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Abstract

Open-Vocabulary Multi-Object Tracking (OV-MOT) aims to
enable approaches to track objects without being limited to
a predefined set of categories. Current OV-MOT methods
typically rely primarily on instance-level detection and as-
sociation, often overlooking trajectory information that is
unique and essential for object tracking tasks. Utilizing tra-
Jectory information can enhance association stability and
classification accuracy, especially in cases of occlusion and
category ambiguity, thereby improving adaptability to novel
classes. Thus motivated, in this paper we propose TRACT,
an open-vocabulary tracker that leverages trajectory infor-
mation to improve both object association and classification
in OV-MOT. Specifically, we introduce a Trajectory Con-
sistency Reinforcement (TCR) strategy, that benefits track-
ing performance by improving target identity and category
consistency. In addition, we present TraCLIP, a plug-and-
play trajectory classification module. It integrates Trajec-
tory Feature Aggregation (TFA) and Trajectory Semantic
Enrichment (TSE) strategies to fully leverage trajectory in-
formation from visual and language perspectives for en-
hancing the classification results. Extensive experiments
on OV-TAO show that our TRACT significantly improves
tracking performance, highlighting trajectory information
as a valuable asset for OV-MOT. We will release TRACT at
https://github.com/Nathan-Li123/TRACT.

1. Introduction

Multi-Object Tracking (MOT) is an important task in com-
puter vision, focusing on the detection and tracking of ob-
jects within video sequences. It has many key applications,
such as autonomous driving, intelligent surveillance, and
robotics. Early MOT research primarily concentrates on a
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Figure 1. Trajectory information can enhance both association and
classification by helping to recover associations disrupted by inac-
curate or missed detections (as shown in (a)) and by correcting
incorrect classifications (as shown in (b)).

few common categories, e.g., pedestrians and vehicles, and
later shifts toward tracking a broader range of categories.
Recently, as the demand for practical applications grows,
Open-Vocabulary MOT [12] is introduced to enable track-
ing across arbitrary categories, overcoming the limitations
imposed by pre-defined tracking categories in training data.

Despite great advancements, current OV-MOT methods
are often constrained by a critical limitation: an overwhelm-
ing focus on instance-level information, with limited atten-
tion to trajectory-level insights. Specifically, although re-
cent methods have introduced innovative association strate-
gies for open-vocabulary scenarios, they fail to incorporate
trajectory information, which is an important cue in videos
and widely utilized in classic MOT approaches. This over-
sight may prevent current OV-MOT approaches from fully
leveraging contextual continuity offered by trajectory that is
essential to effective tracking, and thus leads to degradation
in association and classification (see Fig. 1).

In this context, we rethink the role of trajectory in OV-
MOT and apply it for improvement. Currently, OV-MOT

Please note that, in this paper trajectory information refers to all data re-
lated to the trajectory during the tracking process, including its position
and classification results from previous frames, among other details.
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Figure 2. Comparison of the overall pipeline between existing OV-
MOT approaches and our TRACT. We introduce three strategies,
i.e., TCR, TFA, and TSE strategies, to utilize trajectory informa-
tion in association and classification.

usually contains three steps, including localization, associ-
ation, and classification. Since the localization mainly de-
pends on the performance of external detectors, it is hard to
directly use trajectory information for enhancing localiza-
tion (see Sec 4.5 for detailed analysis). However, trajectory
information can largely benefit both association and classi-
fication, especially in cases with novel classes. For asso-
ciation, the instability of open-vocabulary detection often
leads to inaccurate or missed detections in certain frames.
In such cases, trajectory information helps recover matches,
reducing identity switches (see Fig. | (a)). For classifica-
tion, open-vocabulary systems struggle with frequent blur-
ring and occlusion in objects, causing misclassifications. In
this situation, trajectory information can aid in distinguish-
ing between incorrect categories accurately (see Fig. | (b)).

