKD to extract a
granularity hypergraph and encapsulate it into the student model to improve
segmentation precision across different levels of detail. Specifically, the granularity
hypergraph captures hierarchical relationships between multi-granularity level
segmentation entities, complementing the temporal hypergraph by providing
orthogonal and multi-granularity knowledge.

Granularity Hypergraph Extraction. Given the i-th frame embedding
21 (i) € RP*m>Xw and its predicated binary segmentation masks m(i) € RM>*HxW
with M levels of segmentation granularity from teacher model, we instantiate
granularity hypergraph as GEmo" = (V&ran, £597en) in which each node v € Vran
is initialized by pooling the frame embedding according to predicated binary
segmentation masks as follows:

poran — {MaskedAveragePooling (z,{(i,j),m(i,j)) li=1,..., M} , (7)

and the set of hyperedges ££7%" can be constructed with Eq.
Granularity Hypergraph Encapsulation encapsulates the orthogonal
and multi-granularity knowledge in the extracted granularity hypergraph into
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the student model. This process complements the temporal hypergraph and
enhances segmentation precision by enabling the model to segment objects at
various levels of detail, such as objects, parts, and subparts. Specifically, similar
to the construction of G&", we construct G&™*" for the video embeddings z!
from the student model, using the predictions m(7) from the teacher model. We
then encapsulate the extracted granularity hypergraph into the student model,
following a similar approach as in Temporal Hypergraph Encapsulation, by
minimizing the following loss function:

Leukp = [[HE™™ — HE™" ||, (8)

where HE™" and HE™%" are the incidence matrices of GE™%" and G&™9" | respec-
tively.

3.3 Overall Objective

In summary, the overall training loss of the proposed HyperKD can be formulated
as:
Loss = ||z} — zl|i + o Lruxp + B Lornkp, 9)

where a and (§ are weighting coefficients.

3.4 Model Architectures

We introduce MobileSAM?2, a lightweight version of SAM?2 that strikes a balance
between model size and performance. While SAM2’s memory module, prompt
encoder, and mask decoder are lightweight (under 12M parameters), its image
encoder, based on Hiera-L [53|, has over 212M parameters, making it too heavy for
resource-constrained devices. Thus, the key instantiate MobileSAM?2 is reducing
the size of the image encoder while preserving SAM2’s robust and comprehensive
video segmentation capabilities.

Motivated by this observation, we present a new family of Hierarchical Vision
Transformer [53| for SAM2 by scaling down a large model seed with a progressive
model contraction approach |13|. Specifically, we begin with a manually designed
Hiera backbone that serves as image encoder, which maintaining the core princi-
ples of the original Hiera design. Then, we establish a parameterized search space
of contraction factors that includes critical architectural components such as
embedding dimensions, layer counts, attention head configurations, and expansion
ratios. The progressive model contraction process iteratively identifies promising
architectures, ultimately resulting in a smaller Hiera variant that retains com-
petitive performance while minimizing computational complexity and memory
usage, making it suitable for efficient deployment. Hiera begins with a patch
embedding layer that processes input images into tokens, followed by several
stages where each stage progressively increases the channel dimensions while
reducing spatial resolution through downsampling. The architecture emphasizes
efficient parameter usage by employing lightweight MultiScaleBlock layers in
early stages, transitioning to windowed self-attention in later stages. We consider
the following contraction factors to form a model:
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Table 1: Architectures of our searched lightweight MobileSAMﬂ

Contraction Factors‘ Tsmb I'sik I'winsiz  THExp ‘Params. (M)
MobileSAM2-5M | [48, 96, 192, 384] [1, 2, 5, 2| [8, 4, 14, 7] 2 5.84
MobileSAM2-10M |[64, 128, 256, 512] [1, 2, 5, 2| [8, 4, 14, 7] 2 10.37
MobileSAM2-23M |[96, 192, 384, 768] [1, 3, 9, 1] [8, 8, 14, 7] 2 23.74

— I'gmp: Embedding dimension of each stage. Decreasing it results in a thinner
network with fewer heads in multi-head self-attention.

— Igik: The number of blocks in each stage. The depth of the model is decreased
by reducing these values.

