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Abstract

Multiple object tracking (MOT) is a fundamental compo-
nent of perception systems for autonomous driving, and its
robustness to unseen conditions is a requirement to avoid
life-critical failures. Despite the urge of safety in driving
systems, no solution to the MOT adaptation problem to do-
main shift in test-time conditions has ever been proposed.
However, the nature of a MOT system is manifold - requir-
ing object detection and instance association - and adapt-
ing all its components is non-trivial. In this paper, we an-
alyze the effect of domain shift on appearance-based track-
ers, and introduce DARTH, a holistic test-time adaptation
framework for MOT. We propose a detection consistency
formulation to adapt object detection in a self-supervised
fashion, while adapting the instance appearance represen-
tations via our novel patch contrastive loss. We evaluate
our method on a variety of domain shifts - including sim-to-
real, outdoor-to-indoor, indoor-to-outdoor - and substan-
tially improve the source model performance on all metrics.
Project page: https://www.vis.xyz/pub/darth.

1. Introduction
Multiple object tracking (MOT) represents a cornerstone

of modern perception systems for challenging computer vi-
sion applications, such as autonomous driving [17], video
surveillance [16], behavior analysis [26], and augmented re-
ality [46]. Laying the ground for safety-critical downstream
perception and planning tasks - e.g. obstacle avoidance, mo-
tion estimation, prediction of vehicles and pedestrians in-
tentions, and the consequent path planning - the robustness
of MOT to diverse conditions is of uttermost importance.

However, domain shift [28] could result in life-
threatening failures of MOT pipelines, due to the percep-
tion system’s inability to understand previously unseen en-
vironments and provide meaningful signals for downstream
planning. To the best of our knowledge, despite the urge of
addressing domain adaptation for MOT to enable safer driv-
ing and video analysis, no solution has ever been proposed.

This paper analyzes the effect of domain shift on MOT,
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Figure 1. We illustrate the effect of domain shift on MOT, and
how our test-time adaptation technique (DARTH) counteracts it.
The top row shows the in-domain performance of a model trained
on the synthetic dataset SHIFT [60] (Source); the same model (No
Adap.) suffers from domain shift when deployed on the real-world
BDD100K [70] (Target); the bottom row shows the benefits of
DARTH. Each row shows two frames spaced by k=2 seconds;
boxes of the same color correspond to the same tracking ID.

and proposes a test-time adaptation solution to counteract it.
We focus on appearance-based tracking, which shows state-
of-the-art performance across a variety of datasets [19], out-
performs motion-based trackers in complex scenarios - i.e.
BDD100K [70] - and complements motion cues for superior
tracking performance [75]. Since appearance-based track-
ers [31, 66, 1, 45] associate detections through time based
on the similarity of their learnable appearance embeddings,
domain shift threatens the performance of both their detec-
tion and instance association stages (Table 1).

Test-time adaptation (TTA) offers a practical solution to
domain shift by adapting a pre-trained model to any unla-
beled target domain in absence of the original source do-
main. However, current TTA techniques are tailored to
classification tasks [63, 8, 64, 40] or require altering the
source training procedure [61, 35, 42], and they have been
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shown to struggle in complex scenarios [35]. Consequently,
the development of TTA solutions for MOT is non-trivial.
While recent work further investigates TTA for object de-
tection [33, 57], solving TTA for detection is not sufficient
to recover MOT systems (see SFOD [33] in Table 5), as in-
stance association plays an equally crucial role in tracking.

To this end, we introduce a holistic test-time adaptation
framework that addresses the manifold nature of MOT (Fig-
ure 2). We propose a detection consistency formulation to
adapt object detection in a self-supervised fashion and en-
force its robustness to photometric changes, since tracking
benefits from consistency of detection results in adjacent
frames. Moreover, we adapt instance association and learn
meaningful instance appearance representations on the tar-
get domain by introducing a patch contrastive loss, which
enforces self-matching of the appearance of detected in-
stances under differently augmented views of the same im-
age. Finally, we update the teacher as an exponential mov-
ing average (EMA) of the student model to benefit from the
adapted student representations and gradually improve the
detection targets for our consistency loss.