Motivated by the above, we propose a novel Trajectory-
aware OV-Tracker (TRACT), a method that comprehen-
sively utilizes trajectory information to improve both object
association and classification. We demonstrate the compar-
ison of the overall pipeline between existing OV-MOT ap-
proaches and our TRACT in Fig. 2. Built on the top of cur-
rent mainstream [12-14], it functions as a two-stage tracker
that tracks on arbitrary detection results. To better adapt to
OV-MOT task, we further divide the tracking stage to asso-
ciation and classification steps (see Section 3.1 for more de-
tails). Consequently, the design of TRACT is structured in
two key steps: a Trajectory-Enhanced Association step and
a Trajectory-Assisted Classification step. In the initial step,
we introduce Trajectory Consistency Reinforcement (TCR)
strategy, to enhance appearance-based matching models to
better capture trajectory dynamics. Specifically, we con-
struct a set of feature banks and category banks to retain
memory of previous trajectory information, namely, tar-
get visual features and category predictions. Such design
strengthens model’s ability to maintain identification and

category consistency, thereby aiding in association and in-
directly supporting open-vocabulary classification.

On the other hand, in the trajectory assisted classifica-
tion step we introduce TraCLIP, a plug-and-play method
that leverages trajectory information to directly improve
classification accuracy. In video sequences, occlusion and
blurriness frequently lead to incomplete visual cues, which
complicates tracking and especially classification. Trajec-
tory information, however, captures target features under
varying occlusion and blur conditions, thus complementing
these incomplete visual cues. Therefore, we first propose
Trajectory Feature Aggregation (TFA) strategy to integrate
trajectory features derived from the corresponding detection
features. Additionally, since trajectories provide informa-
tion from multiple viewpoints, trajectory-assisted classifi-
cation has the potential to offer a more detailed and nuanced
understanding of the target compared to image-based clas-
sification. In this context, vanilla category names may not
be fully or accurately defined, as is typically assumed. We
propose Trajectory Semantic Enrichment (TSE) strategy,
which incorporates attribute-based descriptions as an alter-
native to relying solely on category names, thereby enrich-
ing the semantic context and improving classification preci-
sion. With TFA and TSE, TraCLIP leverages the image-text
alignment capabilities of CLIP [17] to comprehensively uti-
lize trajectory information for classification.

Thorough experiments on the popular open-vocabulary
tracking benchmark OV-TAO [12] show the effectiveness of
our method, showing satisfactory enhancements in tracking
performance in open-vocabulary scenarios. This indicates
that trajectory information can effectively contribute to OV-
MOT, providing a new research direction. Additionally, this
paper aims to encourage researchers to approach the OV-
MOT task from a comprehensive video perspective rather
than focusing solely on instance-level information.

In summary, in this paper we make the following major
contributions: (i) We develop an effective open-vocabulary
tracker, termed TRACT, which leverages trajectory-level in-
formation to enhance association and classification without
bells and whistles; (ii) We propose a plug-and-play trajec-
tory classification method, termed TraCLIP, and introduce
the concept of using trajectory itself for classification in
OV-MOT,; (iii) Extensive experiments demonstrate that our
method effectively improves the performance on OV-TAO,
in-depth analysis is conducted to provide guidance for fu-
ture algorithm design.

2. Related Works

2.1. Multi-Object Tracking

Multi-object tracking (MOT) involves detecting and track-
ing multiple moving objects in a video sequence while
maintaining consistent identities across frames. A popu-
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lar paradigm in MOT is the “tracking-by-detection”. This
method [2, 6, 16, 21, 28] first performs object detection and
then associates detections across frames, forming the ba-
sis of many representative methods. In this context, MOT
methods often improve their performance by enhancing the
detection and matching effectiveness. Another common
paradigm is “joint-detection-and-tracking” [20, 22, 27],
which integrates the tracking and detection into a unified
process. Recently, Transformers [19] have been introduced
into MOT [7, 18, 26, 29], significantly surpassing previous
trackers in terms of performance.

2.2. Open-Vocabulary Detection

Open-Vocabulary Detection (OVD) is an emerging task in
object detection that aims to identify and localize object cat-
egories that are not encountered during the training phase,
particularly in few-shot and zero-shot scenarios. In recent
years, significant progress has been made in the field of
OVD, leading to the proposal of various new algorithms.
OVR-CNN [25], as one of the pioneering works in OVD,
successfully applies pretrained vision-language models to
detection frameworks, improving recognition capabilities
for unseen categories through the integration of image and
text. ViILD [8] and RegionCLIP [30] utilize the CLIP [17]
model, employing knowledge distillation to learn visual
region features from classification-oriented models, thus
enhancing adaptability in open-world environments. OV-
DETR [24], a novel open-vocabulary detector based on the
DETR architecture, reformulates the classification task into
a binary matching problem between input queries and ref-
erent objects to achieve object detection.

