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Abstract

Open-vocabulary multi-object tracking (OV-MOT) aims to
track objects with unseen categories beyond the training set.
While existing methods rely on pseudo video sequences syn-
thesized from static images, they struggle to model realistic
motion patterns, resulting in limited association performance
in real-world scenarios. To alleviate these issues, we pro-
pose SAM2-OV, a novel association learning-free OV-MOT
method that adopts a detection-only tuning paradigm, elimi-
nating the need for synthetic sequences or spatiotemporal su-
pervision and substantially reducing the overall learnable pa-
rameters. The core of our method is a Unified Detection Mod-
ule (UDM), which effectively provides object-level prompts
to enable SAM2 for OV-MOT. Enabled by UDM, SAM2-OV
is the first to integrate SAM2 for OV-MOT, fully unleashing
its zero-shot cross-frame association ability. To further en-
hance object association under occlusion and abrupt motion,
we introduce a Motion Prior Assistance Module (MPAM)
that incorporates motion cues into the mask selection pro-
cess. In addition, a Semantic Enhancement Adapter (SEA)
distilled from CLIP is used to improve classification general-
ization. A sparse prompting strategy is also adopted to reduce
computational redundancy by triggering detection only on se-
lected keyframes. As only the detection module is tuned on
static images, the overall training process remains simple and
efficient. Experiments on the TAO dataset demonstrate that
SAM2-OV achieves state-of-the-art performance under the
TETA metric, particularly on novel categories. Evaluations
on the KITTI dataset show the strong zero-shot cross-domain
transferability of our SAM2-OV.

Code — https://github.com/kaiycv/SAM2-OV.git.

Introduction
Multi-Object Tracking (MOT) is a fundamental task in com-
puter vision, with broad applications in autonomous driv-
ing (Wu et al. 2021; Wu, Wan, and Chan 2021), video
surveillance (Yi et al. 2024), and human–computer interac-
tion (Zhuang et al. 2025; Li et al. 2025a). It involves con-
tinuously tracking multiple objects across video sequences,
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Figure 1: Comparison of learnable parameters and perfor-
mance of OV-MOT methods on the TAO validation set. The
horizontal axis indicates learnable parameters, the vertical
axis shows TETA, and circle size reflects AssocA. SAM2-
OV achieves superior performance with fewer parameters.

requiring both accurate recognition and consistent identity
association. Most existing MOT methods (Tang et al. 2024;
Luo et al. 2024) are trained on closed-set datasets with lim-
ited object categories, which severely hinders their ability to
generalize to open-world scenarios with novel object cate-
gories during the testing stage.

To bridge the gap between traditional MOT methods
and real-world applications, Open-Vocabulary Multi-Object
Tracking (OV-MOT) has been proposed, aiming to lift cate-
gory constraints and enable continuous tracking of arbitrary
objects. Most existing OV-MOT methods follow the sepa-
rate detection and association learning paradigm (Li et al.
2023, 2024c), as illustrated in Figure 2a, and largely bene-
fit from advances in open-vocabulary detection (OVD) (Du
et al. 2022; Lin et al. 2022; Zhou et al. 2022; Fang, Pang,
and Bai 2024; Ma et al. 2025).

For the joint detection and association learning paradigm,
as illustrated in Figure 2b, the representative method is
OVTR (Li et al. 2025b). Despite significant advances in
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Figure 2: Comparison of three different OV-MOT
paradigms: (a) illustrates the separate detection and
association learning paradigm, matching detector-generated
proposals using appearance and auxiliary cues. (b) shows
the joint detection and association learning paradigm
without explicitly modeling visual matching. (c) presents
our detection-only tuning paradigm, which decouples
association from supervision and presents a simplified
learning paradigm.

these approaches, several key challenges remain unresolved:
(1) Due to the tight coupling between location, classifica-
tion, and association, most methods (Li et al. 2023, 2025b)
adopt diffusion models to synthesize pseudo sequences from
static images for joint training, but the generated frames fail
to reflect real-world motion patterns, leading to suboptimal
association performance. (2) Numerous proposals are re-
quired per frame to align with text, causing significant com-
putational redundancy and higher costs in OV modeling.