— I'winsiz: Window size in the each stage. Smaller window size lead to fewer
operations and model parameters during self-attention.

— I'uexp: Expansion ratio of attention heads in multi-head attention at each
stage. Reducing the dimensionality of each attention head directly decreases
the computation burden of self-attention, leading to lower computation cost.

We scale down the above factors by the progressive model contraction approach
and search and identify a new family of lightweight SAM2, named MobileSAM?2,
as shown in Table [11

4 Experiments

Table [2] show the benchmarking of our methods with state-of-the-art knowledge
distillation methods, including FitNets [52|, CIRKD [65], and FAKD [72], over
5 widely used video segmentation datasets including 2 general video object
segmentation (VOS) dataset (i.e., MOSE [10], DAVIS 2017 [60]), 1 long-term
VOS dataset (LVOS [24]), and 2 segment anything in videos dataset (SA-V) [51]
(i.e., dataset SA-V-val [51] and SA-V-test [|51]).

4.1 Implementation Details

We use our designed MobileSAM2 as the lightweight student model and SAM2-
L [60] (with Hiera-L |53| as the image encoder) as the pretrained teacher model.
Since SAM2’s memory module (i.e., memory attention, memory encoder, and
memory bank), prompt encoder and mask decoder are relatively lightweight
(under 12M parameters), we optimize MobileSAM2 by training its image encoder
while keeping its remaining modules (i.e., memory module, prompt encoder and
mask decoder copied from the pretrained SAM2-L teacher model) frozen. We use
only ~ 10% SA-V data [51] (i.e., 11K Videos) for efficient distillation training.
Following SAM2 [51], we employ the AdamW [44] optimizer with an initial
learning rate of 5 x 10~4. All models are trained for 5 epochs on an A100 (80GB)
GPU with a batch size of 5, using 8-frame sequences per sample. The training
time is 65 hours. For each iteration, we use a 4 x 4 grid of spatial prompts for
mask prediction by the teacher model. We set weighting coefficients & = 1 and
B =1 to balance temporal consistency and hierarchical knowledge transfer.

5 Please refer to appendix for more details of MobileSAM?2 architecture.
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Table 2: VOS comparison. With the proposed HyperKD and the searched model
architectures, our MobileSAM2 works effectively with limited parameters on video
segmentation. Note SAM2 Large |51] serves as the teacher model for all knowledge
distill methods. For fair comparsion, all methods process video sequences.

J&F
MOSE val DAVIS 2017 val LVOS val SA-V val SA-V test
100% Training Data with 256 A100 GPUs: 113.8K Videos (SA-V manual and internal data |51])

Model Distillation Method Params. (M)

SAM?2 Base+ [51] - 68.7 72.8 88.8 75.8 72.2 74.7
SAM?2 Large [51] - 212.1 74.6 89.2 81.7 74.5 76.0

~ 10% Training Data with 1 A100 GPU: 11K Videos from SA-V manual data |51])
R No Distill 5.4 26.0 30.4 30.8 28.4 27.7
SAM2-TinyVIT-5M - pyinet f52l 5.4 33.8 38.7 377 343 351
No Distill 5.8 29.7 36.6 33.8 32.7 33.0
FitNet [52] 5.8 36.6 415 39.7 38.2 39.3
i CIRKD [65] 5.8 36.8 433 41.2 38.3 38.6

/l 12-5M\]

MobileSAM2-5M CAT-KD [21] 5.8 35.0 41.9 40.3 38.3 39.8
FAKD [72] 5.8 37.7 42.5 41.0 39.6 39.9
HyperKD (Ours) 5.8 44.6 51.0 48.8 49.2 49.4
R , No Distill 11.2 27.9 29.6 32.5 28.9 30.8
SAM2-TimyVIT-TIM - peovee (531 11.2 36.4 400 398 378 39.0
No Distill 10.4 30.9 35.7 34.4 33.7 34.2
FitNet [52] 10.4 38.9 44.3 42.2 41.6 41.4
. , CIRKD [65] 10.4 40.8 45.8 437 42.4 43.2
MobileSAM2-10M CAT-KD [21] 10.4 39.9 44.3 42.9 41.3 41.8
FAKD [72] 10.4 41.3 46.7 44.0 42.4 433
HyperKD (Ours) 10.4 48.7 54.2 51.8 49.9 50.0
R , No Distill 21.2 30.3 35.2 345 32.0 34.7
SAM2-TimyVIT-2IM - peonet (531 21.2 44.9 49.0 47.0 45.8 45.6
No Distill 23.7 39.5 44.7 44.8 42.4 44.3
FitNet [52] 23.7 57.4 61.1 60.8 59.4 59.9
. , CIRKD [65] 23.7 60.4 62.1 61.5 60.7 60.5
MobileSAM2-23M CAT-KD [21] 23.7 60.2 62.1 61.1 59.7 59.9
FAKD [72] 23.7 60.6 65.0 63.4 62.0 62.7
HyperKD (Ours) 23.7 65.8 72.1 69.0 66.4 67.8