2.3. Open-Vocabulary Multi-Object Tracking

Open-Vocabulary Multi-Object Tracking (OV-MOT) aims
to identify, locate, and track dynamic objects unseen dur-
ing training. Li et al.[12] introduce OVTrack, leveraging
vision-language models for classification and association,
and enhancing appearance learning via diffusion-based data
augmentation. They also restructure the TAO dataset[5] into
base and novel classes to establish an OV-MOT benchmark.
Building on this, MASA [13] utilizes the Segment Any-
thing Model (SAM)[10] to generate instance-level corre-
spondences through unsupervised learning. More recently,
SLAck[14] proposes a unified framework integrating se-
mantic, positional, and appearance cues for early associa-
tion, removing the need for complex post-processing.

3. Methodology

3.1. Preliminary

In real-world applications, object categories typically fol-
low a long-tailed distribution with a vast vocabulary, reflect-
ing the remarkable diversity that no single dataset can fully

encompass. To address this limitation, Li et al. [12] intro-
duced Open-Vocabulary MOT, aiming to bridge the gap be-
tween conventional MOT and real-world complexity. The
mainstream two-stage implementation process of OV-MOT
is demonstrated in Fig. 2. For convenient understanding, in
this paper we formulate it as follows.

Following the TBD paradigm [2], we broadly divide the
process into two stages, i.e., detection and tracking. In the
first stage, given a video with [V frames, a replaceable open-
vocabulary detector is first utilized to generate a set of de-
tection results R = {b;, c;, f;}¥.|, where b;, ¢;, and f; re-
spectively denotes the set of bounding boxes, category pre-
dictions, and extracted target features of the ith frame.

The second stage is tracking. Unlike conventional MOT,
OV-MOT typically involves a highly diverse vocabulary
V of categories, which presents significant challenges for
classification. Consequently, open-vocabulary trackers of-
ten perform association in a class-agnostic manner, defer-
ring final classification until the acquisition of the complete
trajectory. We define the former as the association step
and the latter as the classification step. Notably, although
trackers perform association in a class-agnostic manner,
the classification prediction for each detection is preserved
for later processing. Concretely, trackers obtain a set of
trajectories 7 after the association step. Each trajectory
t = {b;,ci, fi}1~, € T consists of a series of linked detec-
tion results, where b = [z, y, w, h] denotes the 2D bounding
box coordinates, f denotes the visual feature, c is the cate-
gory prediction, and n is the length of t. Subsequently, in
the second step existing trackers utilize the category predic-
tion set {¢; }7*; to decide the final classification result.

3.2. Overview

In this paper we present the Trajectory-aware OV-Tracker
(TRACT), to utilize trajectory information in OV-MOT
without bells and whistles. As shown in Fig. 3, we ad-
dress two steps of its design: 1) Trajectory-Enhanced As-
sociation: we show how to employ trajectory information
while associating the detections in Section 3.3. Note that
in this step, trajectory information refers to the temporarily
stored trajectory segments during the association process.
2) Trajectory-Assisted Classification: existing methods de-
termine the category of a trajectory by voting based on the
reserved classification results {¢; }7_;. In this paper, we aim
to further leverage the trajectory representations { f; }7_; to
assist obtain the classification results. Therefore, we pro-
pose TraCLIP to achieve trajectory-level classification, as
described in Section 3.4. Lastly, we introduce the training
strategy of TRACT in Section 3.5

3.3. Trajectory-Enhanced Association

As analyzed in Section 3.1, in this step all reserved detec-
tions are send to association module to obtain object tra-
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Figure 3. The overall architecture of the proposed TRACT. A replaceable open-vocabulary detector is used to generate boxes of arbitrary
categories, and these detection results are used for trajectory association. TRACT leverages trajectory information in both the trajectory-

enhanced association and trajectory-assisted classification steps.

jectories 7. Based on [12, 13], we adopt an appearance-
based matching approach as the core association module
of TRACT. Please notice, Although OV-MOT methods,
including our TRACT, perform class-agnostic association,
they retain the classification prediction for each detection
within the trajectory (see Section 3.1). These retained clas-
sification predictions are used to determine the final clas-
sification result of the trajectory later in the second step.
Building upon this, we propose Trajectory Consistency Re-
inforcement (TCR) strategy, a method designed to incorpo-
rate trajectory information during association. We decom-
pose its functionality into two aspects:

