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Abstract

Open-Vocabulary Multi-Object Tracking (OVMOT) aims
to detect and track diverse object categories in videos, in-
cluding both seen (base) and unseen (novel) categories.
Current methods rely on appearance features from gen-
erated image pairs or utilize the discontinuous annota-
tions of the video dataset (TAO) for training, primarily
due to the lack of available continuous annotated video
datasets for OVMOT. This limitation affects their effective-
ness, since continuous target trajectories are necessary for
robust tracker learning. In this work, we propose the C-
TAO dataset, which provides a continuous version of TAO,
thereby constructing the first continuous annotated training
dataset for OVMOT. This addresses the previous limitations
in training data availability. Additionally, we introduce
COVTrack, a unified framework that effectively integrates
motion and semantic features with appearance features, in
which the multi-cue feature aggregation strategy dynam-
ically aggregates and balances these features, based on
the confidence estimation from both intra-frame and inter-
frame contexts. Our proposed framework significantly im-
proves OVMOT performance, establishing COVTrack as a
state-of-the-art solution on OVMOT benchmarks.

1. Introduction

Open-Vocabulary Multi-Object Tracking (OVMOT) is a
burgeoning problem in the computer vision area, which
aims to localize, classify and track various categories of ob-
jects in real-world videos [22]. This problem has signifi-
cant practical applications, e.g., Internet video understand-
ing, autonomous driving [15].

To develop an effective model for OVMOT, the quality
of training datasets is crucial. However, due to the multi-
task nature of this problem, collecting and annotating train-
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ing videos is demanding. First, the collected videos must
encompass a sufficiently large variety of object categories
and diverse motion patterns. Second, comprehensive an-
notations are required, including object bounding boxes,
as well as identities (for trajectory) and categories. How-
ever, existing large-scale datasets that provide a wide va-
riety of object categories are predominantly image-based,
e.g., COCO [26], LVIS [14]. In contrast, video datasets
often suffer from limited category diversity, focusing pri-
marily on a small number of classes, such as humans,
e.g., MOT20 [7], DanceTrack [39], vehicles [12]. Neither
of them can meet the requirements. To address this gap,
TAO [6] is a recent dataset proposed for the multi-category
object tracking problem, which contains 2,907 videos cov-
ering 833 categories. However, the annotation of TAO is
not continuous, with the annotation frame rate being only 1
fps, resulting in critical issues: not enough available frames
to train a robust open-vocabulary tracker and the lack of
continuous temporal information needed to train the tracker
effectively. As a result, existing methods for OVMOT, such
as OVTrack [22], rely on large image-based datasets, i.e.,
LVIS [14], to generate image pairs for training. This forces
them to rely solely on appearance features for tracking, re-
sulting in suboptimal performance. Some later works, such
as SLAck [24], attempt to utilize the TAO dataset with
its discontinuous annotations by constructing pseudo-labels
for training. However, SLAck still fails to make full use
of the continuous video information. As shown in Fig. 2,
issues such as occlusions, viewpoint transitions, and ap-
pearance deformation lead to significant differences in an-
notated objects across large intervals (e.g., 30 frames). Con-
sequently, the trained model may not perform very well, as
its features (e.g., appearance, motion) are not well-suited
for frame-by-frame inference during testing.

From the above observation, in this work, we aim to
newly build and fully leverage the continuous data for
OVMOT problem. To address the limitations of exist-
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ing datasets, we introduce the C-TAO (Continuous TAO)
dataset, which enhances the original TAO dataset. We
manually label bounding boxes, category labels, and their
IDs on frames that lack annotations, creating complete and
continuous trajectories while significantly increasing the
amount of available training data. Specifically, C-TAO en-
larges the annotations of TAO by over 26 times (in terms
of annotated frames). The continuity of C-TAO is ob-
viously improved, which can be reflected by the signif-
icantly decreased object area change and distance move-
ment, between two annotated targets. With the C-TAO
dataset established, we can thus leverage this continuous
data to extract multi-cue features for OVMOT. Specifically,
besides classical appearance features [22], benefiting from
the C-TAO dataset, we also incorporate motion features,
which are commonly used in traditional multi-object track-
ing (MOT). Furthermore, we utilize object category-related
semantic features as additional cues for tracking, distin-
guishing our approach from classical MOT methods that
typically focus on a single category. To enhance the util-
ity of these multi-cue features, we develop a novel multi-
cue confidence estimation strategy to balance and aggregate
them. This strategy includes intra-frame confidence to man-
age multiple cues within a single frame, and the inter-frame
confidence derived from a cycle-consistency based self-
correction mechanism across adjacent frames. The main
contributions of this work are:

* We build C-TAO, to the best of our knowledge, which is
the first continuously-labeled (frame-by-frame) training
dataset for OVMOT. It is also valuable for all kinds of
other multi-category MOT tasks.

