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Abstract. In Multiple Object Tracking (MOT), Re-identification (RelD)
features are widely employed as a powerful cue for object association.
However, they are often wielded as a one-size-fits-all hammer, applied
uniformly across all videos through simple similarity metrics. We argue
that this overlooks a fundamental truth: MOT is not a general retrieval
problem, but a context-specific task of discriminating targets within a
single video. To this end, we advocate for the adjustment of visual fea-
tures based on the context specific to each video sequence for better
adaptation. In this paper, we propose a history-aware feature transfor-
mation method that dynamically crafts a more discriminative subspace
tailored to each video’s unique sample distribution. Specifically, we treat
the historical features of established trajectories as context and employ
a tailored Fisher Linear Discriminant (FLD) to project the raw RelD
features into a sequence-specific representation space. Extensive experi-
ments demonstrate that our training-free method dramatically enhances
the discriminative power of features from diverse RelD backbones, re-
sulting in marked and consistent gains in tracking accuracy. Our findings
provide compelling evidence that MOT inherently favors context-specific
representation over the direct application of generic RelD features. We
hope our work inspires the community to move beyond the naive ap-
plication of RelD features and towards a deeper exploration of their
purposeful customization for MOT.
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1 Introduction

Multiple Object Tracking (MOT) is a fundamental computer vision task that
aims to detect objects and maintain their identities across video frames. Its pri-
mary goal is to generate a distinct trajectory for each target by associating its
corresponding detections over time [30]. As a critical component for understand-
ing dynamic scenes, MOT serves as an essential prerequisite for a wide range

= : Corresponding author.
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(a) High similarity between the RelD features of dif- (b) RelD features of individual sequences
ferent trajectories can create potential ambiguity. form compact clusters in the original space.

Fig. 1: Visualization of RelD features in the original representation space .

of downstream applications, such as autonomous driving , human behavior
analysis @, trajectory forecasting , and public surveillance.

The tracking-by-detection paradigm has long been the dominant
and most widely adopted approach in the field of multiple object tracking. Ac-
cording to the task definition, it decouples the complex tracking problem into
two sequential subtasks: first, an object detector localizes all targets within each
frame, and second, an association algorithm links these detections across frames
to form individual trajectories. As the former step is well-addressed by power-
ful detectors , the crux of this paradigm lies in the association stage. To
solve this association problem, most methods model existing trajec-
tories with discriminative cues and then allocate identities by minimizing the
matching cost.

Given that distinct targets often exhibit unique visual characteristics, ap-
pearance has emerged as a powerful and prevalent discriminative feature for
trajectory modeling. In practice, visual features are typically extracted using
off-the-shelf Re-Identification (ReID) models [33], and a cost matrix is then for-
mulated by the cosine distance. Despite its demonstrated success , a
latent contradiction persists within this paradigm. According to the definition,
the goal of a general RelD model is to learn a universal feature representation
capable of distinguishing any given identity from a large, open set. In contrast,
the challenge within MOT is to discriminate only between the limited set of tar-
gets appearing in a specific video, which constitutes a more nuanced, expert-level
requirement. As illustrated in Fig. targets within the same video sequence
always exhibit a high degree of similarity, making them difficult to distinguish in
a generic, globally-trained feature space . Furthermore, this intra-sequence
similarity causes their representations to cluster within a confined subspace of
the original space, leading to redundancy, as shown in Fig. [[b] Based on the
foregoing observations, a natural question arises: can we seek a specialized
representation subspace for MOT, one that is more focused on dis-
tinguishing identities within the constrained set of a given sequence?

In this paper, we first confirm the significant influence of representation
discriminability on tracking performance. Accordingly, we posit that an ideal
representation space should be structured for each sequence to minimize intra-
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trajectory distances while maximizing inter-trajectory distances. Such a config-
uration would effectively increase the separability between positive and negative
pairs, thereby enhancing the tracking ability. Coincidentally, this principle is con-
ceptually analogous to the objective of Fisher Linear Discriminant (FLD) [14],
where trajectories are viewed as different categories. Since tracking is an online,
continuous inference process, the established historical context can be regarded
as a dynamic approximation of the data distribution for the current sequence.
Building on these discussions, in practice, we feed the existing trajectories as
conditional input into the FLD algorithm. By computing the closed-form so-
lution, we derive a projection matrix that maps the original features onto a
more discriminative subspace tailored for separating different trajectories. The
experiment results reveal that this simple yet effective feature transformation
substantially enhances discriminability and boosts overall tracking performance.
Nevertheless, we revisit this process and argue that MOT possesses some task-
specific demands that should not be overlooked. Firstly, since a target’s features
gradually change over time in online tracking, we use a temporally weighted av-
erage to construct the trajectory’s center, rather than the naive averaging. This
makes the resulting representation better suited for the similarity assessment
required at the current timestep. Secondly, historical trajectories are not always
reliable due to occlusions and tracking errors. Moreover, the tracker needs to han-
dle newborn objects, which are not considered in the transformed space. These
challenges underscore the importance of retaining the original feature space with
its strong robustness and generalization capabilities. To this end, we combine the
similarity scores from both the general and specialized representations, thereby
leveraging the complementary strengths of each.