To address the aforementioned challenges, we propose
SAM2-OV, a novel open-vocabulary tracking method (Fig-
ure 2c) that adopts a detection-only tuning paradigm, elimi-
nating the need for complex association learning. We lever-
age SAM2 (Ravi et al. 2024), a zero-shot video segmenta-
tion model with memory-based association, as the identity
association module to decouple tracking from supervision.
However, SAM2 is originally designed for general video ob-
ject segmentation and directly applying SAM2 to OV-MOT
is non-trivial, as it relies on human interaction for prompting
and lacks the ability to autonomously localize and classify
instance under open-vocabulary settings. To bridge this gap,
we introduce a Unified Detection Module (UDM), which
performs novel object detection and generates instance-level
prompts to guide SAM2 for effective OV association. En-
abled by UDM, SAM2-OV is the first to adapt SAM2 for
OV-MOT to our knowledge, fully unleashing its zero-shot
association potential in open-world scenarios.

Unlike previous methods (Gao and Wang 2023; Zhang
et al. 2022; Li et al. 2023, 2025b) that rely on per-frame
detection or dense proposal generation, SAM2-OV adopts a
streamlined approach to unify detection and tracking. We in-
troduce a lightweight Unified Detection Module (UDM) for
generating bounding-box prompts on keyframes and assign-
ing category and identity labels. To enhance classification
generalization, a Semantic Enhancement Adapter (SEA) is
integrated into UDM, aligning SAM2’s multiscale features
with general-purpose visual embeddings through distilla-
tion. To address SAM2’s lack of motion modeling, the Mo-
tion Prior Assistance Module (MPAM) is introduced, in-
corporating motion priors to improve mask selection un-

der occlusion and abrupt motion. As shown in Figure 1,
our method achieves top open-vocabulary performance and
stable tracking with minimal parameters for OV modeling.
Additionally, a sparse detection strategy detects only on
keyframes, propagating masks to intermediate frames via
prompt-based association, reducing computational cost. Our
main contributions are summarized as follows:

• We propose SAM2-OV, a detection-only tuning approach
that eliminates complex association learning in OV-
MOT, enabling stable long-term tracking across diverse
categories with reduced reliance on per-frame detection.

• We propose a UDM for adaptive prompt generation
to enable SAM2 for OV-MOT, and introduce SEA to
enhance semantic generalization. Enabled by UDM,
SAM2-OV is the first to explore SAM2 for OV-MOT,
fully unleashing its zero-shot object association ability.

• We introduce MPAM that incorporates motion cues into
the mask selection process of SAM2, enhancing temporal
consistency and enabling more reliable identity associa-
tion in complex dynamic scenarios.

• We evaluate SAM2-OV on the TAO and KITTI datasets,
setting new state-of-the-art results on TAO. Specifically,
our method outperforms SLAcK by 21.9% and 21.0%
in TETA on the TAO validation and test sets for novel
categories, respectively. It also surpasses OVTR by 9.3%
in MOTA under zero-shot transfer on KITTI.

Related Work
Traditional MOT
Traditional multi-object tracking is mainly categorized
into Tracking-by-Detection and joint detection–association
frameworks. The former detects instances per frame and
links them through matching strategies, as in SORT (Bewley
et al. 2016), DeepSORT (Wojke et al. 2017), and OC-SORT
(Cao et al. 2023). The latter jointly handles detection and
identity association, represented by FairMOT (Zhang et al.
2021) and transformer-based MOTR (Carion et al. 2020).
With the introduction of SAM2 (Ravi et al. 2024), recent
works (Jiang et al. 2025; Vo et al. 2025; Videnovic, Lukezic,
and Kristan 2025; Zeng, Huang, and Pei 2025; Ma et al.
2024; Song et al. 2025; Meinhardt et al. 2022) explore lever-
aging its cross-frame correspondence capabilities. However,
these methods typically assume closed-set categories and
struggle with unseen classes. To overcome this limitation,
we introduce UDM, an open-vocabulary detection module
that converts text descriptions into box prompts, enabling
SAM2 to track instances beyond predefined categories.