* We develop a multi-cue (appearance, motion, and seman-
tic) feature aggregation framework, in which we design a
novel multi-cue confidence estimation strategy to dynam-
ically and adaptively balance the multi-cue features.

* Comparisons of the same methods trained on TAO and
C-TAO demonstrate the proposed dataset’s usefulness.
Additionally, experiments on both datasets verify our
method’s effectiveness, achieving a 6.5% improvement
in OVMOT performance (novel TETA) over the baseline
OVTrack [22].

2. Related Work

Multiple Object Tracking. The dominant paradigm in
multiple object tracking (MOT) is the tracking-by-detection
framework [1, 10, 16], where detections are linked over
time through association. Early studies emphasized appear-
ance features [2, 4, 11, 20, 32, 35, 42] for re-identification,
serving as the primary cue for object association. Motion
information also plays a critical role, with techniques uti-
lizing Kalman Filtering [9, 33, 36, 43, 47] for trajectory
prediction and 3D motion features [18, 19, 28, 31, 40] for
enhanced dynamics capture. However, motion-based meth-

ods like SORT [3] struggle with rapid motion and severe
occlusions.

Hybrid approaches combine appearance and motion cues
for robust tracking. DeepSORT [42] enhances appearance-
based associations with motion priors, while dual-branch
architectures [37, 41, 45, 46] and transformer-based meth-
ods [29, 38, 44] integrate these cues through feature fusion,
addressing challenges like occlusion. However, these meth-
ods focus primarily on simple categories (e.g., humans) and
lack generalization to diverse object categories. Moreover,
when extended to open-vocabulary scenarios, the varying
reliability of different cues across novel categories presents
new challenges for effective feature fusion.

In this work, besides the commonly used appearance and
motion, we also use category-aware semantic cues for OV-
MOT, which is specific to this problem and different from
classical MOT. To effectively leverage different types of
cues, we develop a novel feature fusion strategy to dynam-
ically balance and integrate the appearance, motion and se-
mantic cues.

Open-World/Vocabulary MOT. To expand the object
categories in MOT, the TAO benchmark [6] was intro-
duced to evaluate tracking under a long-tail class distribu-
tion. Methods like AOA [8], GTR [48], TET [21], and QD-
Track [11] have been developed for generic object track-
ing on TAO. However, these methods are limited to prede-
fined categories and cannot handle novel class objects ab-
sent from the training set.

To address this limitation, open-world MOT was pro-
posed, aiming to detect and track objects not seen in the
training set. Early works focused on class-agnostic de-
tection and tracking [30, 31], while the TAO-OW bench-
mark [27] was introduced to evaluate open-world tracking.
However, TAO-OW relies on class-agnostic metrics, which
fail to identify the specific classes of unknown objects. A
related problem, Open-Vocabulary Multi-Object Tracking
(OVMOT), was proposed in [22], with OVTrack extending
the tracking framework to open-vocabulary settings. Simi-
larly, MASA [23] leveraged unlabeled image pairs to learn
universal appearance models. However, both OVTrack and
MASA rely heavily on appearance-based strategies, limit-
ing their generalization to novel categories. SLAck [24]
advanced the field by integrating semantic, motion, and ap-
pearance features, eliminating the need for heuristic post-
processing. However, SLAck’s feature fusion via simple
summation operation fails to fully exploit the complemen-
tary potential of semantic and motion information. In con-
trast, this work proposes a more efficient feature fusion
method with intra- and inter-frame confidence, integrating
semantic and motion cues into appearance-based represen-
tations. Besides, the proposed C-TAO dataset further en-
hances tracking performance for both our and other meth-
ods in diverse open-vocabulary scenarios.
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3. C-TAO: Continuous TAO Training Dataset

