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Abstract. Modern Video Object Segmentation (VOS) involves track-
ing and segmenting user-specified targets. While recent approaches have
achieved remarkable performance in single-target scenarios, extending
them to multi-target settings typically involves replicating the single-
target processing for each individual object, resulting in reduced frame
rates (FPS) with unbounded latency as target density scales. Built upon
Segment Anything 2 (SAM2), we propose SAM-MT, which addresses
this by transforming the model into an interactive framework for real-
time Multi-Target video segmentation. SAM-MT uses explicit queries
propagated and updated across frames to represent different individual
targets, in parallel with a shared representation for global context. It em-
ploys decoupled masked attention to keep individual identities distinct
from cross-target interference, and sparse memory for stable temporal
evolution, along with specialized strategies for occlusion handling and
overlap prevention. SAM-MT successfully decouples latency from the
number of targets, achieving real-time speed on par with single-target
baselines (>36 FPS for 10 targets) while maintaining SAM2’s robust
video segmentation performance.

Keywords: Multi-target video segmentation - Real-time segmentation

1 Introduction

Contemporary Video Object Segmentation (VOS) tracks and segments user-
specified objects in open-vocabulary environments, with applications spanning
in-the-wild navigation [44] and robotics [21]. Dominant approaches follow the
space-time-memory (STM) paradigm [37], exploiting heavy pixel-level represen-
tations stored in a dense memory to track and segment target and have achieved
state-of-the-art (SOTA) performance across VOS benchmarks [7}9,/11}/13,/15,/19]
37.139].
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Fig. 1: Comparison of video segmentation architectures: Single-target methods, imple-
mented via (a) fully independent encoding or (b) feature sharing, essentially rely on
object-wise processing, resulting in computational costs and latency that scale with
target count. In contrast, (¢) SAM-MT models global context with a shared repre-
sentation and individual targets with lightweight queries, achieving near-single-object
efficiency as target count increases while preserving SAM2’s segmentation performance.

While highly impressive, most of these approaches, including the powerful
SAM?2 |39] and its extensions [19,42,49], rely on object-wise memory and prop-
agation, making them tailored for single-target processing; therefore, handling
multiple targets requires repeating the same computations for every additional
instance, as illustrated in Figure[I[a). Even with some earlier attempts to share
frame-level image features, they still rely on independent object-wise processing
for mask decoding and memory encoding [7,9,/11] (Figure b)) Consequently,
such a straightforward extension results in a substantial rise in computational
cost as the number of targets increases, leading to degraded frame rates (FPS)
with unbounded latency. One possible workaround is to merge all targets into a
single trackable object. However, this approach discards individual target IDs,
and is therefore impractical for real-world applications. Furthermore, the merged
object often forms irregular shapes that standard VOS models, trained on real-
world objects, simply fail to recognize and track (see Section .

Meanwhile, real-world applications demand real-time tracking and segmen-
tation of multiple targets. For instance, a practical VOS system for autonomous
driving must 1) preserve individual target identities during propagation while
2) maintaining real-time speed, even in crowded scenes with dense vehicles and
pedestrians. These requirements highlight the need for a multi-target video seg-
mentation framework that could maintain near-single-object efficiency regardless
of target count, while faithfully preserving and updating individual identities dur-
ing propagation. Recent approaches, including SAM2, struggle to bridge this gap,
as their object-wise processing causes computation to grow with target count.

We therefore present SAM-MT to address this. As illustrated in Figure c),
SAM-MT extends the SAM2 architecture with a hybrid approach: it employs
a shared representation to model the global context of all targets, while intro-
ducing target queries in parallel for representing individual targets. To prevent
cross-target interference, we propose decoupled masked attention, which restricts
attention between queries of different targets, while ensuring their shared ac-
cess to the global context. For temporal evolution, a query-based sparse memory
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stores historical queries from individual targets across frames for per-target re-
identification. No extra mask decoders or memory encoders are required, allowing
SAM-MT to avoid redundant object-wise computation and maintain near-single-
object efficiency as the number of targets increases. For training, we adopt strided
frame sampling rather than adjacent frames to better handle occlusions under
GPU constraints. To further encourage instance-level separation, specialized su-
pervision is introduced to penalize overlaps between different targets.