Open-Vocabulary MOT
Open-vocabulary MOT seeks to track arbitrary categories
through image-text alignment. OVTrack (Li et al. 2023)
first establishes this task with CLIP-based localization and a
track head. MASA (Li et al. 2024b) integrates SAM to pro-
vide unified segmentation-tracking, while SLAck (Li et al.
2024c) enhances association with semantic and spatial cues.
OVTR (Li et al. 2025b) is the first end-to-end pipeline incor-
porating text features into transformer-based decoding.
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Figure 3: Overview of SAM2-OV. The top part shows the long-term tracking module, which combines SAM2’s native compo-
nents with MPAM, while the bottom part illustrates the detection module (UDM). UDM performs sparse detection on keyframes
using SAM2 image features and CLIP text features to generate prompts with identity and category labels, which guide the long-
term tracker for continued association. The entire framework follows a detection-only training paradigm.

Despite recent progress, many existing OV-MOT ap-
proaches (Li et al. 2024a; Liu et al. 2022) train association
from pseudo-temporal sequences synthesized from static
images, which limits their applicability in real-world dy-
namics. In contrast, our method employs a detection-only
paradigm: it requires no explicit association training yet still
maintains consistent identities across frames, offering im-
proved robustness in complex scenarios.

Methodology
In this section, we first revisit existing OV-MOT learning
paradigms and the paradigm our method builds upon, fol-
lowed by an introduction to our overall framework, key com-
ponents, and the training and inference strategies.

Preliminary
Revisit of previous OV-MOT paradigms. Most OV-MOT
methods adopt a joint training paradigm that couples de-
tection, classification, and association. Some leverage open-
vocabulary detectors for per-frame recognition and match
identities via appearance or semantics. Others directly pre-
dict detection and association without explicit matching.
To simulate temporal context, they build pseudo video se-
quences Spseudo via diffusion augmentation from static im-
ages, and jointly train detection and association modules
D∗, A∗ with the loss Loverall obtained by using the learning
objective function F :

Loverall = F(Spseudo, D
∗, A∗). (1)

However, such paradigms incur high computational cost and
suffer from domain gaps due to unrealistic motion, limiting
real-world association performance.
Our detection-only tuning paradigm. To address the lim-
itation of pseudo video sequences, we propose a detection-
only tuning paradigm, eliminating the need for complex as-
sociation learning with pseudo videos. Our paradigm allows
the association module A to remain fixed and only trains the
detection module D∗ on static images Istatic:

Loverall = F(Istatic, D
∗, A). (2)

This decoupled training design avoids domain gaps and sim-
plifies the pipeline while retaining robust identity tracking.

Overview
The overall pipeline of SAM2-OV is shown in Figure 3,
consisting of two key modules: the SAM2-based associ-
ation module and our Unified Detection Module (UDM).
UDM predicts boxes, categories, and IDs to prompt SAM2’s
instance-aware processing for open-vocabulary tracking.
SAM2-OV removes complex association learning by rely-
ing on SAM2’s zero-shot cross-frame matching and training
only the detection module. The following sections describe
the proposed components and the training/inference setup.

Unified Detection Module
Pipeline. Given a key frame, UDM identifies novel-category
objects by processing multi-scale features F extracted from

3085



Image
Encoder

SEA

SEA

SEA
1
SF

2
SF

3
SF

3
SE
2
SE

1
SE

1
SR

2
SR

3
SR

1
disL

2
disL

3
disL

ResNet50

Figure 4: Overview of the proposed SEA distillation process
designed to enhance open-vocabulary classification.