We name DARTH our test-time Domain Adaptation
method for Recovering multiple object Tracking Holisti-
cally. To the best of our knowledge, our proposal is the
first solution to the domain adaptation problem for MOT.
We evaluate DARTH on a variety of domain shifts across
the driving datasets SHIFT [60] and BDD100K [70], and
the pedestrian datasets MOT17 [39] and DanceTrack [58],
showing substantial improvements over the source model
performance on all the evaluated metrics and settings.

We summarize our contributions: (i) we study the do-
main shift problem for MOT and introduce the first test-
time adaptation solution; (ii) we propose a detection con-
sistency formulation to adapt object detection and enforce
its consistency to photometric changes; (iii) we introduce a
patch contrastive approach to adapt the appearance repre-
sentations for better data association.

2. Related Work

Multiple Object Tracking. Tracking-by-detection, i.e. de-
tecting objects in individual frames of a video and associ-
ating them over time, is the dominant paradigm in MOT.
Motion- [3, 4, 18, 6, 75], appearance- [31, 66, 1, 45], and
query-based [38, 59, 71] trackers are commonly used to as-
sociate the instances detected by an object detector. In this
work, we focus on domain adaptation of appearance-based
trackers, building on the state-of-the-art QDTrack [45, 19].
QDTrack introduces a quasi-dense paradigm for learning
appearance representations, exceeding the association abil-
ity of motion- and query-based trackers. Moreover, appear-
ance provides a complementary cue to motion [75]. Nev-
ertheless, Table 1 shows that domain shift threatens both
object detection and the learned appearance representations

Source Target DetA MOTA HOTA IDF1 AssA

SHIFT 46.9 48.4 55.2 60.6 65.8SHIFT BDD100K 12.0 -66.4 17.3 18.5 28.9

MOT17 57.2 68.2 57.1 68.5 57.4
DanceTrack 52.4 57.2 21.5 19.5 9.0MOT17
BDD100K 23.2 10.5 27.2 33.3 32.4

MOT17 59.8 71.7 59.7 71.6 58.7
DanceTrack 61.8 74.0 31.1 29.6 15.8MOT17 (+CH)
BDD100K 32.4 28.3 33.7 41.7 35.4

DanceTrack 68.5 79.2 43.5 42.3 28.0
MOT17 24.7 23.3 32.6 35.4 43.5DanceTrack
BDD100K 9.3 -16.0 14.1 12.3 21.8

BDD100K 36.5 14.2 39.6 48.2 43.3
MOT17 28.6 31.4 36.0 43.5 45.8BDD100K
DanceTrack 41.9 41.6 18.0 17.0 7.9

Table 1. Domain shift in MOT. We assess the impact of domain
shift on the performance of a QDTrack model based on Faster R-
CNN with a ResNet-50 backbone. In green the performance on
the source domain. The SHIFT → BDD100K metrics are aver-
aged across all object categories; only the pedestrian category is
considered for all other experiments. CH: CrowdHuman.

of QDTrack, negatively affecting instance association in
MOT. Previous work partially investigated MOT under di-
verse conditions [20] and limited labels [36]. Our paper
provides the first comprehensive analysis of domain shift in
MOT, and introduces an holistic framework to counteract
its effect on the object detection and data association stages
of appearance-based trackers.