Comprehensive experiments demonstrate that SAM-MT achieves strong per-
formance in real-world complex scenarios involving dense targets, frequent occlu-
sions, and long-term sequences. It also performs on par with SAM2.1-B+ across
six VOS benchmarks, including the challenging MOSEv2 [18| and the long-term
LVOSv2 [26]. Remarkably, SAM-MT maintains near-single-object efficiency as
target count increases, running at 36+ FPS in crowded scenes with 10 targets.
This presents an efficiency advantage over prior methods such as SAM2.1-B+,
whose frame rate drops sharply from 37 FPS for a single target to 17.8 and 12.4
FPS for 3 and 5 targets, respectively.

In summary, our contributions are summarized as follows:

— We present SAM-MT, an efficient framework for real-time interactive multi-
target video segmentation. By decoupling computational costs from target
count, SAM-MT achieves near-single-object efficiency as target number in-
creases, while maintaining SAM2’s robust video segmentation performance.

— We introduce target queries to represent individual targets and decoupled
masked attention to prevent cross-target interference while sharing global
context, thereby preserving target identities throughout the sequence.

— We introduce a lightweight query-based sparse memory to capture the tem-
poral evolution of individual targets, with strided sampling and overlap pre-
vention for enhanced robustness.

— SAM-MT achieves competitive video segmentation performance across six
challenging VOS benchmarks in the interactive setting, while achieving the
best efficiency across target densities. For 10 targets, it runs at a real-time
speed of 36+ FPS, a 6x speedup over SAM2.1-B+.

2 Related Works

The single-target bottleneck of VOS. The pioneering Space-Time Memory
(STM) paradigm is inherently designed for single-target VOS, tracking a specific
object by matching its dense pixel-level memory against query frames |37,/38.40]
43]. Extending such methods to multiple targets typically requires replicating the
single-object pipeline for each target, causing the computational burden to grow
with target count. To tackle this, subsequent methods like STCN [11], XMem [9],
and Cutie [7] reuse frame-level image features to share affinity computations,
but they still rely on independent mask decoding and memory encoding for
each object. Despite the success of SAM-family methods in video segmentation
[19,39], they still follow an object-wise processing paradigm, requiring the single-
object pipeline to be replicated for each target and thus making multi-target
streaming costly.
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Query-based Segmentation. Query-based transformers have become the
dominant architecture for image and video segmentation, with established ap-
proaches [5,(6l/164/171(2011221/28-30132434}/35,471/52//55] surpassing traditional CNN-
based baselines [3}[12}/23,36]. These methods typically use learnable queries that
cross-attend to pixel-level features to produce rich target representations [41],
followed by task-specific heads for mask prediction. Recent video segmenta-
tion methods propagate queries across frames, but these queries often lack ex-
plicit target identities, either serving as generic object slots |4] or foreground-
background representations [7]. In contrast, SAM-MT assigns each user-specified
target an ID-aware query for identity-consistent propagation across frames.

3 Methodology

3.1 Preliminaries: SAM2

SAM2 [39] extends the Segment Anything [30] paradigm to video by conditioning
current-frame features on a dense pixel-level memory. At frame ¢, the image
features F, € RIWXC are refined by cross-attending to the memory readout
Mdense,t c RTXHWXC:

Fy = softmax(F;Mopge 1) Maense,t + F. (1)

The mask decoder then generates masks from a set of queries Q = [G; P,
where G and P denote the global queries and encoded user prompts, respectively.
These queries are first updated via self-attention and then cross-attend to F, for
contextual refinement and mask prediction. The target is then encoded into a
dense pixel-level memory representation, typically with 4096 tokens, along with
a compact object pointer as an auxiliary object-level representation.

Since SAM2 maintains independent target representations and dense mem-
ories for each object, multi-target tracking thus requires replicated object-wise
propagation, causing latency and memory usage to grow with target count.

3.2 Overview of SAM-MT

SAM-MT is a real-time multi-target video segmentation framework, as shown
in Figure [2] It adopts point-based interactions, where clicks are associated with
target IDs to specify distinct objects.

The input points are encoded as queries and combined with SAM2’s global
queries in the decoder. To preserve individual target identities, we introduce
decoupled masked attention, which blocks cross-target interference while allowing
each target to interact with the global context. The resulting queries then cross-
attend to image features for pixel-level contextual refinement, following [39].