3.1. Motivation: Training Challenges with TAO

For the task of OVMOT, only two datasets exist, i.e.,
TAO and OVT-B [25], in which OVT-B is a test dataset.
The TAO dataset emerges as a uniquely valuable video
resource for training due to its extensive category cover-
age, vastly surpassing traditional MOT datasets limited to
specific categories (person, vehicle, efc.). However, its
sparse annotation strategy—annotations provided every 30
frames—poses significant training challenges. The large
temporal gaps hinder learning accurate motion patterns, as
the model cannot observe smooth trajectories between an-
notated frames. Additionally, the lack of intermediate frame
annotations makes it difficult to capture fine-grained ap-
pearance changes and effectively handle occlusions. To
compensate, researchers often supplement training with im-
age datasets like LVIS [14], constructing synthetic image
pairs [22, 23] to simulate adjacent frames. However, these
pairs fail to simulate continuous motion and realistic ap-
pearance changes, limiting model performance. Recent
SLAck [24] generates pseudo labels via IoU matching to
create continuous annotations in TAO, showing substantial
improvements over image-pair-based methods. Yet, loU
matching lacks temporal consistency, especially in dynamic
scenarios, leading to unreliable motion features. To ad-
dress these limitations, a continuously annotated version
of the TAO training set is urgently needed. Such a dataset
would facilitate more effective training of OVMOT, poten-
tially achieving new performance levels in OVMOT tasks.

3.2. Construction of C-TAO Dataset

To create a continuously annotated high-quality dataset, we
retain all videos and annotated trajectories from the TAO
training set to preserve the original diversity in categories,
scenes, and motion patterns. The re-annotation process fol-
lows a rigorous three-stage pipeline: First, professional an-
notators label the bounding boxes and identify target objects
for each frame based on the original (discontinuous) trajec-
tories, with independent verification to ensure quality and
temporal consistency. Second, we label the categories for
each tracked object according to the ground-truth categories
of the original annotations, accompanied by additional ver-
ification for quality assurance. Finally, we implement a
federated annotation protocol that utilizes cross-validation
among multiple annotators to verify the completeness of
annotations. This process ensures that all instances within
each trajectory are labeled throughout the video.

3.3. Comparison and Analysis

Statistical Comparison. We compare our C-TAO dataset
with the original TAO dataset in terms of annotation density,
coverage, and continuity, as shown in Fig. 1.

Both datasets share the same videos and trajectories, C-
TAO significantly enhances annotation density, with total
annotated frames and bounding boxes increasing over 26
and 27 times, respectively, as illustrated in the left subplot.
At the video level, C-TAO shows a dramatic improvement
in annotated frame coverage and the number of annotations
per video, ensuring a more comprehensive capture of object
dynamics and scene evolution, as shown in the center sub-
plot. For trajectory-level statistics, C-TAO exhibits denser
temporal sampling, with remarkable increases in frames per
track and annotations per track, providing more complete
object motion information. Regarding continuity and tem-
poral consistency, we analyze three key factors between
consecutive annotated frames: average IoU, area change ra-
tios, and pixel movement of the object center, shown in the
right subplot. Results indicate significant improvements:
cross-frame IoU increases by 2.2 times, area change rate re-
duces to 1/8 of the original, and average pixel displacement
decreases from 101 to 6.6 pixels, a 93.5% reduction. These
factors collectively demonstrate a substantial enhancement
in the overall temporal coherence of the dataset.
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Figure 1. Visualization of annotation statistics comparison be-
tween our dataset (C-TAO) and TAO. Left: total number of an-
notated frames and bounding boxes. Middle: average statistics per
video and per track. Right: continuity statistics between consecu-
tive annotated frames.

Qualitative Analysis. To further demonstrate the advan-
tages of C-TAO, we present three representative scenarios in
Fig. 2. These examples illustrate how our continuous anno-
tations capture crucial intermediate states that are missing
in the original TAO dataset’s sparse annotations. First, as
shown in Fig. 2(a), for the very common occlusion cases,
our annotations capture the complete progression of the tar-
get moving through the occlusion, providing required train-
ing samples for handling complex occlusion scenes. Sec-
ond, as shown in Fig. 2(b), under significant camera motion,
the dense annotations reveal smooth viewpoint transitions
that bridge the large perspective gaps present in sparse an-
notations. Third, as shown in Fig. 2(c), for objects undergo-
ing appearance changes, our annotations record the contin-
uous evolution of the target appearance, not only the object
before and after the significant shape deformations.

Qualitative examples and statistical improvements
demonstrate how our densely annotated data enhances the
original TAO by providing more effective temporal infor-

10056



mation, which is crucial for MOT systems to learn robust
tracking features, especially in challenging scenarios.

@ Long-term Occluded Target

(b) Contmuous Vlewpomt Transition

(©) Progressie Appearance Evolution
Figure 2. Annotation examples in challenging scenarios. Solid
boxes represent original TAO annotations (30-frame intervals),
while dashed boxes show our continuous annotations. (a) Occlu-
sion process of a pedestrian behind a car. (b) Viewpoint changes of
a vehicle under camera motion. (c) Appearance evolution during a
bird’s pose transformation. C-TAO annotations capture crucial in-
termediate states that are missed in the original sparse annotations.