the SAM2 backbone. These features are first semantically
enriched by SEA to enhance open-vocabulary recognition,
and then refined through a cross-attention module that aligns
visual and textual information, yielding Fvis and Ftxt. To fo-
cus on the most semantically relevant content, the Language-
Guided Query Selection module selects high-affinity tokens
between Fvis and Ftxt as input queries for the decoder. The
decoder produces visual embeddings for bounding box re-
gression and semantic embeddings for contrastive classifi-
cation. The resulting boxes are used to prompt SAM2 for
instance tracking, while the classification outputs assign cat-
egory labels to each trajectory.
Architecture. To implement this process, UDM adopts
a DETR-like (Zhu et al. 2020) encoder-decoder architec-
ture that processes multi-scale features in a hierarchical
manner. It jointly performs object localization and clas-
sification through query-based interaction guided by text-
informed queries, enabling open-vocabulary generalization.
Since the SAM2 backbone lacks strong semantic discrim-
inability, we incorporate lightweight SEA modules at each
scale to project features into a more classification-oriented
space. Formally, let F = {F 1

s , F
2
s , . . . , F

L
s } be the ex-

tracted multi-scale features of the SAM2’s backbone, where
F l
s ∈ RCl×Hl×Wl represents the feature map at the l-th

scale. For each scale-specific feature map F l
s, we introduce

a corresponding adapter module SEA(·) that transforms it
into a new feature space:

El
s = SEAl(F

l
s) = BN(Conv1×1(F

l
s) + ϕ(F l

s)), (3)

where Conv1×1(·) is a channel mapping, ϕ(·) is a resid-
ual projection, and BN(·) denotes Batch Normalization. The
resulting El

s provides adapted features for category-aware
classification and is further refined through the distillation
loss defined in Eq. 7.

For the detection module, we adopt an encoder-decoder
architecture inspired by Grounding DINO (Liu et al. 2024)
to strengthen semantic interaction between visual and tex-
tual modalities. The encoder leverages a bidirectional en-
hancement mechanism between image and text features,
which improves the semantic alignment of visual represen-
tations and enhances the model’s ability to perceive open-
vocabulary concepts. Formally, let the text input be a se-
quence of features T ∈ RN×d extracted by CLIP’s text en-
coder, where N is the number of tokens and d is the feature
dimension. The visual input consists of the SEA-processed

features E = {E1
s , E

2
s , . . . , E

L
s }. Within the encoder, cross-

attention is applied to mutually enrich E and T in context,
yielding joint semantically coherent representations.

The decoder adopts a query-based interaction mechanism
to extract region-specific representations from text-guided
queries. To further improve alignment between the detec-
tion outputs and the CLIP embedding space, we introduce
an additional processing branch on the decoder’s visual out-
puts. Let the decoder generate a set of object query features
Q = {q1, q2, . . . , qK |qi ∈ Rd}. Each query feature qi is
passed through two parallel branches. The first is a regres-
sion head that predicts bounding boxes via a simple MLP:

b̂i = Sigmoid(MLPbox(qi)), b̂i ∈ R4, (4)

and the second is an alignment head that projects qi into the
CLIP visual embedding space:

ṽi = Normalize(MLPalign(qi)), ṽi ∈ Rdclip . (5)

To perform category recognition in open-vocabulary sce-
narios, we introduce a non-parametric contrastive classifica-
tion module that leverages decoder queries and encoder text
features. The visual queries Q are refined via a text-guided
cross-attention module and a feedforward network to pro-
duce semantically aligned object representations. These are
then multiplied with category-level text features from the en-
coder to obtain classification logits Z .

Motion Prior Assistance Module
Although SAM2 provides strong cross-frame matching,
its mask selection lacks motion awareness, leading to ID
switches under occlusion or abrupt viewpoint changes. To
mitigate this, we introduce MPAM, which incorporates a
lightweight Kalman filter, inspired by previous works (Be-
wley et al. 2016; Vo et al. 2025), to estimate object motion
and guide mask selection. For each tracked object, the fil-
ter predicts the current position b̂kf , and computes IoUs with
three candidate boxes {b1, b2, b3}, producing motion-based
scores {IoUkf

1 , IoUkf
2 , IoUkf

3 }. Each candidate’s final score
is then obtained by fusing motion and appearance cues via a
weighted combination:

Scorei = α·IoUkf
i +(1−α)·IoUmask

i , i ∈ {1, 2, 3}, (6)

where α denotes the weight of the Kalman filter prediction
in the mask selection process. For each target, the candidate
mask with the highest fused score is selected as the final
output for the current frame.