The refined point queries for each target are then consolidated into a unique
target query (one query per target), which is used for mask prediction and stored
in a unified first-in-first-out (FIFO) sparse memory shared across targets. For
subsequent frames, an identity transformer retrieves the target-specific histor-
ical queries from the sparse memory to update the propagated target queries,
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Fig. 2: Overview of SAM-MT. Our framework uses queries to represent individual tar-
gets, in parallel with a shared representation for global context. We introduce decoupled
masked attention to prevent cross-target interference while maintaining access to the
global context. A sparse memory stores historical queries of different targets, which
are processed by an identity transformer for robust per-frame target re-identification.
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which are then fed into the decoder to repeat the process, enabling consistent
segmentation across frames.

In the following, we detail the core components of SAM-MT: decoupled
masked attention, query-based sparse memory, and identity transformer. For
intra-frame modules, temporal subscripts ¢ are omitted for brevity. We do not
claim novelty for modules inherited from SAM?2.

3.3 Scalable Target Queries

Existing query-based video segmentation methods typically allocate a fixed num-
ber of generic queries (e.g., 16 in |7]), making them difficult to scale to real-world
scenes with arbitrary numbers of user-specified targets. As illustrated in Fig-
ure 2 SAM-MT adopts a scalable design that assigns explicit target queries to
user-specified targets, naturally accommodating varying target counts.

3.4 Decoupled Masked Attention

To prevent cross-target interference, we introduce a decoupled masked attention
strategy within the self-attention blocks of the decoder. Let G € RNo*® denote
the global queries, Q, € RN« *¢ denote the queries of target ¢, and k denote the
number of targets, we concatenate all queries as Q = [G; Q1;...; Qi) € RVXC,
where N = N, + Zl;:l Ng. Here, N, is the number of user-provided clicks for
target ¢ in the initial frame, and simplifies to N, = 1 for all subsequent frames
as each target is represented by a single target query (see Section . The
decoupled masked attention with residual connection is then computed as:

Q' = softmax(QK " + M)V + Q, (2)
where M € RVN*N denotes the attention mask with entries:
0 if i € [1, Ng] and j € [1, N],
0 if i € [1, N] and j € [1, Ng],
0 if i,5 € Rng(q), forqe{1,...,k},

—oo otherwise,

Mij =
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Fig. 3: Visualization of decoupled masked attention. Left (Initial frame): An arbitrary
number of queries per target (e.g., 3, 1, 2, and 2 for targets A-D) are mutually isolated
while sharing the global context. Right (Subsequent frames): Propagated target queries
(one query per target) follow the same masking rule.
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with Rng(q) defined as the index range of queries for target ¢:

q—1 q
Rng(q)—{NngZNTqu,...,NngZNT}. (4)
r=1 r=1

The resulting Q' aggregates the updated global and individual contexts, from
which @ is extracted for target ¢ via Rng(q). Figure [3| illustrates the effect of
decoupled masked attention in both initial and subsequent frames: interference
between queries of different targets is blocked, while all target queries share
access to the global context. Following this, all queries cross-attend to the image
features F} as in SAM2 , extracting pixel-level context for mask prediction.

3.5 Query Consolidation (Initial Frame)

For each target g, users may provide an arbitrary number of IV, points in the
initial frame. These points are processed by the decoder into Q; € RNaxC a5
described in Section To obtain a compact representation for the target, we
apply a lightweight MLP-based weighting head fyeight to compute the impor-
tance w, € RN« of each of its points, aggregating Qy € RNaXC into a single
query Qq € R'™%, denoted as the target query:

Nq
Wq,i = SOftmaX(fweight(Q;,i))v Qq = Z Wq,i * Q:z,i' (5)
i=1

This process is performed only in the initial frame, producing a unique target
query for each target ¢q. For subsequent frames, since each target is represented
by its target query that is propagated and updated frame by frame, consolidation
is no longer needed and we simply have Qq = sz.

3.6 Query-based Sparse Memory

As SAM2 relies on dense pixel-level memory Mdense,t € RTXHWXC " quplicating
such memory for each target is computationally prohibitive. To maintain real-
time efficiency, SAM-MT uses dense memory only for the combined mask of all
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targets to capture global context. In parallel, we introduce a query-based sparse
memory to model the temporal evolution of individual targets.