4. Proposed Method

4.1. Overview

As shown in Fig. 3, based on a pre-trained OV detector,
we extract multiple trackmg cues for each object, including
the appearance, location, and semantic features for object
tracking. Section 4.2 elaborates on the extraction process of
each feature cue. In Section 4.3, we describe how to balance
the confidence of different cues using intra- and inter-frame
information. Section 4.4 presents the methodology for ef-
fectively incorporating location and semantic cues into ap-
pearance features. The training loss and gradient propaga-
tion paths are presented in Section 4.5.

4.2. Appearance, Location and Semantic Cues

For high efficiency, we extract multi-cue features using the
backbone of a pre-trained detector. Specifically, we adopt
the same detector as in OVTrack [22] and SLAck [24] for
OV detection and freeze it during training. Based on it, as
shown in Fig. 3, we construct the features for association
from appearance, location, and semantic cues.
Appearance head. To capture visual details for effective
object association, we extract Region-of-Interest (Rol) fea-
tures from the detection proposals. These features are sub-
sequently processed by a lightweight convolutional module
followed by an MLP. The resulting transformation produces
the i-th object’s appearance embedding, e;,, € R4,
Location head. The location head focuses on encoding
the spatial attributes of detected objects. Given a bounding
box, we directly normalize its coordinates with respect to
the image dimensions. The normalized values capture the
object’s relative spatial position in a scale-invariant man-

ner, which are then input into a dedicated projection layer
to yield the i-th object’s location embedding, e/, € R%.

Semantic head. To produce versatile semantic repre-
sentations without re-training, we initially consider lever-
aging CLIP [34] but opt to distill its semantic head due to
high inference costs. Following a distillation process simi-
lar to [13], we fuse CLIP’s text and image embeddings via
element-wise summation, refine them with an MLP, and ob-
tain the final i-th object’s semantic embedding e,, € R%.
This dual-path design with both textual context and visual
details for semantic features is verified in [13, 22].

By explicitly modeling appearance, location, and seman-
tic cues, our framework constructs a rich feature represen-
tation for the open-vocabulary tracking (association) task.

4.3. Intra/Inter-Frame Cue Confidence

Appearance is the most commonly used feature in previous
OVMOT and MOT tasks. While appearance features serve
as a solid foundation, incorporating semantic and location
cues can significantly enhance the discriminative capabil-
ity. However, effectively fusing these features from differ-
ent cues presents significant challenges.

Given the three feature embeddings €}, €}, and e,
extracted in Section 4.2, a straightforward fusion approach,
as adopted in SLAck [24], is direct summation: ef, 4 =

aLpp-keloc—kesem While simple, this equal-weighting strat-
egy faces substantial challenges in OVMOT. Since object
localization and classification are inherently difficult tasks,
the reliability of location and semantic cues varies signif-
icantly across different scenarios. This reliability varia-
tion becomes particularly problematic for novel categories,
where classification accuracy often remains in single dig-
its. Consequently, such naive feature fusion can introduce
considerable noise and destabilize tracking performance.

To address these fusion reliability issues, we propose
a dual-perspective confidence estimation strategy that dy-
namically determines the contribution weights of different
cues. Our approach evaluates feature reliability from two
complementary perspectives: First, intra-frame confidence
assesses the reliability of semantic and location features
within a single frame by learning their mutual relationships
with appearance features. Second, inter-frame confidence
leverages temporal consistency between adjacent frames to
evaluate the stability of each feature type across time. This
dual-perspective design enables adaptive feature weighting
that accounts for both spatial and temporal reliability varia-
tions.

Intra-frame cue confidence. The ¢-th object’s intra-
frame cue confidence, denoted as ciin?; and ¢}, is com-
puted using the Self-attentive Gated Network (SGN). This
network evaluates the relative reliability of the semantic and
location cues within a single frame, ensuring that their im-
pacts on the final fused feature are adaptively weighted.
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Figure 3. Overall framework of our method. We extract multi-cue features and construct various intra-frame and inter-frame confidence
scores that effectively facilitate multi-cue feature fusion. () and € represent the scaling multiplication and concatenation operation.

As shown at the top of Fig. 3, on the current frame ¢,
the network takes three cues as input, which interact at
the feature level through concatenation operations. Then
the network learns the mutual confidence relationships be-
tween these cues to construct effective intra-frame confi-
dence scores of the i-th object as

[, cfn ] = sigmoid (SGN(concat(€lpy. efg: €lem))) -
1
where SGN is designed as two fully connected layers with
a ReLU activation, and the sigmoid activation ensures that
the gate values ¢jo and cliw?; are within the range [0, 1].