1) Identification consistency. For each trajectory alive in
the #*" frame, we maintain not only a commonly used tra-
jectory memory f, but also a feature bank f = {f;_; e
recording the target feature embeddings f associated to the
trajectory from its previous npank frames. We update tra-

jectory memory f in a commonly used manner as follows:
fi=axfi+(1—a)xfi, (1

where f; and f; represents the trajectory memory and target
feature of the target in i** frame, and « is the weighting
parameter. We then calculate the similarity between each
active trajectory t € 7; and each candidate object r € R;:

s

S(6.1) = a WD H1-a) Y W(ifiy) @)
an ]:1

where « is the weighting parameter, and f; € f; denotes the
extracted object feature of . We use both cosine similar-
ity and bi-directional softmax for the similarity calculation
function ¥(-) as in [12]. We derive a similarity matrix be-

tween each candidate target r and existing trajectories 7; ,
from which we extract the maximum similarity sp,,x and
its corresponding trajectory tiax. If $ > Tynatcn, We assign
7 t0 tmax. If 7 does not have a matching track, we create
a new trajectory for r if its confidence score p, > Tpew,
otherwise we discard it.

2) Category consistency. As mentioned above, TRACT
retains the classification predictions for individual detec-
tions during the association process. However, due to the
complexity of the OVD task, the classification accuracy
achieved by current methods is often suboptimal. There-
fore, in TRACT we aim to leverage trajectory information,
specific to video-based tasks, to assist this association pro-
cess. For the i*" frame, similar to the approach applied in
association, we maintain a category bank ¢ = {¢;_; };Lzllp
for each trajectory to store the category predictions c of the
previous nj;p frames. When a detected object r with cate-
gory prediction c is successfully matched to a trajectory t,
we first consider its classification prediction reliable if its
confidence p, > Thign. If the confidence falls below Tyign
but remains above iy, We add it to the corresponding cat-
egory bank. Lastly, if the confidence p, < 7oy, the classifi-
cation prediction is deemed unreliable. In the first case, the
final recorded classification prediction c is set as ¢, while
in the latter two cases, the classification is determined by a
voting mechanism. The process can be depicted as follows:

c Thigh < pr
Cc = Vote((_: U {C}) Tlow S Pr < Thigh
Vote(T) Dr < Tiow

where Vote(-) stands for the major vote strategy. Note that,
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the retained classification prediction c is not only used for
subsequent trajectory classification but also for updating the
corresponding category bank.

In summary, during this trajectory-enhanced association
step, TRACT predicts object trajectories within a given
video and uses TCR to enhance the consistency of identifi-
cation and classification throughout the association process.

3.4. Trajectory-Assisted Classification

Furthermore, we propose a plug-and-play trajectory classi-
fication approach, termed TraCLIP, as illustrated in Fig. 4.
Specifically, TraCLIP takes NV trajectories 7 and vanilla vo-
cabulary V (category names) as input, processes both vi-
sual and language information to obtain visual trajectory
features and category language features, and then matches
them to produce the final trajectory classifications. We ad-
dress three perspectives of its design:

1) Visual process. To leverage the features provided by
trajectories under varying occlusion and blur conditions, we
introduce Trajectory Feature Aggregation (TFA) strategy.
Concretely, given a input trajectory t € T, we first sample
them based on the detection confidence, obtaining a sample
clip £ of length Nelip- 1f the trajectory length is already less
than n.jip, no sampling is performed. We then use the CLIP
visual encoder to extract its 2D feature f € R**? frame
by frame, where n is the length of the sample and feature
dimension d = 768. We consider f as a sequential data, qnd
use self-attention and MLP to get self-enhanced feature f:

f =+ sa(Ln(f)) 3)
f = f +MLP(LN(f)) (4)

where SA(x) denotes self-attention with x generating query,
key, and value as in [19], MLP(-) denotes the multi-layer per-
ception, and LN(+) is a layer normalization function. Finally,
we generate the fused trajectory feature by global average
pooling £ = {AvgPool(f;)}! ;. We have explored ad-

ditional fusion methods, please kindly refer to the supple-
mentary material due to limited space.