4.2 Results

In line with SAM2 [51], our proposed MobileSAM?2 is designed for general,
interactive, promptable video segmentation tasks, while we also address the
semi-supervised video object segmentation (VOS) setting, where the prompt is a
ground-truth mask on the first frame, as this is a common protocol in the field.
We compare MobileSAM2 with existing state-of-the-art knowledge distillation
methods as well as SAM2 equipped with the state-of-the-art lightweight backbone
(Tiny-ViT [62]) in Table [2] reporting accuracy based on standard protocols. We
evaluate three versions of MobileSAM2 with varying model sizes (5M, 10M, and
23M), each offering different size-accuracy trade-offs.

Results on general VOS dataset. Table [2] presents the video object
segmentation results on two general VOS datasets: MOSE and DAVIS 2017.
MobileSAM2 achieves substantial performance improvements over the baseline
across these datasets. Specifically, MobileSAM?2 outperforms state-of-the-art
methods by a large margin in J&F score, highlighting the effectiveness of our
proposed HyperKD in exploring efficient lightweight model architectures as well as



12 K. Jiang et al.

Table 3: Ablation studies of HyperKD with Temporal HyperKD and Granular HyperKD.
The experiments are conducted on video object segmentation (VOS) over LVOS val.

‘ Temporal HyperKD ‘Granular HyperKD‘J&F

‘ Patch-wise ‘ Instance-wise ‘ ‘

MobileSAM2-23M (Baseline/no distill)| - | - \ - |44.8
v 62.9

v 64.4

v v 64.4

v 63.1

MobileSAM2-23M v v v 69.0

distilling knowledge from the pretrained SAM2 model. The superior performance
of MobileSAM2 is largely attributed to HyperKD’s ability to capture generalizable
temporal knowledge and comprehensive multi-granularity knowledge, enabling
it to focus on cross-temporal and multi-granularity spatial cues of objects. This
not only benefits the architecture search for lightweight MobileSAM2 but also
enhances the distillation process from SAM2 to lightweight MobileSAM2 . All
methods show performance gains. However, MobileSAM2 achieves the most
significant improvements, demonstrating its capability to align closely with
the SAM2’s representation by effectively distilling both temporal and multi-
granularity knowledge from SAM?2.

Results on long-term VOS dataset. Table [2] also reports the experiments
on long term VOS dataset, LVOS. MobileSAM2 surpasses all competing methods
by a significant margin, demonstrating HyperKD’s effectiveness and robustness
in capturing SAM2’s generalizable temporal and multi-granularity knowledge for
long-term video segmentation. The substantial performance gains achieved by
MobileSAM2 on LVOS highlight the efficiency of its lightweight architecture, ex-
plored by HyperKD’s guidance, as well as the effectiveness of distilling knowledge
from SAM2 by HyperKD.

Results on segment anything in videos dataset. We evaluate the
effectiveness of our MobileSAM2 on segment anything in videos dataset, i.e.,
SA-V val and SA-V test, which measure performance for open-world segments of
“any” object class [51]. Table [2| reports the VOS result, showcasing significant
improvements over the baseline and outperforming state-of-the-arts thereby
highlighting the superiority of MobileSAM2.