These 1ntra—frame confidence scores dynamically adjust
the (relative) influence of the location and semantic cues
for appearance. Higher confidence values indicate that the
corresponding cue is more reliable and should contribute
more to the final fused feature. This mechanism ensures
that the fusion process is robust to noise and uncertainty,
from a single-frame level.

Inter-frame cue confidence. To evaluate the tempo-
ral reliability of different cues across continuous frames, as
shown in the lower part of Fig. 3, we design an inter-frame
cycle consistency estimation module. Given a feature of
appearance, location, and semantic, here we take the ap-
pearance for example, let Eapp € R™"*4 and | DS Rmxd
represent the feature matrices at frames ¢ and ¢t — 1 respec-
tively, where n and m denote the number of objects in each
frame, and d is the feature dimension. We first compute
the pairwise similarity matrix between objects in consecu-

!
tive frames as Sy, = Ef - (EL') € R™™. To en-

hance the discriminative power of similarity scores, we ap-

ply adaptive temperature scaling o = M7

where « is the temperature parameter, 5 and e are hyperpa-
rameters. The scaled similarity scores are normalized using
softmax as Sapp = softmax (o - Sypp) . Next, we implement
the cycle consistency for inter-frame confidence estimation.
Specifically, we compute the cycle consistency matrix as

i = S - (S @

The rationale of the inter-frame confidence estimation is
to leverage the self-correction mechanism. Specifically, by
computing the feature cycle consistency between different
frames from each cue, higher confidence reflects the corre-
sponding cue has stronger stability and usability, thus ac-
counting for more impact during the feature fusion. Finally,
for each object ¢ at frame ¢, we extract its confidence score

from Cpp as ciiter, = [diag (C%ge)} Lie{l,...,n}.
3

Similarly, this pipeline can be applied to location and

1 1 inter inter
semantic features to obtain ¢jo%; and cgy'; respectively.

4.4. Multi-Cue Feature Fusion

Multi-cue feature aggregation. With the above confi-
dence, for the ¢-th object, we construct a multi-cue feature
representation by combining the original appearance feature
with confidence-weighted location and semantic features,
which is modulated by their corresponding intra-frame and
inter-frame confidence scores as
€loc = Cloct * Cloc  Clocs  Coem = Chimi * i * Clem+ (3)
After that, these features are concatenated to the appear-
ance to form a multi-cue representation, which is input into
a Multi-cue Aggregation Network (MAN) to integrate in-
formation from all cues for producing the integrated feature
with the original embedding dimension
¢

m-cue

= MAN (concat (€}, &y, €r)) € R (4)

where MAN is designed as two fully connected layers with
a ReLU activation. This aggregated feature f’ . effec-
tively encodes the appearance, location, and semantic in-
formation with their intra-/inter-frame relationships.
Feature refinement with re-connection. In the second
stage, we consider the usage of the multi-cue aggregated
feature f'__ . and the main appearance feature ed]Dp Specifi-
cally, using the inter-frame confidence score of appearance

inter 1 1 T
features 0 i as a guidance, we adaptively combine the
f

cue With eapp as the final fused association feature f’
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for the association in the OVMOT framework:

ffi _ Cimer

i int ' d
asso app,i elep + (1 - C;[;J;rz) . flm—cue € R% ®)

This refinement mechanism adaptively balances between
the original appearance feature and the aggregated fea-
ture based on the appearance self-correction. When ap-
pearance features demonstrate strong temporal consistency
(high c;‘g}ﬁfi), the model places greater emphasis on €.
Conversely, when appearance features show weak tempo-
ral consistency (low c;7";), the model relies more on the
information-rich aggregated feature f;,_.,. which incorpo-
rates multiple complementary cues. This adaptive mecha-
nism ensures robust feature fusion by dynamically adjusting

the impacts of each cue.

4.5. Association Loss

To train the feature fusion framework, we compute the sim-
ilarity between objects in consecutive frames using the final
fused association features, i.e., Fi, . € R"*¢ and Fi ! €
R™*4 as S = Fi - (Fi2)T € R™ ™. The association
loss is formulated as
Lasso = — Zi,j Y log(sij),i S {1, . ,n},j € {1, . ,m}
- (©
where Y is the ground-truth association label, and S repre-
sents the normalized S with softmax operation.