To clearly validate the impact of our RelD feature transformation, our experi-
ments are primarily conducted on trackers that rely solely on appearance |2733].
This approach minimizes the complex designs and potential interference intro-
duced by other tracking cues [3,52]. In practice, we build a ReID-based tracker
upon the most widely-used ReID model [33] in the MOT community [35}/57]
and validate the effectiveness of our components. Relying solely on the RelD
cue, our method achieves significant performance improvements. Remarkably,
in some scenarios |10, our algorithm substantially outperforms methods that
combine multiple clues [1}/101/35], establishing a new state-of-the-art result. This
finding strongly indicates that the full potential of appearance information has
been underestimated in past research. We also confirm the generalization ca-
pability of our proposed method by applying it to [27] with various visual en-
coders [19,25,/29,/63|, observing stable performance boosts across every case.
Additionally, we conduct experiments on several hybrid-based methods [5}/57].
The results demonstrate that our approach can be seamlessly integrated into
these advanced trackers, achieving state-of-the-art performance.

To sum up, our main contributions include:

— Following our analysis in Sec.[3.2] we equip Fisher Linear Discriminant with
historical tracklet supervision to transform RelD features, enhancing their
discriminability.
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— To address the practical needs of MOT task, we propose two customized
components, temporally-weighted trajectory centroid (Sec. and knowl-
edge integration (Sec. , which further improve our tracking performance.

— To prove the effectiveness of our method, we conduct extensive experiments
on RelD-based methods, demonstrating consistent performance gains across
diverse scenarios (Tab. [1} Tab.[2]and Tab.[3). We also validate its versatility
by seamlessly integrating it into hybrid-based trackers, pushing their state-
of-the-art performance even further.

2 Related Work

Tracking-by-Detection methods decouple the multiple object tracking (MOT)
task into two sub-tasks: object detection and data association. While a minority
of studies [24] have explored customized detection methods, the vast majority
of research [31},37,/45,/60L/64] has focused on the design of the target association
algorithm. In this process, researchers model trajectories and measure affini-
ties based on diverse cues. For visual appearance, most methods [1,[35}36,|57]
directly utilize off-the-shelf ReID models [33] to extract features. While some
approaches [41}51,61] employ custom-designed extractors, they still adhere to
the fundamental principles and supervision methods of traditional RelD meth-
ods [33,/44]. Regarding location information, the most classic method |[3,[60] is
to use the Kalman filter [52] for linear estimation of the motion. To handle non-
linear dynamics [10,47] and other complex cases, recent methods have introduced
many tailored rules [5}/13,57,/58] or adopted learnable modules for motion pre-
diction |12}22}|341|35./42//54]. Many approaches [13,35,36,53,57] also fuse the two
aforementioned cues together to fully leverage their respective advantages. Fur-
thermore, some other methods introduce even more information modalities, such
as Bird’s-Eye-View (BEV) perspectives [12] and depth information [1}/37,[50].
Most relevant to our work are several studies that aim to customize the RelD
branch of the MOT task: [20] seeks to mitigate the mismatch between its global
temporal training and local temporal inference, 8| performs group-wise similar-
ity calculation to address the long-tail distribution problem, 28| helps newborn
targets acquire more robust representations, [6] sharpens the distinction in sim-
ilarity, [49] employs a condition-aware strategy to enhance the matching and
updating procedures for individual trajectories, and [18] utilizes segmentation
guidance to improve object-level RelD feature extraction. Although these meth-
ods aim to improve the discriminative capability of visual representations, they
overlook the fact that tracking only needs to distinguish objects within a finite
set, rather than from a potentially unbounded identity space as in conventional
RelD. This observation serves as the key motivation of our work, as it makes
it possible to use tracking histories to guide the optimization of the feature
space. To the best of our knowledge, this is the first work to provide an intuitive
explanation, a systematic analysis, and a practical solution to this issue.
End-to-End MOT models are emerging forces, bypassing hand-crafted
algorithms |[5,[60] to formulate multi-object tracking in an end-to-end man-
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ner [15,59]. A typical form is to expand DETR |[7,|65] into MOT tasks, rep-
resenting different trajectories through the propagation of track queries [38,/59].
Follow-up methods incorporated temporal information [4,[16}/46] and mitigated
the imbalance of supervision signals |55}/62], leading to better tracking perfor-
mance. Nevertheless, end-to-end methods still face the challenges of high com-
putational costs and a strong need for training data, which will require future
research. Although beyond our main focus, this paradigm may also benefit from
our findings, as discussed in the conclusion.