Formally, let qut € R denote the updated query for target q at frame t.
We aggregate the queries of all k targets into Qt = [Ql,m ceey th} € R¥*¢ and
update the FIFO sparse memory Msparse,t, Which maintains historical queries
over a temporal window size of T' frames, including the initial frame and the
T — 1 most recent frames:

Msparse,t = [Qta Qtflv sy QthJrQa QO] € RT'ICXC' (6)

The sparse memory reduces the frame-level per-target storage cost from HW
dense tokens to one target-query token, thus enabling a much longer temporal
window that could improve robustness to target occlusions and reappearances.

3.7 Identity Transformer

To maintain identity consistency across frames, we use an identity transformer
to update target queries with their corresponding historical queries from the
sparse memory. Specifically, at frame ¢, the target queries from the previous
frame Qt,l € RFXC cross-attend to the sparse memory Mparse,t—1 € RTkxC,
To prevent cross-target interference, an identity-aware mask M is applied within
the update:

Qt = SOftmaX(QtflMsI)arse’tfl + M)Msparse,tfl + Qtfla (7>

where the mask M € R¥*(T'F) engures that each target query only attends to

its own history:

~ 0 if j € £2
{ j (2] (8)

M; ;=
J .
’ —oo otherwise,

with 2, ={i+7-k |0 <7 <T — 1} denoting the indices of historical queries
for target i.

By restricting each target to its own history, this design preserves identity
consistency across frames and mitigates potential identity drift.

4 Experimental Setup

4.1 Implementation Details

Training Setup. We initialize SAM-MT from the pre-trained SAM2.1-B+ [39]
checkpoint and train it on 8 NVIDIA A6000 GPUs. Following [39], we use a
learning rate of 3x 10~ for the image encoder and 5x 10~ for other components.
Training strategies are detailed in Section

Training Data. We train SAM-MT on a filtered subset of the SA-V training
set [39], retaining sequences with at least three concurrent targets (= 35% of the
original SA-V training set) to encourage robust multi-target handling.
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4.2 Training Strategies

Training Scheme. We employ a two-stage training scheme. Stage I focuses
on static image-level training to ensure high-quality one-shot multi-target im-
age segmentation from clicks. Stage II extends the training to video sequences,
encouraging temporal identity consistency across frames.

Strided Sampling. We sample 8 frames per sequence by combining consecutive
sampling and 4-frame strided sampling (spanning a window of 32 frames). This
enables the model to capture both short-term motion and long-term dynamics,
such as occlusion and reappearance, under GPU memory constraints.

Point Sampling. To simulate realistic user interactions, we randomly sample
1-5 positive and 0-2 negative points per target in the initial frame of each se-
quence. We use a combination of grid-based sampling and random sampling to
improve spatial coverage.

Overlap Prevention. To reduce spatial ambiguity and encourage each pixel
only belongs to one object, we penalize mask overlaps between targets. Let P; €
[0, 1]7>W be the predicted probability map for target i, we define its overlap loss
to encourage mutually exclusive predictions and alleviate pixel-level ambiguity:

Lovii =Mean [P; 0 P; |. (9)
i

Loss Designs. The overall loss for SAM-MT consists of two parts: supervision
for individual masks £ and supervision for the global mask L. For k individual
targets, we apply Focal and Dice losses together with the overlap loss to reduce
identity ambiguity. For the global mask, we follow SAM2 [39] and use Focal,
Dice, IoU, and object score losses. Loss weights are omitted for brevity:

k
1
L= % ;(ﬁfocal,i + Edice,i + LOUU)’ (10)
£G = ‘Cfocal + Edice + ‘Ciou + EObj’ (11)

»Ctotal = EI + ['G' (12)

This dual-level supervision encourages coherent global segmentation while
improving the accuracy of individual target masks.