Training Analysis. The association loss enables end-
to-end training of all confidence scores through backprop-
agation. Specifically, five learnable confidence scores are
trained in different stages of feature fusion. During the
multi-cue feature aggregation stage, four confidence scores
work collaboratively to adjust the location and semantic fea-
tures, including two intra-frame confidence scores (¢intra
cnray and two inter-frame scores (cif, ¢"¢). In the re-
finement stage, the inter-frame appearance confidence c;‘ggr
guides the adaptive refinement. During training, these

scores are optimized through the continuous gradient flow

Ofes = Ofge i e T G2 This fully dif-
ferentiable design ensures that all confidence scores can be
effectively trained. Through back-propagation, all the con-
fidence weights are learned to be optimally balanced among
different cues, without any explicit supervision. The end-to-
end training allows these scores to automatically adapt to
the mutual relation of different cues and the temporal self-

correction along the video.

loc »

as

4.6. Implementation Details

Our model employs the same backbone architecture as [22,
241, utilizing a Faster R-CNN detector with ResNet-50 [17].
Following OVTrack’s training protocol, the detector is
trained on base classes from the LVIS dataset. For asso-
ciation, we utilize our proposed C-TAO dataset for training,

where J and ¢ in Eq. (2) are set to 0.5 and 0.1, respectively.
The model is trained for 10 epochs on 4 RTX 3090 GPUs.
For inference, we employ class-agnostic NMS for ob-
ject filtering, with a maximum of 80 detected objects per
frame. We use f,55, to associate objects and adopt the bi-
softmax matching strategy as [22]. The matching process
uses a threshold of 0.35 and a memory queue length of 30.

5. Experiments

5.1. Datasets and Metrics

Following [22, 24], we conduct our evaluation using the
same dataset and metrics. Specifically, we utilize the dataset
TAO, which shares a similar category division scheme with
LVIS [14] for OVMOT evaluation. We designate the rare
categories in LVIS as novel classes, while the remaining cat-
egories serve as base classes. Comparative experiments are
conducted on the validation and test sets of TAO. For per-
formance evaluation, we adopt the standard OVMOT met-
ric, tracking-everything accuracy (TETA) [21], which eval-
uates localization accuracy (LocA), classification accuracy
(ClsA), and association accuracy (AssocA). To comprehen-
sively demonstrate our algorithm’s performance, we evalu-
ate base and novel classes respectively.

5.2. Comparison to State-of-the-Arts

We compare our method with current mainstream and state-
of-the-art tracking methods on both the validation and test
sets of TAO. For a fair comparison, all methods utilize
ResNet-50 as the backbone architecture. The comparison
includes closed-set baselines trained on all categories, es-
tablished off-the-shelf trackers such as ByteTrack [46], OC-
SORT [5], and MASA [23], as well as specialized OVMOT
methods like OVTrack [22], and the current state-of-the-art
method, SLAck [24]. As shown in Table 1, we can first see
that our method significantly outperforms all other methods
in terms of TETA on both the validation and test sets. No-
tably, we achieve improvements of 3.5% and 4.4% in novel
AssocA and base AssocA, respectively, compared to the
state-of-the-art SLAck. On the test set, our method main-
tains superior performance, with substantial improvements
in AssocA - surpassing SLAck by 6.5% for base classes
and 2.6% for novel classes, demonstrating the effectiveness
of our approach for the temporal tracking problem.

5.3. Ablation Study

Effectiveness of cue confidence. The first five rows in Ta-
ble 2 demonstrate that the proposed cue confidence mecha-
nisms effectively enhance association performance. We can
see that the motion-related cues show a more significant im-
pact compared to semantic-related cues, which validates the
necessity of using continuous TAO for learning better tem-
poral continuity features. Furthermore, rows six and seven
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Table 1. Comparison of tracking performance on validation and test sets. We compare the methods on open-vocabulary TAO bench-
mark [22]. All methods use the same backbone. T represents using the same detector.