2) Language process. Since trajectories provide richer fea-
ture information, e.g., target characteristics from different
perspectives and lighting conditions, relying solely on cat-
egory names often results in incomplete language features.
Therefore, to fully utilize trajectory information, we intro-
duce Trajectory Semantic Enrichment (TSE) strategy to en-
hance semantics using attribute information. Given the in-
put vanilla vocabulary V = CP2%¢ U C"°ve!| we use Large
Language Models (LLMs) to decouple them into various
attribute descriptions (see Fig.4). Specially, to better em-
ploy LLMs to enrich category contexts, we carefully de-
sign a prompt template to ensure accurate decomposition,

e., “Provide a brief description of the {category} focusing
on two to three visual attributes”. In this work we prompt
ChatGPT to generate attribute answers, and then concate-
nate them with the corresponding category as follows:

A = Concat(V, ®(V)) Q)

where ®(-) denotes LLM processing operation. Please refer
to supplementary material for more details. With the en-
riched category texts A available, we use the CLIP language
encoder to extract two sets of category language features:

F" = Linear(Enc(A)) (6)
Feate _ Linear(EnC(V)) 7

where Enc(-) represents the CLIP language encoder, and
Linear(-) stands for a linear projection layer. F4*" and
JFeate represent the attribute-assisted language feature and
the vanilla language feature, respectively.

3) Triplet selection. At this point, we have obtained two
sets of language features F°**¢, F*'" and a set of visual
features "% = {f/"}" | representing each trajectory,
where n denotes the length of the trajectory. Together with
the classification predictions {c¢; }"_; retained in the associ-
ation step, for each trajectory t we obtain three classifica-
tion results along with the corresponding similarity scores.
Specifically, we first compute the affinity between its visual
features and two types of language features, as follows:

Z(t) = [Cos(f;, FT), Cos(fs, F3), -+, Cos(fe, Fyp)| ()

where Cos(x,y) = represents the cosine similarity,

Tl
f, € F'r9 is the visual feature of t, and F; denotes the ‘"

language feature in F¢%¢ or F" We select the classifi-
cation with the highest similarity score, yielding two clas-
sification results ve,te and v, along with their similarity
SCores Scate and S,i¢r. Furthermore, we apply a majority
vote strategy to obtain the third classification result, repre-
sented as vqe; = Vote(cy, ca, ..., ¢)y)), and use its propor-
tion as the similarity score sqe¢. Finally, the result with the
highest similarity score is selected as the final output.
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Table 1. Comparison with state-of-the-art trackers on OV-TAO dataset. The experiments are grouped based on different detectors, which
we consider to be more reasonable. The best and second best results within each detection setting are highlighted in bold and underline.

Detector \ Method \ Base \ Novel
Validation Set ‘ Publication ‘ TETAT LocAT  AssAT CIsAT ‘ TETA?T LocAT AssAT CIsAT

DeepSORT [21] ICIP 2017 26.9 47.1 15.8 17.1 21.1 46.4 14.7 23

Tracktor++ [1] ICCV 2019 28.3 47.4 20.5 17.0 22.7 46.7 19.3 2.2

ViLD [8] OVTrack [12] CVPR 2023 35.5 49.3 36.9 20.2 27.8 48.8 33.6 1.5
MASA[13] | CVPR2024 | 37.5 552 379 19.3 303 52.8 35.9 23

TRACT Ours 38.5 55.0 39.0 21.5 31.3 527 37.8 34

DeepSORT [21] ICIP 2017 28.4 52.5 15.6 17.0 24.5 49.2 15.3 9.0

Tracktor++ [1] ICCV 2019 29.6 524 19.6 16.9 25.7 50.1 18.9 8.1

RegionCLIP [30] ByteTrack [28] ICCV 2019 29.4 52.3 19.8 16.0 26.5 50.8 20.9 8.0
OVTrack [12] CVPR 2023 36.3 53.9 36.3 18.7 32.0 514 332 114
MASA[13] | CVPR2024 | 36.7 544 385 173 33.6 537 353 118

TRACT Ours 37.9 54.2 39.4 20.2 34.4 54.0 36.0 13.3

DeepSORT [21] ICIP 2017 27.3 47.1 16.5 17.9 21.5 48.9 14.9 3.8

ByteTrack [28] ECCV 2022 28.5 46.8 19.2 17.1 229 50.1 19.7 3.3

YOLO-World [4] OC-SORT [3] CVPR 2023 31.2 51.0 18.8 16.9 24.4 53.3 20.3 3.7
MASA[13] | CVPR2024 | 382 549 410 186 322 552 379 4.4