4.3 Benchmarks and Metrics

To evaluate SAM-MT’s performance in complex real-world scenarios, we con-
duct quantitative evaluations on six challenging VOS benchmarks, including the
validation splits of MOSEv2 [18], MOSEv1 |14], LVOSv2 [26], LVOSv1 |25], as
well as SA-V val [39] and SA-V test [39]. Specifically, MOSE provides chal-
lenging cases such as frequent occlusions, rapid motion, low-light environments,
and crowded scenes with inconspicuous targets, while LVOS focuses on long-
term temporal consistency with object disappearances and reappearances. SA-V
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Table 1: Quantitative comparisons on VOS benchmarks. The best and second-best

performances are marked in 'red and orange . “~’: unavailable due to out-of-memory.

. MOSEv2-val MOSEv1-val LVOSv2-val LVOSvl-val
Method Initialization

J&F J  F F J&F J&F J  F J&F J F J&F J F

STCN [11] mask  29.7 289 305 314 302 50.8 46.6 550 653 616 68.9 458 411 505
AOT-L [50] mask 302 29.0 314 329 31.0 57.2 53.1 613 639 60.0 67.8 594 53.6 652
R50-AOT [50] mask 349 331 366 389 360 585 544 62.6 - -
SwinB-AOT |50 mask 342 324 360 384 354 602 56.2 64.1 - -
DeAOT-L [51] mask  32.6 30.7 345 37.2 33.9 594 551 638 670 624 71.6 582 516 64.9
R50-DeAOT [51] mask  31.6 29.7 335 36.1 329 59.0 547 634 714 67.8 751 647 59.1 70.3
SwinB-DeAOT [51]  mask 367 349 386 41.0 37.9 61.7 57.6 659 726 69.0 762 62.6 57.4 67.8
RDE [33] mask  32.0 30.7 33.3 350 32.8 488 446 529 61.5 580 650 529 47.7 58.1
XMem [9)] mask 363 347 37.9 400 374 57.6 53.3 62.0 647 G618 67.6 50.0 455 544
XMem-+ [2 mask 342 325 359 37.9 352 56.0 515 60.6 G615 58.6 64.3 428 386 47.0
DEVA [g] mask 383 36.6 40.0 42.2 394 60.0 55.8 64.3 724 68.7 76.1 559 511 60.7
Cutie-base |7 mask  42.8 41.1 44.4 46.8 43.9 [68.3 642 [723 701 66.7 735 660 61.3 706
SAM2.1-B+ [39] click 411 394 428 454 424 651 60.7 69.5 746 70.9 783 713 665 76.1

SAM-MT (Ours) click 43.0 414 445 471 442 682 644 720 76.6 73.3 80.0 73.6 69.0 783

presents additional challenges in heavy occlusion and part-level object modeling.
Following [7,[18,139], we report J&F for all benchmarks with additional J&F
for MOSEv2. For multi-target scalability analysis, we report Frames Per Sec-
ond (FPS) to measure computational efficiency with respect to the number of
targets, and VRAM to quantify GPU memory consumption.

4.4 Initialization

For a fair comparison, both SAM-MT and SAM2 are initialized with the same
clicks, specifically two positive clicks per target in the initial frame of each se-
quence. In contrast, all other baselines are initialized with corresponding ground-
truth masks, providing stronger initialization than our interactive setting.

5 Experiments

5.1 Quantitative Evaluation

As shown in Table[I} SAM-MT achieves strong video segmentation performance
across VOS benchmarks in a zero-shot manner. Notably, on the challenging MO-
SEv2, SAM-MT reaches 43.0 J&F, improving over previous SOTA baselines
including SAM2.1-B+ and Cutie. The gains are more pronounced in long-term
scenarios, where SAM-MT surpasses SAM2.1-B+ by 2.0 and 2.3 points in J&F
on LVOSv2 and LVOSv1, respectively. Table 2] further shows SAM-MT’s robust-
ness on SA-V val/test, achieving competitive J&F on both splits.

5.2 Multi-target Scalability Analysis

Benchmark and Baselines. Existing VOS datasets are dominated by single-
target sequences (e.g., 79% in MOSEv2-val). We therefore construct a synthetic
benchmark by selecting multi-target sequences from those datasets to assess
multi-target scalability under varying numbers of targets. Specifically, the bench-
mark contains 20 sequences, corresponding to target counts from 1 to 20, with
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Table 2: Quantitative comparisons on SA-V validation and test splits. The best and
second-best performances are marked in red and orange .