Test-time Adaptation. Differently from unsupervised do-
main adaptation (UDA) [65], which assumes the availabil-
ity of target samples when training on the source domain,
test-time adaptation aims at adapting a source pre-trained
model on any unlabeled target domain in absence of the
original source domain. A popular approach to TTA con-
sists in learning, together with the main task, an auxiliary
task with easy self-supervision on the target domain, e.g.
geometric transformations prediction [15, 21, 61], coloriz-
ing images [73, 30], solving jigsaw puzzles [42]. However,
such techniques require to alter the training procedure on
the source domain to also learn the auxiliary task. Recent
approaches allow instead to perform fully test-time adapta-
tion without altering the source training. [53, 41, 40, 54]
show the benefits of simply tuning on the target domain the
batch normalization statistics of a frozen model. Tent [63]
minimizes the output self-entropy on the target domain to
learn the shift and scale parameters of the batch normaliza-
tion (BN) layers while using the batch statistics. Such tech-
niques do not finetune the task-specific head while alter-
ing its expected input distribution, deteriorating the model
performance under severe distribution shifts [35]. AdaCon-
trast [8] and CoTTA [64] instead enforce prediction consis-
tency under augmented views, learning global representa-
tions on the target domain for image classification. In con-
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trast, the combination of our detection consistency formula-
tion and our patch contrastive learning enables DARTH to
simultaneously learn global and local representations on the
target domain, while adapting respectively the task-specific
detection and appearance heads.
Domain Adaptation for Object Detection. Object de-
tection [48, 47] plays a key role in tracking-by-detection.
Several works [43] focus on the unsupervised domain adap-
tation problem for object detection, adopting traditional
techniques such as adversarial feature learning [10, 51,
25, 56], image-to-image translation [72, 7, 49], pseudo-
label self-training [27, 29, 50], and mean-teacher train-
ing [5, 14]. However, such techniques require the avail-
ability of the labeled source domain. A more practical test-
time adaptation solution [32] shows promising results by
self-training with high-confidence pseudo-labels, though it
was only applied to arbitrary and mild domain discrepan-
cies such as Cityscapes [12] to Foggy Cityscapes [52] or to
BDD100K [70] daytime. Finally, object detection adapta-
tion techniques do not seamlessly extend to MOT adapta-
tion, since the latter requires a further data association stage
and detection consistency through time.

3. DARTH
We here introduce DARTH, our test-time adaptation

method for MOT. We first introduce the TTA setting (Sec-
tion 3.1) and give an overview of DARTH (Section 3.2). We
further detail our patch contrastive learning and detection
consistency formulation in Sections 3.3 and 3.4.

3.1. Test-time Adaptation for MOT

Test-time adaptation addresses the problem of adapt-
ing a model previously trained on a source do-
main S = {(xi

s, y
i
s, )}

Ns
i=1 to an unlabeled target domain

T = {xi
t}

Nt
i=1, without accessing the source domain.

In this work, we tackle the TTA problem for MOT, build-
ing on the state-of-the-art appearance-based tracker QD-
Track [45]. Following the tracking-by-detection paradigm,
modern MOT methods [45, 6, 75] rely on a detection stage
and a data association stage. QDTrack extends a Faster
R-CNN [48] detector with an additional embedding head,
and learns appearance similarity via a multi-positive con-
trastive loss that enforces discriminative instance represen-
tations. Under domain shift, all the components of the track-
ing pipeline fail, with significant performance drops on both
detection and association metrics (Table 1).

3.2. Overview

MOT systems are composed of an object detection and
a data association stage, tightly-coupled with each other.
Adapting the one does not necessarily have a positive effect
on the other (Table 6). To address this problem, we intro-
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Figure 2. Schematic representation on the target domain of
DARTH, our test-time adaptation method for MOT. Our patch
contrastive loss LPCL between the siamese student’s instance em-
beddings adapts instance association. Our detection consistency
loss LDC enforces consistency to photometric changes. The EMA
updates to the teacher gradually improve the detection targets for
our consistency loss. ϕT , ϕS , and ϕC are the image transforma-
tions described in Section 3.2. ‘\\’ = stop gradient.

duce DARTH, a holistic TTA framework that addresses the
manifold nature of MOT by emphasizing the importance of
the whole and the interdependence of its parts.