Method Venue (year) Classes Novel Base

Novel Base | TETA LocA AssocA CIsA | TETA LocA AssocA CIsA
Validation set
QDTrack [11] TPAMI (2023) v v 22.5 42.7 24.4 0.4 27.1 45.6 24.7 11.0
TETer [21] ECCV (2022) v v 25.7 459 31.1 0.2 30.3 47.4 31.6 12.1
DeepSORT (ViLD) [42] | ICIP (2017) - v 21.1 46.4 14.7 2.3 26.9 47.1 15.8 17.7
Tracktor++ (VILD) [2] ICCV (2019) - v 22.7 46.7 19.3 2.2 28.3 474 20.5 17.0
ByteTrack’ [46] ECCV (2022) - v 22.0 48.2 16.6 1.0 28.2 50.4 18.1 16.0
OC-SORT" [5] CVPR (2023) - v 23.7 49.6 20.4 1.1 28.9 51.4 19.8 15.4
OVTrack™ [22] CVPR (2023) - v 27.8 48.8 33.6 1.5 35.5 49.3 36.9 20.2
MASA (R50)" [23] CVPR (2024) - - 30.0 54.2 34.6 1.0 36.9 55.1 36.4 19.3
SLAck' [24] ECCV (2024) - 31.1 54.3 37.8 1.3 37.2 55.0 37.6 19.1
Ours’ - - 34.3 58.2 41.3 35 39.6 57.3 42.0 19.6
Test set
QDTrack [11] TPAMI (2023) v v 20.2 39.7 20.9 0.2 25.8 43.2 23.5 10.6
TETer [21] ECCV (2022) v v 21.7 39.1 25.9 0.0 29.2 44.0 304 10.7
DeepSORT (VILD) [42] | ICIP (2017) - v 17.2 38.4 11.6 1.7 24.5 433 14.6 15.2
Tracktor++ (VILD) [2] ICCV (2019) - v 18.0 39.0 13.4 1.7 26.0 44.1 19.0 14.8
OVTrack' [22] CVPR (2023) - v 24.1 41.8 28.7 1.8 32.6 45.6 354 16.9
SLAck' [24] ECCV (2024) - v 27.1 49.1 30.0 2.0 34.7 52.5 35.6 16.1
Ours’ - - v 289  50.9 32.6 33 379 545 42.1 17.2

Table 2. Ablation study results on the validation set. We compare the results of different ablation methods on both novel and base classes.

Ablation Method Novel Base

TETA LocA  AssocA CIsA | TETA LocA  AssocA  ClsA
® wlo clnra 33.3 57.3 40.6 2.1 39.1 57.3 41.2 18.9
@ wlo c{gg"‘ 32.8 57.6 37.7 3.1 38.7 57.4 39.5 19.1
® w/o ciner 33.1 57.8 39.1 2.3 38.6 57.6 39.6 18.6
@ wlo c}{}?" 32.8 57.8 37.3 32 38.2 57.4 38.4 18.8
® wlo c;‘ygr 334 57.8 39.2 33 38.6 57.4 39.2 19.1
® wlo cggt,fn%qg‘;“ (intra conf.) 32.3 57.7 36.8 2.3 38.5 57.4 39.3 18.8
@ wlo cé‘éﬁﬁ%c{ﬁ‘fr (inter conf.) 32.1 57.7 35.7 2.8 37.8 57.7 37.3 18.3
w/0 eypp in Eq. (1) 32.0 57.4 36.5 2.2 38.4 57.3 39.2 18.7
® w/o €sem in Eq. (4) 33.0 57.0 39.7 24 38.2 57.1 40.1 17.5
w/0 €0 in Eq. (4) 33.0 57.5 38.4 32 38.3 57.1 39.2 18.5
@ W/0 eqpp in Eq. (5) 333 57.8 39.1 2.9 38.6 57.6 394 18.7
Ours 34.3 58.2 41.3 3.5 39.6 57.3 42.0 19.6

reveal that both the intra-frame and inter-frame cue confi-
dence mechanisms, as an entirety, contribute more signifi-
cantly to improving the features’ discriminative ability.

Effectiveness of multi-cue fusion. We then analyze the
effectiveness of feature fusion. Row 8 validates the crucial
role of appearance features as input during the intra-frame
confidence learning process in SGN in Eq. (1). The absence
of appearance features for object representations leads to a
substantial decrease in confidence estimation effectiveness,
particularly for novel classes. Additionally, the next two
rows confirm that both semantic and location features in
Eq. (4) contribute to the performance improvement, with
location features showing a more important impact on the
association. The last row also reveals that refinement oper-
ation in Eq. (5) can effectively improve association results.

Comparisons of feature fusion methods. In Table 3,
the first four rows compare the feature fusion methods of
ours and SLAck’s direct feature addition manner. The
first two rows reveal that while SLAck’s association per-

formance deteriorates significantly when trained on original
sparse TAO data, our method maintains robust performance
by effectively balancing the weights between different cues,
achieving a 10.7% improvement in AssocA over SLAck.
In rows three and four, we conduct ablation experiments
using SLAck’s pseudo-label generation through IoU-based
matching between adjacent frames to provide continuous
labels. Our method also outperforms SLAck in tracking
performance. These comparisons validate the effectiveness
and generalization of our method, showing substantial im-
provements regardless of whether using sparse annotations
or continuous pseudo labels as supervision.