SA-V val SA-V test
J&F T F J&F J F

SwinB-AOT mask 51.1 46.4 55.7 50.3 46.0 54.6
SwinB-DeAOT mask 61.4 56.6 66.2 61.8 57.2 66.3

Method Initialization

RDE mask 51.8 48.4 55.2 53.9 50.5 57.3
XMem [9] mask 60.1 56.3 63.9 62.3 58.9 65.8
DEVA E mask 55.4 51.5 59.2 56.2 52.4 60.1
Cutie-base mask 60.7 57.7 63.7 62.7 59.7 65.7
SAM2.1-B+ click 65.6 62.0 69.3 66.1 62.4 69.8
SAM-MT click 66.1 62.9 69.4 66.4 63.0 69.8

Fig. 4: Example videos from the multi-target synthetic benchmark (initial frames).

each sequence padded or truncated to 100 frames. Example sequences are shown
in Figure [l We compare SAM-MT with SAM2.1-B+ [39], Cutie [7], as well as
DeAOT [51], a representative VOS method that also aims to decouple latency
from target count. For a fair comparison, SAM2.1-B+ is evaluated with its offi-
cial multi-target setting, including batch-wise target concatenation and feature
reuse, where image features are computed once and shared across targets for
acceleration. Cutie and DeAOT include these optimizations by design. All ex-
periments are conducted on a single NVIDIA A6000 GPU with 48GB VRAM.
FPS Comparison. As shown in Table "
and Figure [f] SAM-MT largely decou- AN —
ples latency from target count, maintain- 2
ing near-single-object efficiency as target £
density scales. It achieves the highest FPS

across all target counts, despite processing b (R
higher-resolution inputs (1024p) than many 0 1535“?*‘“3 S —
baselines (480p) In contrast, SAMQI—B+ Number of Targets

and Cutie suffer significant FPS degrada- Fig.5: FPS comparison on the syn-
tion as the number of targets increases; for thetic benchmark.

example, SAM2.1-B+ drops from 37.2 FPS (1 target) to 17.8 FPS (3 targets).
Although DeAOT-L and SwinB-DeAOT maintain stable processing speeds for
up to 10 targets, their speeds drop sharply beyond this point, and their overall
frame rates remain substantially lower than ours.

VRAM Comparison. Table [ compares VRAM usage under different tar-
get counts. SAM-MT keeps memory consumption nearly stable as target count
increases, rising only from 3094 MB (1 target) to 3785 MB (20 targets). In con-
trast, SAM2.1-B+ grows substantially from 3043 MB to 8585 MB, showing the
memory efficiency of our design in dense multi-target scenes.

FPS Comparison on VOS Benchmarks. Table [5| reports FPS on standard
VOS benchmarks under different target densities. Although these VOS bench-
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Table 3: FPS comparison on the synthetic benchmark.

FPS vs. Number of Targets

Method Res.

1 2 3 5 7 9 11 15 20
DeAOT-L |51 1.3 x480p 24.7 24.7 24.7 24.2 242 24.1 14.1 14.0 13.7
SwinB-DeAOT [51] 1.3 x 480p 12.9 129 129 12.7 127 127 9.2 9.1 9.0
Cutie-base |7| 480p 31.2 31.1 304 274 234 21.8 20.6 184 15.0
Cutie-base |7| 1024p 20.3 175 14.7 132 11.2 94 89 7.3 6.3
SAM2.1-B+ [39] 1024p 37.2 229 17.8 124 9.5 7.8 6.5 4.9 3.7
SAM-MT 1024p 37.2 36.8 36.8 36.5 36.4 36.3 36.0 35.7 35.4

Table 4: VRAM (MB) comparison on the synthetic benchmark.

Method / Target Num.‘ 1 3 5 7 9 11 13 15 17 20

SAM2.1-B+ 3043 3356 3702 4089 4387 4529 4873 5436 6831 8585
SAM-MT 3094 3247 3312 3357 3430 3491 3548 3627 3719 3785

Table 5: FPS comparison on VOS benchmarks. “All”: entire validation set; “>2": subset
containing sequences with > 2 concurrent targets, etc.