4.3 Ablation Study

In Table 3] we conduct ablation studies to assess the individual contributions of
our proposed MobileSAM2 on the LVOS dataset. The baseline model, without
distillation from SAM2, does not perform well due to its limited ability to
capture high-order temporal and multi-granularity semantic relationships of visual
concepts. By contrast, including Patch-wise Temporal HyperKD significantly
improves the baseline, indicating that Patch-wise Temporal HyperKD effectively
captures patch-wise temporal dependencies across frames. Additionally, applying



MobileSAM?2 13

Table 4: Parameter analysis on hypergraph construction threshold € in HyperKD on
LVOS.

Model Architecture| MobileSAM2-23M
€ |05 0.75 1.0 1.25 1.5
J&F |65.2 68.4 69.0 68.1 62.0

Table 5: Comparison of our HyperKD with traditional two-vertices graph-based
knowledge distillation over LVOS.

Model Architecture | MobileSAM2-23M
Distillation Method|No Distill| Context Matters [64] IntRA-KD [25] HyperKD (Ours)
J&F ‘ 44.8 ‘ 60.7 60.9 69.0

Instance-wise Temporal HyperKD brings further improvements, showing that it
enhances instance-level temporal knowledge across frames. Moreover, introducing
Granularity HyperKD further boosts performance, demonstrating that it provides
complementary multi-granularity knowledge that effectively benifits robust and
comprehensive video segmentation capabilities.

4.4 Discussion

Parameter Study. In the construction of hyper graph, the predefined e-ball
distance threshold is used to establish hyperedges that model relationships among
vertices in hypergraph. We studied € by changing it from 0.5 to 1.5 with a step of
0.25. Table [4 reports the experiments over LVOS dataset. It is also observed that
the performance of MobileSAM?2 is relatively stable across from 0.75 to 1.25, with
only minor variations, while there is a performance decline at the thresholds of 0.5
and 1.5. A higher threshold creates a more connected hypergraph, increasing the
risk of over-smoothing, while a lower threshold may result in an under-connected
hypergraph that fails to capture high-order relationships. To balance these factors,
our HyperKD uses a distance threshold of 1.0 for hypergraph construction, chosen
empirically to maintain connectivity without excessive smoothing.

HyperKD v.s. Graph-based Knowledge Distillation. We compare our
HyperKD with the prior graph-based knowledge distillation method, Context
Matters [64] and IntRA-KD [25]. As shown in Table |5| HyperKD outperforms
Context Matters and IntRA-KD, primarily because the graphs of Context Matters
and IntRA-KD cannot effectively capture high-order semantic relationships among
visual concepts, which our hypergraph-based approach successfully achieves.

Distance Metrics for Constructing Hypergraph. We explore different
feature distance metrics for hypergraph construction, conducting experiments
with the following metrics: 1) Cosine Similarity [9], 2) Euclidean Distance 9], and
3) Manhattan Distance |9]. The results in Tab. [7|show that HyperKD performs
effectively and consistently across all metrics. Among them, cosine similarity
yields the best results, largely because it aligns with the attention mechanism,
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Table 6: Efficiency comparison on mobile GPU.

Model ‘Params. (M) Inference FPS LVOS

SAM?2 Base+ 68.7 Out of Memory -

SAM2 Large 212.1 Out of Memory -
SAM2-TinyViT-5M 5.4 13.1 37.7
MobileSAM2-5M 5.8 13.3 48.8
SAM2-TinyViT-11M 11.2 11.3 39.8
MobileSAM2-10M 10.4 10.8 51.8
SAM2-TinyViT-21M 21.2 8.0 47.0
MobileSAM2-23M 23.7 8.2 69.0

Table 7: Analysis on hypergraph construction in HyperKD with different distance
metrics on LVOS.

Model Architecture| MobileSAM2-23M

Distance Metrics ‘Cosine Similarity (Ours)‘Euclidean Distance‘Manhattan Distances

J&F | 69.0 \ 67.2 \ 65.7

making it a natural choice for the distillation of generalizable temporal knowledge
and comprehensive multi-granularity knowledge in SAM2.