3 Preliminary

3.1 RelD-based Tracker

The tracking-by-detection paradigm [3}/5,60] treats multiple object tracking as a
two-step process. First, an object detector D is employed to localize all targets in
a given frame I;. Subsequently, these detections are associated with established
trajectories based on a cost matrix or used to initialize new tracks. Following
our discussion in Sec. [I} we simplify our experimental scope by concentrating
on trackers that use only appearance cues for data association. Given an ob-
ject bounding box, b:;, in the t-th frame, a feature extraction network & is
applied to obtain the corresponding visual feature f;;, often referred to as a
re-identification (RelD) feature. It is used to represent the appearance of each
detection and to construct the feature of each trajectory. In practice, while nu-
merous methods [36}/53,[57] for trajectory modeling exist, we adopt the widely-
used Exponential Moving Average (EMA) update strategy due to its proven
efficiency and effectiveness, as formulated below:

f‘t,‘rj = )\ft,Tj + (1 - A)ftfl,rjw (1>

where ft—l,rj represents the appearance feature of track 7; aggregated up to
timestep ¢ — 1, f; . is the RelD feature obtained from the extractor @ at the
current frame I;, and X is a momentum coefficient, typically set to a small value
close to 0, that controls the update ratio.

Once the aforementioned features are prepared, we compute the matching
cost for each detection-trajectory pair using a similarity metric. A common prac-
tice is to use the cosine similarity, which is calculated as follows:

fi- i,

£l ll€e—1,7 |

Accordingly, a cost matrix is constructed for the current frame based on all
potential assignments. The Hungarian algorithm is then employed to find the
globally optimal matching solution. Following this, the features of the matched
tracks are updated according to Eq. , in preparation for the next time step.

Cost(t,i,7;) =1 — Sim(t,4,7;) =1

(2)
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(a) Significant and reliable positive correlation (b) Our transformation improves performance
between discriminability and tracking ability. by enhancing feature discriminative capability.

Fig. 2: Correlation between RelD feature discriminability d1000 and tracking accuracy
AssA on DanceTrack [47]. Similar analysis on [10] can be found in Appendix Fig.5.

3.2 Discriminative Capability Analysis

As stated in Sec. since the tracker relies solely on appearance features for
discrimination, it is intuitive to assume that the discriminative power of the
RelD features is directly correlated with the tracking performance.

To validate this hypothesis, it is necessary to quantify the discriminative ca-
pability of the representation space. Since the tracking process relies on cosine
similarity for affinity measurement, as shown in Eq. , we also adopt it as the
cornerstone for evaluating the discriminability. To be more specific, we measure
the discriminative power for the i-th detection in frame ¢ using a score, 6(¢,1).
This score is defined as the similarity margin between the detection’s positive
track and its most confusing negative track. Furthermore, since tracking failures
are minority events within a given sequence, we focus on the most challenging
cases. Therefore, for each video, we select the 1000 worst scores and compute
their average. This metric, termed d1qg, is used to quantify the discriminative
ability of the RelD representations for a specific sequence (details in Appendix
A.1). Accordingly, we conduct a statistical analysis on the representative dataset
DanceTrack [47], as shown in Fig. [2a] The results reveal a significant and reliable
positive correlation between the discriminative capability (d1900) of the ReID fea-
tures and the object association accuracy (AssA [32]). This conclusion provides
a clear motivation for our work: to boost tracking performance by explicitly
enhancing the discriminability of the representation space, described in Sec. [

3.3 Fisher Linear Discriminant

Fisher Linear Discriminant (FLD) [14], also widely known as Linear Discriminant
Analysis (LDA), is a classic supervised method used for both dimensionality
reduction and classification. The core principle is to find a linear transformation
that projects high-dimensional data onto a lower-dimensional space where the
classes are maximally separated. In other words, the projection pulls the means
of different classes far apart while keeping the data within each class tightly
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clustered. Mathematically, this is achieved by defining a within-class scatter
matrix, Sy, and a between-class scatter matrix, Sp. Given a set of N feature
vectors {x1,xa, -, &y} =X € RN*4 each feature @ is associated with one of
C classes, the scatter matrices can be formulated as:

C
Sw=) > (@-z)@-z), (3)

=lg e X,
C
Sp =) Ne(a.—z)(@—T)", (4)
c=1
1 1
:T::NZQZ“ jc:ﬁc Z €T, (5)
=1 x e X,

where X, represents the subset of X pertaining to class c. The optimal projection
matrix, W € R¥*?  is found by maximizing the Fisher criterion |14, which is
the ratio of the between-class scatter to the within-class scatter in the projected
space:

wTSpW
W) = s w ©

By applying the projection matrix W derived above, each feature « is converted
into a new d’-dimensional vector with enhanced discriminability, where d' =
min(C —1,d).