TRACT Ours 394 54.9 40.6 22.6 33.7 56.0 39.8 53

Test Set | Publication | TETAT LocAT AssAT ClsAT | TETAT LocAt AssAtT  CIsAT

DeepSORT [21] ICIP 2017 24.5 43.8 14.6 15.2 17.2 384 11.6 1.7

Tracktor++ [1] ICCV 2019 26.0 44.1 19.0 14.8 18.0 39.0 13.4 1.7

ViLD [8] OVTrack [12] CVPR 2023 32.6 45.6 354 16.9 24.1 41.8 28.7 1.8
MASA [13] | CVPR2024 | 35.2 525 37.9 15.3 26.6 479 30.6 13

TRACT Ours 36.2 523 39.1 17.2 273 48.2 30.7 3.1

DeepSORT [21] ICIP 2017 27.0 49.8 15.1 16.1 18.7 41.8 9.1 5.2

Tracktor++ [1] ICCV 2019 28.0 494 18.8 15.7 20.0 424 12.0 5.7

RegionCLIP [30] ByteTrack [28] ECCV 2022 28.7 51.5 19.9 14.5 20.4 43.0 13.5 49
OVTrack [12] | CVPR2023 | 348 51.1 361 173 257 448 262 6.1

MASA[13] | CVPR2024 | 365 532 390 173 26.8 448 295 6.2
TRACT Ours 373 53.0 394 19.3 28.8 45.3 30.1 10.8

DeepSORT [21] ICIP 2017 25.1 433 15.6 13.0 16.9 40.5 11.8 8.8

ByteTrack [28] ICCV 2019 26.6 44.1 19.3 11.7 18.4 41.3 15.1 5.0

YOLO-World [4] OC-SORT [3] CVPR 2023 28.9 49.0 19.1 9.9 20.6 48.3 14.8 5.8
MASA [13] | CVPR2024 | 349 51.8 397 132 322 514 362 9.2
TRACT Ours 36.1 516 407 159 333 518 359 120

3.5. Training Strategy

In the trajectory-enhanced association step, both of our pro-
posed trajectory banks are training-free, so rather than de-
signing a specific training method, we turn to the general
training approach of appearance-based matching models. In
specific, we adopt the training approach from [13] and em-
ploy a contrastive learning method.

For the trajectory-assisted classification, we initialize Tr-
aCLIP with CLIP [17] weights using ViT-L/14 as the back-
bone, freezing both the language and visual encoders dur-
ing training. We adopt CLIP’s contrastive loss and use
LVIS [9], YouTube-VIS [23], and TAO [5] training set as
training data. Specifically, target trajectories and category
names from these datasets serve as input and labels. Since
LVIS is an image dataset, we generate trajectory data for
each target with nj;, augmentations, such as random rota-
tion, erasure, and scaling. Note that, during the entire train-
ing process, we only used known object categories. Please

refer to the supplementary material for more details.

4. Experiments

4.1. Experimental Setup

Benchmark. We conduct experiments on the large-scale
open-vocabulary dataset OV-TAO, extended from TAO [5],
which includes 2,907 sequences and over 800 categories.
OV-TAO follows the classification scheme inLVIS [9] by
dividing categories into base (common) and novel (rare)
classes. This setup mirrors the real-world scenarios and can
reflect the adaptability trackers in handling rare categories.

Metrics. Following [12—14], we use Tracking-Every-Thing
Accuracy (TETA) metric [11], which disentangles MOT
evaluation into three subfactors: Localization Accuracy
(LocA), Association Accuracy (AssocA) and Classification
Accuracy (CIsA). Please note, all our experiments are con-
ducted under the open-vocabulary setting.
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Figure 5. Comparison of different fusion mechanisms on the vali-
dation set of OV-TAO [12], using TETA (a) and CIsA (b) metrics.

Table 2. Ablation studies to evaluate the contribution of the pro-
posed strategies in TRACT. The best results are in bold.

TCR TFA TSE TETA LocA AssA CIsA  Speed(s/seq) |

375 550 401 169 5.81
v 376 550 406 173 6.04
v v 385 549 405 199 6.64
v 384 549 404 198 6.57
v v 384 549 404 197 6.71
v v v 386 549 406 203 6.9
Table 3. Comparison experiments of TSE effect.
| CIsA (base) ClsA (novel) | | CIsA (base) CIsA (novel)
with TSE| 202 133 |woTSE| 216 10.9

Implementation details. We conduct experiments with 4
Nvidia Tesla V100 GPUs. We set the batch size to 256
per GPU and use the AdamW optimizer to train the model.
Please note again that only CP®° categories are used in
training. The initial learning rate is set to 1 x 10~ , and the
weight decay is set to 1 x 1075, During inference, we set
Nbank = 15 in the association step and nqip, = 5 in the clas-
sification step. See supplementary material for details.