Efficiency Analysis. We evaluate model efficiency in inference speed for
all models on a single RTX 4060 (8GB) mobile GPU using PyTorch 2.3.1 and
CUDA 12.1 with automatic mixed precision (bfloat16). We compiled the image
encoder with torch.compile for all models. FPS measurements for video object
segmentation are taken with a batch size of 1, following the common protocol.
Table [6] reports the results on LVOS dataset, demonstrating that MobileSAM?2
achieves a significant reduction in computational overhead while maintaining
competitive performance compared to the original SAM2, making it more mobile-
friendly for resource-constrained devices.

Applicability of HyperKD to Other Foundation Models. We conduct
experiments on TrackAnything (TAM) [68| as shown in Table |8l It demonstrates
HyperKD’s applicability beyond SAM2: applied to the structurally indepen-
dent TrackAnything (TAM) |68] under the same limited-data setting (~10%),
HyperKD improves TAM-TinyViT-21M from 58.9 to 63.1 J&F and MobileTAM-
23M from 60.8 to 66.5 J&F on DAVIS-2017. More critically, it disentangles
the distillation objective from the architecture design: since TAM shares no
architectural lineage with SAM2 or MobileSAM2, the consistent gains confirm
that the performance improvements stem from the HyperKD objective itself, not
from co-adaptation with a specific backbone. Together, these findings establish
HyperKD as a generalizable distillation framework, and validate that the gains
on MobileSAM2 reflect genuine knowledge transfer rather than artifacts of the
searched architecture.

Application of MobileSAM2 on Embodied AI. With the advent of rea-
soning models and agents |17,[69,/75], to verify the application of MobileSAM2 on
embodied Al systems, we integrate MobileSAM?2 into CaP-Agent0 |17] as the core
perception model and evaluate manipulation performance on LIBERO-PRO |[80].
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Table 8: Applicability of HyperKD for TrackAnything (TAM) |68]. We report J&F
scores on DAVIS-2017.

Model Distillation Method Params. (M) DAVIS-2017 J&F
100% Training Data
TrackAnything (TAM) |68] - 636 73.1
~ 10% Training Data
. . No Distill 21.2 58.9
TAM-TinyViT-21M HyperKD (Ours) 21.2 63.1
. No Distill 23.7 60.8
MobileTAM-23M HyperKD (Ours) 23.7 66.5
Table 9: Application of MobileSAM2 on Embodied Al.
Method Libero-Object Libero-Goal Libero-Spatial Avg.
Pos (Avg.) Task (Avg.) Pos (Avg.) Task (Avg.) Pos (Avg.) Task (Avg.)
OpenVLA |33] 0 0 0 0 0 0 0
70 [3] 0 0 0 0 0 0 0
70.57]2] 17 1 38 0 20 1 12.8
SAM3 [4]-CaP-Agento [17] 27 31 29 16 13 23 23.2
SAM2-TinyViT-21M - CaP-Agent0 21 27 23 13 11 21 19.3
MobileSAM2-23M - CaP-Agent0 24 30 28 14 12 23 21.8

As shown in Table[d] the full SAM3-powered CaP-Agent0 achieves 23.2% average
success rate, outperforming training-based VLA baselines like 7 5 [2] (12.8%).
At a comparable lightweight parameter scale, SAM2-TinyViT-21M built on the
state-of-the-art Tiny-ViT [62] backbone drops to 19.3%. In comparison, our
MobileSAM2-23M reaches 21.8% average success rate, retaining competitive per-
formance and outperforming SAM2-TinyViT-21M on spatial reasoning tasks and
embodied Al tasks. These results demonstrate that MobileSAM?2 is an efficient
perceptual backbone for resource-constrained robot platforms, enabling practical
on-board deployment with minimal performance sacrifice.

5 Conclusion

This paper presents a new family of tiny and efficient video foundation models,
MobileSAM?2, distilled from large SAM2, using the proposed HyperKD. HyperKD
consists of Temporal HyperKD and Granularity HyperKD that construct hy-
pergraphs to explicitly model and extract the generalizable temporal knowledge
and the comprehensive multi-granularity knowledge from SAM?2 respectively,
facilitating the knowledge distillation from SAM2 to MobileSAM2 as well as
the model architecture searching of MobileSAM2. Extensive experiments on
multiple video segmentation datasets demonstrate that MobileSAM2 consistently
outperforms state-of-the-art techniques by clear margins.
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