4 Method

Based on the analysis in Sec. and the result shown in Fig. a clear positive
correlation exists between the discriminative capability of the RelD features
and the final tracking performance. Therefore, in this section, our primary goal
is to find a more discriminative representation space for distinguishing between
trajectories. To this end, we mainly employ Fisher Linear Discriminant (FLD)
|14] along with several customized techniques, which are detailed in Sec. and
Sec. [4:2) - Sec. respectively. The overall illustration is shown in Fig.

4.1 History-Aware Transformation for ReID Features

As discussed in Sec. [1} current multi-object tracking (MOT) methods [35}361/57]
largely adopt RelD features directly from traditional re-identification meth-
ods [33l|44]. Since these models are required to distinguish between a vast num-
ber of open-set identities, the features they produce are, by design, as general as
possible. In contrast, the multiple object tracking task only requires recognizing
a closed set of identities within a single video. This creates a dilemma where
the generality of traditional RelD features becomes a liability, as they lack the
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Fig. 3: Overview of our pipeline. We use different colors to indicate different iden-
tities (trajectories). In the original space, some overly similar targets cannot be well
distinguished, leading to issues in the matching process. Therefore, we treat the tra-
jectory features as conditions and apply a tailored Fisher Linear Discriminant to seek
a better subspace for distinguishing different trajectories. Finally, both original and
transformed features are used to calculate the similarity matrix, balancing generaliza-
tion and specialization.

specificity needed to differentiate between these similar targets, as illustrated in
Fig. [I} Therefore, we are motivated to seek a more specialized representation
space to address the aforementioned challenges. Intuitively, this space should
pull features belonging to the same trajectory closer, while pushing features
from different trajectories further apart. This idea coincides perfectly with the
objective of Fisher Linear Discriminant (FLD) |14] in its mathematical formula-
tion, provided that we treat each trajectory as a class in the original framework.
Specifically, by replacing the feature vector x in Eq. - Eq. with our RelD
features f, and substituting the number of classes C' with the number of tracks
N,, we can obtain the projection matrix W for tracking by maximizing the
objective in Eq. @

However, FLD is a supervised method, which means it requires correspond-
ing labels in addition to the feature vectors. This core prerequisite is unfulfilled
in a standard tracking process. Therefore, we propose a history-aware dynamic
labeling scheme to compensate for this absence. Practically, since tracking is an
online process, at each timestep ¢, the historical track assignments from pre-
vious frames can serve as the supervisory signals for FLD. Although potential
tracking errors exist, we believe the overall statistical signal remains reliable.
Furthermore, since a target’s appearance gradually evolves during tracking, we
only consider its T" most recent features for each trajectory. This choice ensures
both efficiency and effectiveness.

4.2 Temporally-Weighted Trajectory Centroid

Following the statement in Sec. a naive implementation would be to average
all T features {f; 7., -~ ,fi_2,,,fi1-} of the 7;-th trajectory to serve as
its mean feature center. According to the definition of FLD [14] and Eq. ,
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these feature centroids determine the distribution centers of the vectors after
projection. Although this approach yields notable improvements, we still point
out that it overlooks the temporal characteristics inherent in the tracking task.
In online tracking, a target’s appearance evolves continuously over time. Even
within the same trajectory, features that are closer temporally tend to have
higher similarity. Hence, for identity allocation at the current moment, more
recent RelD features should intuitively play a more significant role. In practice,
we apply a temporal weighting to the mean calculation in Eq. :

1 X 1 t—1
f=— f £ = _ t—t'
=% ; K ¥ ;T Ay, e = (o) (7)

where A\g is a temporal decay coefficient with a value between 0 and 1. Using
these temporal-weighted trajectory centroids in the calculation of Eq. makes
the final projection more attuned to the current temporal context, benefiting
the similarity measurement at the time step ¢.