Method Res. MOSEv2 MOSEv1 LVOSv2 LVOSvl

All >2 >3 >5 All >2 >3 >5 All >2 All >2

DeAOT-L |51] 1.3 X 480p 22.9 21.5 21.4 21.1 29.7 29.0 28.9 28.5 9.5 9.5 7.2 6.5
SwinB-DeAOT [51] 1.3 x 480p 12.7 12.7 12.6 12.3 15.8 15.8 15.6 14.6 6.9 6.7 5.6 4.9
Cutie-base |7] 480p 44.3 41.0 37.9 34.8 42.7 35.9 34.6 27.7 43.4 41.9 44.8 39.6
Cutie-base |7] 1024p 21.3 16.4 14.1 10.2 21.9 15.6 12.6 10.0 19.3 15.2 21.1 16.2
SAM2.1-B+ |39] 1024p  32.1 21.3 17.3 11.5 30.5 19.0 14.5 10.8 32.0 25.6 32.2 22.1
SAM-MT 1024p 36.9 36.2 36.1 35.8 39.2 37.1 36.6 36.1 36.5 35.6 36.7 36.0

marks are dominated by single-target sequences, SAM-MT consistently main-
tains real-time speed with only minor degradation as target count increases (e.g.,
36.9—35.8 FPS on MOSEv2 for > 5 targets). In contrast, SAM2.1-B+ degrades
sharply from 32.1 to 11.5 FPS under the same setting, and Cutie shows a similar
trend. While DeAOT remains relatively stable, its overall FPS is much lower.

5.3 Qualitative Evaluation

Highly Dense Scenarios. We evaluate SAM-MT in highly dense multi-target
scenarios. As illustrated in Figure [6], SAM-MT achieves precise and consistent
video segmentation in complex scenes such as a football match (top, 12 targets),
a K-pop dance (middle, 10 targets) and a busy highway (bottom, 10 targets),
demonstrating its robustness in maintaining and updating distinct identities
within highly cluttered environments.

Identity-Ambiguous Scenarios. SAM-MT combines global context and in-
dividual identities through decoupled masked attention, while SAM2 processes
each target in isolation and may be affected by surrounding distractors. As shown
in Figure |7} in crowded scenes with visually similar objects (e.g., pandas, vehi-
cles, billiards, and penguins), SAM2.1-B+ tracks well initially but later suffers
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Fig. 6: Qualitative results of SAM-MT in highly dense scenarios (> 10 targets). Our
method achieves precise tracking and segmentation for all targets while maintaining
real-time, near-single-object processing speed.

Frames SAM-MT SAM2 Frames

SAM2

SAM-MT

Fig. 7: Qualitative comparisons in identity-ambiguous scenarios with multiple visu-
ally similar targets. SAM-MT maintains robust temporal identity consistency, whereas
SAM2 often suffers from tracking loss or identity swaps.

from either tracking loss or identity drift. In contrast, SAM-MT resolves these
ambiguities and maintains consistent identities for all targets throughout.
Merging Targets into a Single Mask in SAM2. For VOS models opti-
mized for single-target propagation, such as SAM2, a simple workaround for
maintaining real-time single-object efficiency under multiple targets is to merge
all targets into a unified mask. However, this not only discards individual IDs but
also forms an unnatural shape, making the “target” difficult to track. As shown
in Figure [8] merging three cars into one fails to form a meaningful object and
thus leads to complete tracking loss. In contrast, SAM-MT tracks and segments
individual targets accurately at real-time, near-single-object speed.
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SAM2

SAM-MT

Fig. 8: To maintain a single-object efficiency budget, attempting to track the merged
target causes SAM2 to easily lose track. In contrast, SAM-MT precisely tracks and
segments individual targets with well-preserved IDs under the same efficiency budget.

Table 6: Ablation on Masked Attn. Strategies. Table 7: Ablation on Identity Transformer.