4.2. Comparison to State-of-the-Art

We conduct experiments on both validation and test sets
of TAO. Please note, considering the strong correlation be-
tween current OV-MOT and OVD methods, we group the
experimental results based on the different OVD models
used to ensure fairness in comparison. Concretely, we first
use two typically used [12, 13] detector ViLD [8] and Re-
gionCLIP [30], and then explore a state-of-the-art OVD
method, YOLO-World [4]. For ViLD and RegionCLIP,
we use the same detection results as in OVTrack [12],
while for YOLO-World, we utilize the officially provided
weights. Given the limited data volume and incomplete
annotations [11] in the TAO training set, we refrain from
further fine-tuning. Throughout the comparison, we focus
primarily on comparisons within each group.

As shown in Tab.l, TRACT consistently achieves top-
tier results on nearly all metrics, demonstrating strong re-
sults with various detectors. For instance, when using the
state-of-the-art open-vocabulary detector YOLO-World, it

Table 4. Ablation studies of npank on the validation set of OV-
TAO . Please note, here we do not use TraCLIP to ensure a clear
comparison. The best results are highlighted in bold. We use the
average time per sequence to measure the model speed.

Npank | TETA LocA AssA CIsA  Speed(s/seq) |

1 37.51 55.02 41.08 1691 5.81
5 37.56  55.04 41.12 16.52 6.04
10 37.54 5501 40.64 16.96 6.24
15 37.62 55.04 4058 17.27 6.36
20 37.51 55.03 40.53 16.97 6.56
25 37.61 5501 40.74 17.09 6.80

achieves TETA scores of 39.4% and 33.7% for base and
novel classes, respectively, on the validation set, and 35.7%
and 33.1% on the test set. Notably, TRACT demonstrates
significant improvements on the CISA metric. Compared
to the current leading tracker MASA[13], TRACT shows
gains of +2.0% and +4.6% (base/novel classes) on the test
set with RegionCLIP and +1.9% and +1.5% on the valida-
tion set. These results indicate that incorporating trajectory
information in OV-MOT is both beneficial and promising.
Due to limited space, we provide the visualization results
in the supplementary material to show the effectiveness of
TRACT and its superiority in handling object occlusion.

4.3. Analysis on TraCLIP

In this paper, we introduce TraCLIP as not only a trajectory-
based classification approach but also a promising new di-
rection for classification research. In this section, we con-
duct a series of experiments on TraCLIP and provide an in-
depth analysis of its strengths, weaknesses, and limitations.

Analysis on feature fusion. In TraCLIP, we introduce the
TFA strategy to integrate trajectory visual features into clas-
sification. Although similar to video retrieval, our focus is
on utilizing complementary information from different per-
spectives and appearances across trajectories, rather than
emphasizing temporal information. In the TFA strategy, the
feature fusion module is a key component that generates en-
hanced trajectory features. In this work, we study five types
of feature fusion mechanisms, i.e., average-based fusion,
attention-based fusion (using self-attention module), self-
based fusion (using self-attention and mlp modules), cross-
based fusion (using cross-attention), and a concatenation-
based fusion (using concatenation between visual and lan-
guage features). Please refer to the supplementary mate-
rial for detailed architectures. Fig. 5 shows the results of
different fusion mechanisms on the TETA and CIsA met-
rics. We can see that the second self-based fusion works
generally better by achieving the best TETA score (39.4% /
33.7% for base and novel classes) and CIsA score (22.1% /
5.3% for base and novel classes). Therefore, in TRACT we
employ the self-based fusion mechanism.

Analysis on running speed. In model design, speed is
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Table 5. Ablation studies of niip. In this study, we only evaluate
the running speed of the TraCLIP module.

neip | TETA LocA AssA CIsA Speed(s/seq) |
1 37.96 53.89 40.50 19.09 0.77
5 38.59 54.90 40.51 20.30 1.28
10 38.48 54.90 40.51 20.04 2.55
15 38.51 54.90 40.51 20.13 497

crucial as it directly affects responsiveness and user expe-
rience in real-time applications. In this work, while the ad-
ditional module designs inevitably introduce some reduc-
tion in speed, we believe, as shown in Tab.4 and Tab.5,
that TRACT maintains a sufficiently fast rate and achieves
a strong balance between efficiency and performance.