4.3 Knowledge Integration

Although we have found a more discriminative space conditioned on historical
trajectories with the methods in Sec. and Sec. [£:2] it still has some imper-
fections. First, the historical tracking results may contain errors, which can lead
to a biased or suboptimal projection matrix. Second, because the transformed
space is built only from the features of existing trajectories, it may not be robust
enough for handling newborn targets. Therefore, we revisit the original repre-
sentation space. Although it is not optimized for a given scenario, it offers more
robust generalization capabilities, especially when facing unseen targets. This
motivates our proposal to integrate it with the specialized subspace for a trade-
off. Due to the disparate dimensionalities of these two spaces, our integration
strategy operates on the similarity matrices rather than the vectors themselves.
It can be formulated as follows:

Cost™(t,4,7j) = 1—Sim"(¢,4,7;) = 17[a~Sim/(t,i,Tj)+(17a)-Sim(t,i,Tj)], (8)

where Sim’(+) is the similarity computed using the transformed RelD features,
and « is a balancing coefficient. The Hungarian algorithm then finds the optimal
assignment using the complete cost matrix constructed from the fused Cost™(-).
See Fig. [3] for an overview of this pipeline.

5 Experiments

5.1 Datasets and Metrics

Datasets. We select DanceTrack [47] and SportsMOT [10] as our primary exper-
imental benchmarks because they both present a key challenge: targets within a
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single video often exhibit a high degree of visual similarity. Specifically, Dance-
Track features group dance scenarios, while SportsMOT includes three types of
team sports. We also evaluate our approach on the TAO |11] dataset to demon-
strate its effectiveness in diverse and general tracking cases. In addition, we
report compact MOT17 [39] results in [4 and detailed results in Appendix B.1.
Metrics. On traditional MOT benchmarks [10,/39,/47], we select the Higher
Order Tracking Accuracy (HOTA) [32] as the primary metric, especially its As-
sociation Accuracy (AssA) component. We also include MOTA [2] and IDF1 [43]
in some experiments. To better evaluate the multi-category tracking problem,
we employ the Tracking Every Thing Accuracy (TETA) [26] for TAO [11].

5.2 Implementation Details

To more clearly illustrate the improvements brought by our method, we focus
our experiments on pure RelD-based trackers, as discussed in Sec. 3.1} Due
to the lack of such publicly available trackers in the community, we construct
a new tracker by combining the widely-used YOLOX [17] detector with the
FastReID [33] model. For a fair comparison, we use the off-the-shelf weights from
[5,/351/57] for all network modules without any additional fine-tuning. To ensure
the baseline performs at its full potential, we conduct an exhaustive grid search to
identify the optimal hyperparameter configuration for each specific benchmark.
This fortified baseline, denoted as FastReID-MOT, ensures that any subsequent
performance gains are strictly attributable to our proposed methodology. To
further evaluate the potential of our approach, we select several representative
hybrid-based trackers [5}|57,/60] and incorporate our method into their RelD
branches to boost performance. Regarding MASA [27], we also directly adopt
the official model weights without any modifications, covering a diverse range of
backbones to guarantee the breadth of our evaluation. For notation, we add the
prefix HAT- to methods that use our History-Aware Transformation approach.

5.3 State-of-the-art Comparison

FastReID-MOT. We compare our method (HAT-FastReID-MOT) against the
baseline (FastReID-MOT) on DanceTrack [47] and SportsMOT [10] in Tab.
and Tab. 2] { indicates that hyperparameters are fine-tuned on the correspond-
ing dataset to maximize performance; otherwise, the default settings from our
ablation study are used, as stated in Sec. [5.4] Our approach yields substantial
performance gains over the baseline. On the challenging DanceTrack dataset,
our appearance-only method even achieves results comparable to several re-
cent hybrid and motion-based trackers [35}/56]. Even more impressively, on the
SportsMOT benchmark, our RelD-only tracker (HAT-FastReID-MOT) sets a
new state-of-the-art. It significantly surpasses existing hybrid-based trackers [35|
and end-to-end models [15,/46]. This result both vindicates our approach and
highlights the need to reconsider the true potential of RelD features.

Hybrid-based Tracker. To further validate the effectiveness of our method,
we inserted it into several recent well-known trackers [5,[57,(60]. The results
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Table 1: Comparison with state-of-the-art Table 2: Performance on the SportsMOT
methods on the DanceTrack test set. test set. Results marked with * denote
joint training involving the validation set
of SportsMOT.