To avoid unstable motion prediction in early tracking, we
use a frame threshold Tw, activating motion guidance only
after a target is tracked for more than Tw frames. Before that,
mask selection relies solely on SAM2’s IoU predictions.

Training and Inference
Training Loss. Since our method adopts a detection-only
training paradigm, the optimization involves only localiza-
tion and classification in static images. Beyond direct su-
pervision on classification outputs, we further enhance the
semantic features of key modules to improve generalization.
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To further enhance the representational capacity of SEA,
we introduce a feature distillation mechanism that guides
the SEA outputs to align with features extracted from a pre-
trained ResNet-50, as illustrated in Figure 4. Let Rl

s denote
the ResNet-50 feature at the corresponding scale. We em-
ploy the mean squared error loss for distillation, defined as:

LSEA =
1

L

L∑
l=1

Ll
dis =

1

L

L∑
l=1

(El
s −Rl

s)
2. (7)

As for the align head, we use the visual feature vclipi ex-
tracted from CLIP’s native image encoder as the alignment
target and optimize it via an alignment loss. This promotes
semantic alignment between the decoder’s visual output and
the CLIP embedding space. Similar alignment strategies
have been employed in ViLD (Gu et al. 2021) and OVTR,
enabling models to better exploit CLIP’s open-vocabulary
capabilities by aligning visual features with its semantic
space. The alignment loss is defined as follows:

Lalign =
1

K

K∑
i=1

(ṽi − vclipi )2. (8)

For bounding-box prediction, we adopt a combination of
GIoU loss and L1 loss, defined as:

Lbox =
1

K

K∑
i=1

(
λgLg (̂bi, b

gt
i ) + λL1

L1(̂bi, b
gt
i )

)
, (9)

where bgti is the ground-truth box for the i-th object, and
Lg(·, ·), L1(·, ·) denote GIoU and L1 loss, respectively. Box
matching is performed via the Hungarian algorithm, with
loss weights λg and λL1

set to 2 and 1.
For classification, we apply Focal Loss to supervise the

output predictions, which is defined as:
Lcls = FocalLoss(Z,Ztarget). (10)

Combining the components described above, the overall
loss function used for optimization is as follows:

L = λ1Lcls + λ2Lbox + λ3Lalign + λ4LSEA, (11)
where λ1, λ2, λ3, λ4 are the weights for each loss compo-
nent. Additionally, we apply auxiliary losses after each de-
coder layer to further optimize the decoder, using the same
loss formulation as Eq. 11 except for LSEA

Sparse Detection for Inference. During inference, our
method leverages the zero-shot tracking capability of SAM2
to perform temporal localization and identity association
from an initial prompt, without requiring dense per-frame
detection. To improve efficiency, we use a sparse detection
strategy that detects only on keyframes at fixed intervals.

Tracking begins by applying UDM on the first frame to
generate bounding-box prompts for SAM2. In subsequent
frames, sparse detection is periodically applied to discover
new objects. On each selected frame, predicted boxes are
matched with existing SAM2 masks using IoU-based as-
sociation. The matched detections inherit their correspond-
ing IDs, while high-confidence unmatched detections are as-
signed new IDs and added as prompts to the tracking process
through the prompt encoder. This sparse detection strategy
reduces redundant computation while maintaining timely
object discovery and consistent identity assignment.