4.4. Ablation Study

To further analyze TRACT, we conduct ablations on the val-
idation set of OV-TAO with YOLO-World as the detector.

Ablation on three key strategies. In this paper, we pro-
pose three key trajectory-based strategies, i.e., TCR, TFA,
and TSE strategies. To assess the impact for them, we com-
pare the performance on the validation set of OV-TAO [12]
using the state-of-the-art open-vocabulary detector YOLO-
World [4]. As depicted in Tab. 2, we can see that the version
incorporating all three strategies achieves the best perfor-
mance across almost all metrics, especially with a notable
+3.4% improvement in the CIsA metric. Besides, as shown
in Tab. 3, although the TSE module has a limited impact on
overall classification performance, it improves the classifi-
cation of novel classes, which is a key goal in OV-MOT. Re-
fer tor supplementary material for visualizations. Please
note that TRACT does not involve adjustments in localiza-
tion, so the LocA metric shows no significant change.

Ablation on lengths 1y, and n¢ip. To investigate the
impact of two key length parameters npank and ngjp, of
TRACT, we conduct experiments with varying parameter
settings. Npank 1S the maximum length of the feature banks
and category banks used in TCR, while nj, is the sam-
ple clip length of TraCLIP. From Tab. 4, we can see that,
when npanx = 15, the overall best performance is achieved.
Please note, in the ablation study of npank, we exclusively
apply the TCR strategy to ensure a fair comparison. We
measure the model speed by the average processing time
per sequence (s/seq), finding that increasing npank does not
result in a notable increase in time costs (see Tab. 4). Fur-
thermore, as shown in Tab. 5, we do not observe a signif-
icant improvement in effectiveness as njjp, increases, in-
stead, there is a noticeable decrease in processing speed (see
Tab. 5). Therefore, in TRACT we use nciip = 5.

Ablation on weighting parameter o.. We propose the TCR
strategy, where we use the weighting parameter « to balance
the use of the track memory and feature bank. Please note,

Table 6. Ablation studies for the weighting parameter .

a | TETA LocA AssA CIsA
0.1 37.41 54.96 40.39 17.60
0.2 37.49 54.98 40.17 17.56
0.25 37.62 55.04 40.58 17.27
0.3 37.50 55.02 40.45 16.89
0.4 37.17 54.89 39.56 16.12

in this experiment, only TCR strategy is applied. As shown
in Tab. 6, we can observe that when a@ = (.25, the model
achieves the overall best performance.

4.5. Discussion

Challenge in OV-MOT. Current OV-MOT faces severe
challenges in association due to dense detection results. We
find that OV-MOT task, typically evaluated with the TETA
metric[11], has a much higher detection density than con-
ventional MOT, which uses the HOTA metric [15]. Please
kindly refer to the supplementary material for visualiza-
tion of this situation. This density arises from incomplete
annotations in the TAO dataset [5], which covers over 800
categories but contains many missing labels. The TETA
metric mitigates this by not penalizing unmatchable predic-
tions, but this reduces penalties for false positives, prompt-
ing detectors to lower thresholds to capture rare categories.
This results in dense, low-quality detections, complicating
association further. We argue that the primary issues of cur-
rent OV-MOT lie in data and evaluation protocol, and hope
the community to address these foundational challenges.

Can trajectory improves localization? This paper pri-
marily investigates using trajectory information to enhance
association and classification, but we believe it can also
aid in localization. In OVD, localizing unknown or rare
classes is challenging. However, in OV-MOT, once a tar-
get is detected, its appearance can improve localization in
subsequent frames. Though preliminary experimental re-
sults following MOTRvV2 [29] show limited improvement,
we believe it is a potential area for future research.

5. Conclusion

In this work, we explore trajectory-level information to im-
prove OV-MOT by enhancing association and classifica-
tion steps. Our method, TRACT, utilizes trajectory and
temporal information to enhance performance compared to
instance-level approaches. We introduce the TCR strategy
to improve identity and category consistency in trajectory-
enhanced association and propose TraCLIP, which employs
TFA and TSE strategies for trajectory-assisted classification
from visual and language perspectives. Our extensive ex-
periments show that TRACT significantly enhances track-
ing performance, highlighting the importance of trajectory
information in open-vocabulary contexts.
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