Strategy J&F 7 F Fps Strategy Depth J&F J F FPS
w/o Masking 3 39.1 37.4 40.7 37.1

(a) Full Visibility 37.5 35.8 39.1 37.1
(b) Full Masking 39.3 37.7 40.8 36.9

1 41.9 40.3 43.4 37.2
w/ Masking 3 43.0 41.4 445 36.9

(c) Decoupled 43.0 41.4 44.5 36.9 5 43.3 41.6 45.0 36.4
Table 8: Ablation on Window Size. Table 9: Ablation on Training Strategies.
Window : : Image Strided ~ Overlap :
Size T&F J 7 FPS Pretrain Sampling Loss T&F
(a) 8 42.4  40.8 44.0 37.1 (a) v v 40.3
(b) 12 42.6  41.0 442 37.1 (b) v v 41.7
(c) 16 43.0 414 445 36.9 (c) v v 42.5
(d) 32 43.1 41.6 44.6 36.6 (d) v v v 43.0

5.4 Ablation Studies

We conduct ablation studies on the MOSEv2 validation set . Following ,
we report J&F for segmentation accuracy and FPS for multi-target scalability
when applicable. For a fair comparison, all ablation variants are trained with
the same protocols described in Sections [£.1] {:2] and [£.4]

Ablation on Masked Attention Strategies. We compare decoupled masked
attention with two alternatives: (a) Full Visibility, where all target queries freely
interact with each other, and (b) Full Masking, where global queries are com-
pletely isolated from target queries. As shown in Table El(a), allowing unrestricted
query interactions causes target queries to lose their identity specificity, leading
to a 5.5-point drop in J&F from 43.0 to 37.5. In contrast, Table |§|(b) shows that
isolating global context from target queries weakens global-individual informa-
tion exchange, resulting in a 3.7-point decrease in J&F. These results validate
the rationale behind our decoupled design, which preserves target-specific iden-
tities while enabling effective interactions with global context.

Ablation on Identity Transformer. Table [7] evaluates the identity-aware
mask and transformer depth. Without the mask, each query attends to historical
queries from all targets, causing cross-target memory pollution and a 3.9-point
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Fig. 9: Left: Strided sampling improves robustness to target reappearance. Right: Over-
lap prevention reduces pixel-level identity ambiguity in dense scenes.

Correction click [ 1%

Fig. 10: SAM-MT supports target recovery at any frame via simple click(s). (Zoom in
for better view)
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drop in J&F. Meanwhile, adding more transformer blocks improves accuracy
but lowers FPS. We choose 3 blocks to balance speed and accuracy.

Ablation on Window Size of Sparse Memory. Table[8|evaluates the sparse-
memory window size, where our lightweight queries enable SAM-MT to use a
longer memory window than SAM2. As shown, increasing the window size from
8 to 32 improves J&F by 0.7 points, but reduces FPS by 0.5 due to extra
computation. We set window size to 16 for a better accuracy-speed trade-off.
Ablation on Training Strategies. Table [J evaluates the training strate-
gies. (a) Removing static image pretraining results in a 2.7-point drop in J &F,
showing the necessity of image-level pretraining for one-shot multi-target image
segmentation. (b) Without strided sampling (i.e., only using adjacent frames as
in SAM2 . J&F decreases by 1.3 points; as shown in Figure El (left), this
often causes identity loss upon target reappearance. (c) As shown in Figure
(right), overlap prevention alleviates mask conflicts in dense scenes (e.g., a group
of moving sheep), ensuring clearer separation of individual targets.

5.5 Discussions

Target Recovery. SAM-MT allows users to recover tracking loss at any in-
termediate frame by providing click(s). As shown in Figure three capybaras
disappear in frame 2&3. Upon their reappearance in frame 4, one of them is lost
from the track (top). In this case, a single click can recover the lost target for
subsequent tracking and segmentation (bottom).

Limitations. To the best of our knowledge, SAM-MT is the first work to tackle
the SAM family’s multi-target bottleneck at the framework level, achieving near-
single-object efficiency with competitive video segmentation accuracy. However,
as it inherits SAM’s vision-only architecture, it lacks the reasoning capability
required for complex high-level tasks. Extending it with multimodal or reasoning

is a promising future direction.
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6 Conclusion

We present SAM-MT, the first framework to tackle the multi-target bottleneck
of the SAM family for real-time interactive video segmentation. SAM-MT repre-
sents individual targets using lightweight queries in parallel with shared global
context, enabling near-single-object efficiency as the number of targets increases.
Extensive experiments show that SAM-MT preserves SAM2’s strong segmenta-
tion performance across VOS benchmarks, while achieving real-time speed and
robust performance in dense in-the-wild scenarios. We hope SAM-MT represents
a solid step toward real-time interactive multi-target video segmentation.
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