Experiment
Experiment Setting
Datasets. We evaluate our method on TAO (Dave et al.
2020) for open-vocabulary tracking and KITTI (Geiger,
Lenz, and Urtasun 2012) for cross-dataset zero-shot trans-
fer. TAO contains 833 categories and follows the LVIS split,
using base classes for training and novel ones for evalua-
tion. KITTI focuses on autonomous driving scenarios with
cars and pedestrians, and it is used to assess our model’s
generalization without any fine-tuning. Our model is trained
on LVIS, which includes 1,203 categories (886 base, 317
novel), excluding novel classes during training.
Metrics. We use the TETA metric (Li et al. 2022) as a
comprehensive measure of localization (LocA), association
(AssA), and classification (ClsA) accuracy on TAO. For
KITTI, we report standard MOT metrics including MOTA,
IDF1, and ID switches (IDs) to assess zero-shot ability un-
der real-world conditions.
Implementation Details. We use SAM2.1-baseplus as the
foundation module and build UDM with 6 encoder and de-
coder layers. SEA distillation adopts a DINO-based ResNet-
50 as the teacher. The model is trained on static LVIS im-
ages using Adam for 30 epochs with a batch size of 4. Loss
weights λ1–λ4 are set to 2, 5, 2, and 2 to emphasize localiza-
tion. During inference, the prompt interval is 5, the instance
cap per frame is 45, α is 0.1, and Tw is 10, reducing redun-
dant detection while preserving accuracy.

State-of-the-Art Comparison
To validate the effectiveness of our method, we conduct both
qualitative and quantitative analyses on both base and novel
categories of the TAO validation and test sets, and compare
against state-of-the-art methods.

The open-vocabulary tracking results in Table 1 show that
SAM2-OV consistently outperforms state-of-the-art meth-
ods on both the validation and test splits of the TAO dataset.
On the validation set, it achieves the highest TETA scores
on both base and novel categories, surpassing the best base-
line by 7.0% and 21.9%, respectively. For ClsA on novel
categories, SAM2-OV improves over OVTR by 37%, while
maintaining strong LocA and AssA. On the test set, it fur-
ther improves base-category performance compared to the
validation set and outperforms SLAck by 5.7% on novel cat-
egories. These results highlight SAM2-OV’s robustness and
stability in diverse open-world tracking scenarios.
Closed-set Evaluation. We further compare the overall per-
formance of our method under the closed-set setting of the
TAO benchmark using the TETA metric. As shown in Ta-
ble 2, SAM2-OV demonstrates clear advantages in both
LocA and AssA, with improvements of 0.9% and 12.3%
over SLAcK, respectively. Our method further achieves
strong association accuracy, demonstrating effective open-
vocabulary instance modeling. Moreover, SAM2-OV is
practically efficient, since it tunes only the detection stage:
compared with OVTR under the same hardware, it con-
verges faster (197→96 h), requires less inference memory
(23.5→6.1 GB), and runs slightly faster (2.8→3.2 FPS).
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Method Training Data Novel Base

Validation set LVIS TAO TETA LocA AssocA ClsA TETA LocA AssocA ClsA

DeepSORT (ViLD) (Wojke et al. 2017) ✓ ✓ 21.1 46.4 14.7 2.3 26.9 47.1 15.8 17.7
QDTrack∗ (Fischer et al. 2023) ✓ ✓ 22.5 42.7 24.4 0.4 27.1 45.6 24.7 11.0
TETer∗ (Li et al. 2022) ✓ ✓ 25.7 45.9 31.1 0.2 30.3 47.4 31.6 12.1
OVTrack (Li et al. 2023) ✓ - 27.8 48.8 33.6 1.5 35.5 49.3 36.9 20.2
MASA (Li et al. 2024b) ✓ - 30.0 54.2 34.6 1.0 36.9 55.1 36.4 19.3
OVTR (Li et al. 2025b) ✓ - 31.4 54.4 34.5 5.4 36.6 52.2 37.6 20.1
SLAck (Li et al. 2024c) ✓ - 31.1 54.3 37.8 1.3 37.2 55.0 37.6 19.1
SAM2-OV (Ours) ✓ - 37.9 57.6 48.5 7.4 39.8 52.4 51.6 15.4