Methods ‘HOTA DetA AssA
motion-based:
7ByteTrack E 477 TLO 32.1 Methods ‘HOTA DetA AssA
OC-SORT 55.1 80.3 38.3 motion-based:
C-BIoU [sef 60.6 81.3 454  ByteTrack [od 628 771 51.2
RelD-based: IC))C-SIORT* : Zi? ?gé} ?28)
QDTrack faof 542 80.1 36.8 N Dl o 08
OC-SORT* {5 3.7 88.5 61.5
FastReID-MOT (baseline) | 50.6 81.1 31.6
HAT-FastReID-MOT 58.6 81.3 42.3  RelD-based:
HAT-FastReID-MOTY 61.2 81.6 46.0 QDTrack 60.4 775 47.2
- FastReID-MOT (baseline)| 67.3 86.8 52.3
hybrid-based: AT-FastReID-MOT 78.1 87.3 69.9
FairtMOT 39.7 66.7 23.8 ATTastheld- o ofe DY
DeepSORT 45.6 71.0 29.7 HAT-FastReID-MOT¥ 78.9 87.4 71.3
. ' ’ ’ HAT-FastReID-MOT+* | 80.8 89.4 73.1

StrongSORT 55.6  80.7 38.6

DiffMOT 62.3 82.5 47.2 hybrid-based:

Hybrid-SORT-RelD 65.7 - - BoT-SORT 68.7 84.4 55.9
ByteTrack-RelD 524  71.0 38.7 DifiMOT (a5 72.1 86.0 60.5
HAT-ByteTrack-RelD 56.1 71.4 44.2  ByteTrack-RelD 65.1 76.8 55.1
OC-SORT-RelD 60.8 81.0 45.7 HAT-ByteTrack-RelD 724 773 67.8
HAT-OC-SORT-RelD 64.6 81.5 51.3 OC-SORT-RelD 74.1 86.8 63.3

HAT-Hybrid-SORT-ReID| 66.9 81.5 55.0 HAT-OC-SORT-ReID 81.2 87.2 75.6
HAT-OC-SORT-RelD* 82.4 &89.3 76.1

end-to-end:

MeMOTR 63.4 77.0 52.3  end-to-end:

CO-MOT 65.3 80.1 53.5 TrackFormer 63.3 66.0 61.1
SambaMOTR 67.2 78.8 57.5 MeMOTR 68.8 82.0 57.8
MOTIP 69.6 80.4 60.4 MOTIP 72.6 83.5 63.2

in Tab. [I] and Tab. [2| show that our method can consistently bring significant
improvements when applied to hybrid-based trackers. While many prior studies
suggest that end-to-end methods possess an inherent advantage on
DanceTrack due to their flexibility, our approach surpasses several recent E2E
models , demonstrating significant potential. A more detailed discussion
regarding E2E methods is provided in Appendix C. The smaller performance
gains on hybrid-based methods can be attributed to both performance saturation
and the inherent design of these trackers, which often prioritizes motion and thus
limits the impact of our appearance enhancements. In addition, the complex
design of collaborative trackers also limits the improvement brought by a single
module and makes it challenging to coordinate different modules. To further
exploit the capability of the proposed approach in hybrid-based methods, we
believe that it may be necessary to redesign the fusion algorithm of the tracker
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Table 3: Evaluating our method by applying it to MASA [27]. All models are trained
on a large-scale image segmentation dataset |25| with different visual backbones.

Methods DanceTrack test SportsMOT test TAO val
HOTA AssA HOTA AssA TETA AssocA
MASA [27]:
MASA-R50 50.8 31.6 71.6 58.9 45.8 42.7
MASA-Detic 50.6 31.5 72.2 60.1 46.5 44.5
MASA-G-DINO 50.4 31.2 72.8 61.0 46.8 45.0
MASA-SAM-B 49.4 29.9 71.9 59.5 46.2 43.7
Ours (HAT):
MASA-R50 54.3 (1350 36.1 (va5)|73.7 (12.1) 62.4 (35 |46.4 (106 44.4 (i1.7)
MASA-DetiC 54.3 (+3.7) 36.2 (+5.7) 74.5 (+2.3) 63.7 (+3.6) 47.2 (+0.7) 46.4 (+1.9)
MASA-G-DINO |53.9 (y3.5) 35.7 (ra5) | 74.7 (1100 64.1 (13.1)|47.5 (o) 46.7 (111
MASA-SAM-B |52.1 (y27) 33.4 (+35 | 73.4 (1.5 61.9 (12.4)[46.9 (r07) 45.6 (119

Table 4: Performance comparison with
state-of-the-art methods on MOT17 [39).
The best and second-best results are de-
noted in bold and underline, respectively.

Probability density
=
°©
o

Methods ‘ HOTA DetA AssA IDF1 .

reid-based: s 2::;:32(:

QDTrack [40] 53.9 55.6 52.7 66.3 MOT17

FastReID-MOT (baseline) | 61.5 63.4 60.0 73.5 9075500 0,025 0050 0075 0100 0125 0150 0175

HAT-FastReID-MOTY 63.5 64.0 63.2 77.5 61000

hybrid-based: . s

FairMOT [61] 59.3 609 580 723 F1g4 Compa{“lsjon of RelD separa-

DeepSORT [53] 61.2 631 59.7 745 bility in the original feature space on

ggﬂ‘slgé%gg o ‘éj-f ‘éj-z ‘éj-g 7733 DanceTrack [47], SportsMOT [10], and
- LL-he. . X X i .