Effectiveness of C-TAO. Moreover, to validate the ef-
fectiveness and usefulness of the proposed C-TAO dataset,
we evaluate the performance of various OVMOT methods
trained with various data. We can see from the last row of
Table 3 that our method using C-TAO annotations achieves
the 6.5% and 6.2% improvement in novel and base AssocA,
respectively, compared to the original TAO.
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Table 3. Comparison of SLAck and our method using different supervisions for training on TAO/C-TAO.

Method Novel Base

TETA  LocA AssoA CIsA | TETA  LocA AssoA CIsA
SLACcKk trained on (original) TAO 24.6 47.1 24.1 2.5 - - - -
Ours trained on (original) TAO 31.0 555 348 (+10.7) 2.8 36.3 54.4 35.8 18.7
SLAck trained on (original) TAO w pseudo label 31.1 54.3 37.8 1.3 37.2 55.0 37.6 19.1
Ours trained on (original) TAO w pseudo label 32.8 56.4 39.2 29 38.3 56.6 38.9 19.3
Ours trained on C-TAO 34.3 58.2 41.3 (+6.5) 35 39.6 573  420(+6.2) 19.6

Table 4. Comparison of OVTrack and our method under different ratios of data for training.

. . Novel Base

Method | Annotation ratio e A A CIsA | TETA TocA  AssoA  ChA
37% (oniginal TAO) | 254 4338 756 19 | 335 497 309 9.8

OVTrack | 3.7% x 2 (P-TAO) | 295 502 36.5 17 | 365 517 382 19.6
100% (C-TAO) 305 502 393(+137) 21 | 374 527 393(:84) 201

3.7% (original TAO) | 31.0 353 3438 38 | 363 544 3538 187

Ours | 3.7% x 2 (P-TAO) | 336  57.9 39.9 31 | 386 569 39.9 19.0
100% (C-TAO) 343 582 413 35 | 396 573 4.0 19.6

In-depth insight of C-TAO. The original TAO only an-
notates about 3.7% frames for training. As our experiments
demonstrate, directly training on TAO fails to produce a vi-
able OV tracker. To understand the incremental benefits,
we conduct experiments with Pairwise-TAO (P-TAO), pro-
viding one continuous label after each TAO frame, result-
ing in 3.7% x 2 annotation ratio. The TAO—P-TAO—C-
TAO progression validates our key assumption: OVMOT
training benefits significantly from continuously annotated
video data. However, an unexpected insight emerges: OV-
MOT training does not heavily depend on fully-continuous
annotations. As shown in Table 4, even minimal continu-
ous annotation (P-TAO) provides substantial improvements
(13.7% in novel AssoA for OVTrack). This suggests that
pairwise continuous annotation (low cost) can effectively
help training, while fully-continuous annotations offer di-
minishing returns. This observation is insightful that signif-
icant performance gains are achievable with moderate an-
notation costs.

5.4. Qualitative Analysis

= high A1 low minivan jow Z low

Figure 4. Visualization of intra- and inter-frame confidence.

Intra-frame confidence analysis. Fig. 4 (left) illustrates
the visualization of intra-frame confidence. For semantic
cues, low-confidence objects typically have ambiguous cat-
egories in complex backgrounds, while high-confidence ob-
jects are those with discriminative categories and simple
backgrounds. Regarding location cues, low confidence is
often associated with unclear positions. The last example in
Fig. 4 (left) shows a high-confidence one, which has accu-
rate locations while the appearance is disturbed. This way,
the location cue can assist the tracking under this case.

Inter-frame confidence analysis. Fig. 4 (right) shows

several cases with low inter-frame confidence. Low cjnr
values typically occur with rapid object motion causing sig-
nificant inter-frame position variations. Low ™" values ap-
pear when object categories are inconsistent across consec-
utive frames. Low cﬁjl‘};r values predominantly appear during
sudden appearance changes, such as defocus or motion blur.

Real-world visualization results. Figure 5 presents
challenging Internet videos with novel category objects ex-
periencing dense scenarios, rapid deformation, and severe
occlusion, demonstrating our algorithm’s robust tracking

performance.

Figure 5. Visualization results of COVTrack.

6. Conclusion

We have re-annotated the TAO training set to provide con-
tinuous labels and build C-TAO for OVMOT. We also pro-
pose a multi-cue collaborative framework for OVMOT.
In this framework, we construct a novel intra-frame and
inter-frame confidence estimation strategy to balance the
weights among appearance, location, and semantic features
for guiding multi-cue feature fusion. Extensive experimen-
tal results have verified the usefulness of continuous annota-
tion (even a small amount) on TAO and the effectiveness of
the multi-cue collaborative OVMOT framework. Through
this work, we hope to provide new insights into using con-
tinuous video data and various cues for improving OVMOT.
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