Test set LVIS TAO TETA LocA AssocA ClsA TETA LocA AssocA ClsA

DeepSORT (ViLD) (Wojke et al. 2017) ✓ ✓ 17.2 38.4 11.6 1.7 24.5 43.8 14.6 15.2
QDTrack∗ (Fischer et al. 2023) ✓ ✓ 20.2 39.7 20.9 0.2 25.8 43.2 23.5 10.6
TETer∗ (Li et al. 2022) ✓ ✓ 21.7 39.1 25.9 0.0 29.2 44.0 30.4 10.7
OVTrack (Li et al. 2023) ✓ - 24.1 41.8 28.7 1.8 32.6 45.6 35.4 16.9
OVTR (Li et al. 2025b) ✓ - 27.1 47.1 32.1 2.1 34.5 51.1 37.5 14.9
SLAck (Li et al. 2024c) ✓ - 27.1 49.1 30.0 2.0 34.7 52.5 35.6 16.1
SAM2-OV (Ours) ✓ - 32.8 52.6 44.1 1.7 41.0 55.6 55.6 11.8

Table 1: Comparison with state-of-the-art methods on the TAO validation and test sets. All methods use the ResNet-50 backbone
except SAM2-OV, distilled from ResNet-50. ∗ indicates training on both base and novel categories. Best results are in bold.

Method TETA LocA AssocA ClsA

DeepSORT (Wojke et al. 2017) 26.0 48.4 17.5 12.1
QDTrack (Fischer et al. 2023) 30.0 50.5 27.4 12.1
TETer (Li et al. 2022) 33.3 51.6 35.0 13.2
OVTrack (Li et al. 2023) 34.7 49.3 36.7 18.1
MASA(R50)† (Li et al. 2024b) 34.1 52.1 35.7 15.0
OVTR (Li et al. 2025b) 35.7 52.3 36.3 18.4
SLAcK-T† (Li et al. 2024c) 35.5 52.2 38.9 15.6

SAM2-OV (Ours) 39.6 53.1 51.3 14.5

Table 2: Comparison of closed-set MOT methods using the
TETA metric on the TAO validation set. † indicates detec-
tion results using TETer-T; SLAcK-T uses Swin-T as the
backbone. Best results are in bold.

Ablation Study
OV-MOT with SAM2 basline. We use SAM2 with grid
prompts as a baseline setting, where prompts are uniformly
distributed across the image to initiate tracking. As classifi-
cation is not involved, ClsA is omitted. Table 3 shows that
SAM2 maintains a reasonable association but struggles with
accurate localization without detection guidance.
The effect of using different modules. The results in Ta-
ble 3 show that introducing SEA notably improves seman-
tic modeling, raising ClsA from 12.5% to 14.3% and ClsAn
from 2.4% to 7.5%, contributing to a 1.0% gain in TETA.
However, it slightly reduces LocA when combined with
MPAM. In contrast, using MPAM alone significantly im-
proves LocA and AssocA, achieving the highest TETA of
40.8%, but slightly lowers ClsAn by 0.3% due to SAM2’s
limited semantic capacity, making temporal cues insufficient

Base SEA MPAM TETA LocA AssocA ClsA ClsAn

16.5 5.8 43.8 - -
✓ 38.5 54.6 48.3 12.5 2.4
✓ ✓ 39.5 53.1 51.2 14.3 7.5
✓ ✓ 40.8 55.2 54.3 13.0 2.1
✓ ✓ ✓ 39.6 53.1 51.3 14.5 7.5

Table 3: Ablation studies on the TAO validation set evaluat-
ing SAM2-OV modules. Base uses UDM without SEA and
MPAM. ClsAn denotes the ClsA on novel categories, and
“–” indicates a non-applicable metric.

for accurate classification. When SEA and MPAM are com-
bined, the model achieves balanced performance, integrating
semantic generalization and temporal robustness. To further
analyze semantic enhancement, we examine the distillation
weight λ4 in SEA. Increasing λ4 enhances semantic transfer,
improving open-vocabulary classification (e.g., ClsAn in-
creases from 5.1 to 7.5 when λ4 rises from 1 to 2). However,
stronger distillation slightly weakens spatial and temporal
stability (TETA decreases from 40.1 to 39.2 at λ4 = 3). We
adopt a moderate λ4 to balance semantic generalization and
localization robustness.
Analysis of detection hyperparameters. To evaluate the
practicality of UDM, we conduct a sensitivity analysis on
two critical hyperparameters: the maximum number of de-
tectable objects per frame (30, 45, 60) and the interval be-
tween prompt frames (1, 5, 7). As shown in Table 4, setting
the maximum detection count too low (30) misses impor-
tant objects, reducing detection and tracking quality, while
setting it too high (60) introduces redundant low-confidence
predictions and degrades performance. Similarly, prompting
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Figure 5: Qualitative results of SAM2-OV and OVTR methods. The examples include scenes with occlusion and viewpoint
changes. The color of each box indicates the identity ID of the object.