HAT-OC-SORT-ReID 612 o4 oi1 102 MOTILT [39] based on diooo.

itself and conduct extensive engineering-level parameter tuning, which is beyond
the scope of this work.

MASA. To investigate the generalization of our method across different RelD
representation spaces, we conduct experiments on MASA [27]. This framework is
ideal as it includes a variety of visual backbones [19}/25//29|/63| and is pre-trained
on a general-purpose segmentation dataset |25]. To complement our evaluations
on specialized datasets [10,/47], we further employ the TAO [11] benchmark.
With its vast category diversity, TAO serves as a rigorous testbed to assess
whether our approach maintains consistent reliability in open-world environ-
ments. Tab. 3] shows that our approach brings consistent and significant boosts
across all tested visual backbones. However, the performance gains are less pro-
nounced compared to those observed in Tab. [I| and Tab. |2l We attribute this
to the fact that our method is designed to refine and distill an existing feature
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Table 5: Comparison of transformation selections. Oracle and YOLOX denote the
sources of the detection results, while d and d’ indicate the original and projected
feature dimension, respectively. N,p; and N;q are the total number of historical samples
and trajectories, respectively. If d’ > d, the target dimension will be set to d.

, DanceTrack val SportsMOT val
D | Method| d HOTA  AssA | HOTA AssA
1 - d 74.9 57.3 86.2 74.7
# 2 Oracle PCA |Noy—1| 75.1 102y B57.6 (y0.3) | 85.6 (-0.6) 73.9 o0.8)
# PCA Nig—1 | 56.3 ci1s6) 32.5 (c248) | 69.4 (-16.5) 49.0 (25.7)
FLD | N;jg—1|79.0 (+2.1) 63.8 (16.5)]92.2 (16.0) 85.4 (110.7)
5 - d 51.1 33.4 73.7 61.5
# 6 PCA |Noy—1| 453 (559 26.7 o) | 70.6 (-3.1) 56.4 (-5.1)
# 7 YOLOX PCA | Nig—1 | 43.5 .76 24.6 (88 | 61.3 c12.4) 42.7 (-1s8.8)
FLD Nig—1|57.7 (r6.6) 42.7 (19.3)|81.1 (r7.2) 74.1 (r12.6)

space. Since MASA is not explicitly trained on specific datasets, its initial rep-
resentations may possess limited discriminative power in challenging scenarios,
providing a sub-optimal foundation for our distillation process. Furthermore, the
TAO [11] dataset encompasses a vast array of heterogeneous object categories
with minimal inter-class similarity, which naturally constrains the headroom for
our algorithm. Nevertheless, the consistent improvements achieved across such
diverse scenarios underscore the robust generalization of our method.

MOT17. We provide a compact report of tracking performance on MOT17
[39] in Tab. Unlike the strong performance observed on DanceTrack and
SportsMOT, our method achieves only moderate results on MOT17. Even on our
self-constructed FastReID-MOT baseline, it brings an improvement of only 2.0
HOTA. As shown in Fig. [d] we visualize the difference in discriminability within
the original representation space across different datasets. MOT17 exhibits the
highest appearance-level discriminability, likely due to the substantially different
clothing of pedestrians. This property substantially limits the room for improve-
ment of our proposed method. This may also explain the marginal improvement
on TAO [11] in Tab. |3} which is a practical consideration in real-world scenarios.

5.4 Ablation Study

We verify the effectiveness of each component in this section, using the RelD-
based tracker from Sec. and Sec. as the baseline. For all experiments, ex-
cept those in Tab. |5 we use the detections from the public YOLOX model [5l/17].
We perform a step-by-step inquiry in Tab. [§] to Tab. [§] with details provided in
Appendix A.5. The gray cells denote the final default hyperparameter settings.
History-Aware Transformation. As shown in Tab. [5} applying the FLD-
based RelD feature transformation, as described in Sec. significantly im-
proves tracking performance over the baseline (# 1 and # 5). Following the cor-
relation analysis in Sec. [3.2] we visualize the change in the discriminative ability
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Table 6: History Length T Table 7: Temporal Decay Coefficient Ao
T | HOTA AssA MOTA IDF1 Ao | HOTA AssA MOTA IDF1
10 | 54.3 37.8 86.7 53.2 1.00 | 57.7 42.7 86.3 56.7
20 | 56.2 40.4 86.5 55.2 0.95 | 58.5 42.5 86.8 58.2
40 | 57.0 41.4 86.5 56.6 0.90 | 59.3 44.8 86.9 59.8
60 | 57.7 42.7 86.3 56.7 0.80 | 59.1 44.7 87.0 59.6
80 | 56.3 40.5 86.2 55.4 0.60 | 58.1 43.2 87.0 57.9
oo | 55.3 39.2 85.1 52.2 0.40 | 57.8 42.8 86.9 57.1