Type Setting TETA LocA AssocA ClsA

Max Number
Per Frame

30 39.4 52.5 51.9 13.9
45 39.6 53.1 51.3 14.5
60 39.2 51.9 51.4 14.4

Detection
Interval

1 39.7 52.2 53.7 13.3
5 39.6 53.1 51.3 14.5
7 39.2 53.6 51.9 12.0

Table 4: Analysis of the impact of the maximum number of
detectable instances per frame and the detection interval on
SAM2-OV performance.
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Figure 6: Zero-shot domain transfer performance on the
KITTI dataset, evaluated using OVTR and SAM2-OV.

the model at every frame provides minimal accuracy gains
yet significantly increases computational load due to redun-
dancy, whereas prompting too infrequently (interval of 7
frames) delays discovering new objects and negatively af-
fects tracking quality. Using 45 objects per frame and a 5-
frame prompt interval achieves a good trade-off between ac-
curacy and efficiency, supporting real-world deployment.
Analysis of motion modeling hyperparameters. To eval-
uate the impact of motion information on mask selection,
we analyze the weighting coefficient in the Motion Prior
Assistance Module, which balances the Kalman-predicted
IoU and SAM2’s original IoU. As shown in Table 5, a high
weight (0.5) leads to over-reliance on motion cues, degrad-
ing semantic accuracy and reducing TETA to 38.9. Lower-
ing the coefficient improves performance, with the best re-
sult (TETA = 39.6) achieved at 0.1, surpassing the baseline
without motion modeling. These results demonstrate that a
properly tuned motion prior improves mask selection robust-

MPAM Weight TETA LocA AssocA ClsA

- 39.5 53.1 51.2 14.3
0.1 39.6 53.1 51.3 14.5
0.2 39.5 52.5 52.1 13.8
0.5 38.9 51.9 51.1 13.7

Table 5: Effect of the motion prior fusion weight in MPAM
on SAM2-OV performance.

ness, especially under occlusion or rapid motion.

Zero-Shot Transfer on KITTI
We evaluate the zero-shot transfer performance of SAM2-
OV on the KITTI dataset in Figure 6, comparing it with
OVTR. Due to ambiguity in the definition of the Pedestrian
class between KITTI and open-vocabulary settings, we re-
port results only for the car category. As shown in the figure,
SAM2-OV outperforms OVTR by 9.3% in MOTA and re-
duces ID switches by 48.7%, demonstrating robust and ac-
curate tracking across domains, as well as strong zero-shot
generalization in cross-dataset scenarios.

Qualitative Results
To clearly demonstrate the advantages of our method, we vi-
sualize results from OVTR and our SAM2-OV. As shown in
Figure 5, compared to OVTR, SAM2-OV produces fewer
false positives on background regions and achieves more
robust and stable tracking under occlusion and viewpoint
changes, showing superior identity preservation.

Conclusion
In this paper, we present SAM2-OV, a novel open-
vocabulary multi-object tracking method built upon a
detection-only tuning paradigm. By training solely on
static images without using association-specific supervision,
SAM2-OV simplifies the training process while maintaining
strong tracking performance. The method leverages SAM2’s
cross-frame matching capabilities for robust identity asso-
ciation and integrates motion modeling and semantic en-
hancement to improve stability and generalization. SAM2-
OV enables efficient inference through sparse prompting and
shows strong zero-shot transferability, which demonstrates
its versatility and robustness in real-world applications.
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