Table 8: Balancing Coefficient a. Table 9: Comparison of different fitting strate-
gies for FLD.

a |HOTA AssA MOTA IDF1

10| 59.3 44.8 869 59.8 FLD Strategy ‘I?S;ZGT/:?; ‘ Iig‘ﬁsl\i?i
0.9| 60.6 46.8 87.1 61.7

0.8 59.3 45.0 87.2 60.4 - 511 334 737 615
0.6 59.1 447 87.6 60.6 Supervised | 51.4 34.0 | 77.6 68.0
0.4] 58.7 43.9 87.9 60.1 History-Aware| 57.7 42.7| 81.1 74.1

01000 of RelD features under an oracle detection setting, as shown in Fig.
This serves as clear evidence that our history-aware transformation boosts the
separability of visual representations, thereby improving tracking capabilities.
For comparison, we evaluate a PCA-based transformation in Tab. [5 but it re-
sulted in a performance drop. This is because Principal Component Analysis
(PCA) is designed to maximize global variance and is oblivious to trajectory
labels, which we believe are essential for finding an optimal space for tracking.

Supervised vs. History-Aware. While our method achieves significant im-
provements over the baseline in Tab. |5} these results alone do not fully substan-
tiate our underlying motivation. A notable concern is whether this improvement
stems from the introduction of FLD or the utilization of historical information
as guidance, as we claimed. To verify this, we fit an FLD using the ground-
truth labels and features from the training set (denoted as supervised) to serve
as a competitor against our proposed approach. Experiments in Tab. @] demon-
strate that leveraging vast amounts of labeled data from different videos does
not necessarily enable the FLD to identify a more appropriate projection space.
This observation aligns with our argument in Fig. [[]and Sec. [} namely that the
optimal subspace varies significantly across different sequences, simultaneously
reinforcing that our underlying motivation holds enduring significance beyond
the current implementation. This insight may inspire future research to employ
more advanced algorithmic designs to achieve this objective, rather than being
limited to the use of FLD.

History Length T. As stated at the end of Sec. we only consider RelD
features from the T" most recent frames. Although using a too-short temporal
length T' decreases the credibility of the reference samples, it still provides a
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notable enhancement compared to the baseline tracker (54.3 vs. 51.1 HOTA),
as shown in Tab. [6] Conversely, an excessively large T incorporates outdated
features, making the distribution less representative and degrading performance.
Temporally-Weighted Trajectory Centroid. Following our discussion in
Sec. [£:2] about the varying temporal importance of features, we introduce the
coefficient \g to weight them accordingly. Tab. [7] demonstrates that using the
temporal-weighted trajectory centroid can significantly enhance tracking perfor-
mance. However, it is essential to note that excessively small values of Ay may
lead to an overreliance on recent samples, resulting in a decline in robustness.
Knowledge Integration. In Tab.[8] we investigate various fusion coefficients «
to balance robustness and specialization. These results indicate that this involves
a trade-off, prompting us to choose 0.9 as our default setting. In addition, this
supports the concept outlined in Sec. [I.3] valuing the complementarity of those
two spaces can boost the reliability of RelD features.

6 Conclusion

In this paper, we challenge a long-standing practice in multiple object tracking:
the direct adoption of appearance matching strategies from the re-
identification task, an approach we argue is fundamentally inappro-
priate for tracking. We contend that visual representations in MOT should
be tailored to discriminate among the finite set in a given video sequence, as
opposed to the open-set challenge. Rather than the conventional approach of op-
timizing over training data, this should be an optimization specifically tailored
to the current sequence that has been absent from previous methodologies. To
this end, we proposed an approach that leverages the tracking history to guide
an adaptive transformation of the feature space, thereby boosting its discrim-
inability. Comprehensive experiments validate the effectiveness and versatility
of our proposed approach and establish the new state-of-the-art performance.
These results provide compelling evidence that the potential of RelD features
in MOT has been significantly underestimated, while simultaneously suggesting
that our motivation holds enduring value for future explorations beyond this
specific implementation. Therefore, we hope our findings spur a wave of research
into this crucial problem, whether in the form of new training-free components
or as guiding principles for developing learnable modules.
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