Architecture. DARTH relies on a teacher model and a
siamese student (Figure 2). Given a set of QDTrack weights
θ̂ trained on the source domain following [45], the stu-
dent network is defined by a set of weights θ := θ̂. The
teacher shares the same architecture with the student and its
weights ξ are initialized from the student weights θ̂ and up-
dated as an EMA of the student parameters θ during adapta-
tion: ξ ← τξ + (1− τ)θ. τ is the momentum of the update.
The momentum teacher provides the targets to our detection
consistency loss (Section 3.4) between teacher and student
detection outputs under two differently augmented versions
(views) of the same image. The siamese student enables
learning discriminative appearance representations via our
patch contrastive loss (Section 3.3) between the detections
of two views of the same image. At inference time, we use
our DARTH-adapted model to detect objects and extract in-
stance embeddings, and apply the standard QDTrack infer-
ence strategy described in [45] to track objects in a video.

Views Definition. Figure 2 illustrates a schematic view of
our framework and of the generation process of the different
input views. Given an input image x, we apply a geomet-
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ric augmentation ϕT to generate the teacher view xT , and
apply a subsequent photometric augmentation ϕS to pro-
duce the student view xS . We generate xS from xT to sat-
isfy the assumption of geometric alignment of teacher and
student views in our detection consistency loss. The con-
trastive view xC used in the siamese pair is independently
generated by applying a sequence ϕC of geometric and pho-
tometric augmentations on the original input image. We ab-
late on the impact of different augmentation strategies in
Section 4.3. Details on the choice and parameters of geo-
metric and photometric augmentations are in the Appendix.

3.3. Patch Contrastive Learning

To adapt the data association stage and learn discrimi-
native appearance representations on the target domain, we
introduce a novel patch contrastive learning (PCL) formu-
lation, whose functioning is illustrated in Figure 3.
Localizing Objects. The goal of this step is identify-
ing on the two views object regions over which learning
instance-discriminative appearance representations, and fil-
ter out false positive detections. Given an image x from the
target domain T and the set of K detections D={di}Ki=1

extracted by the teacher detector, we filter the detections by
retaining only those with confidence higher than a thresh-
old γ, i.e. D̂={d ∈ D|conf(d) ≥ γ}. We then generate the
student and contrastive views xS and xC by respectively ap-
plying on x the image transformations ϕ̂S = ϕT ◦ ϕS and
ϕC , and coherently warping the detections to D̂S and D̂T .
Quasi-dense Formulation. We then phrase the patch con-
trastive learning problem as quasi-dense self-matching of
the contrastive-view regions of interest (RoIs) RC - i.e.
Faster R-CNN region proposals - to the student-view pro-
posals RS . Since the student- and contrastive-view detec-
tions D̂S and D̂C are generated by augmenting the same
teacher detections D̂, instance correspondences between xS

and xC are known in advance. In particular, we output
image-level features through the student encoder, use the
region proposal network (RPN) to generate RoIs from the
two images and RoI Align [23] to pool their feature maps at
different levels in the Feature Pyramid Network (FPN) [34]
according to their scales. For each RoI we extract deeper
appearance features via the additional embedding head. A
RoI in a view xi is considered a positive match to a de-
tection D̂i on the same view if they have Intersection over
Union (IoU) higher than α1 = 0.7, negative if lower than
α2 = 0.3. The matching of RoIs under the two views xS

and xC is positive if both regions are associated to the same
teacher detection D̂; negative otherwise.
Patch Contrastive Learning. Assuming that V positive
RoIs are proposed on the student view xS as training sam-
ples and K RoIs on the contrastive view xC as contrastive
targets, we use the non-parametric softmax [68, 62] with
cross-entropy to optimize the appearance embeddings of

each training sample. We here only show the loss for one
training sample, but average it over all of them:

Lembed = −
∑
k+

log
exp(v · k+)

exp(v · k+) +
∑

k− exp(v · k−)
, (1)

where v are RoI embeddings on xS , and k+, k− are their
positive and negative targets on xC .

Analogously to [45], we reformulate Eq. (1) to avoid
considering each negative target k− multiple times per
training sample v, while only once the positive one k+:

Lembed = log[1 +
∑
k+

∑
k−

exp(v · k− − v · k+)]. (2)

We further adopt an L2 auxiliary loss to constrain the logit
magnitude and cosine similarity:

Laux =

(
v · k

||v|| · ||k||
− 1{k∈{k+}}

)2

, (3)

where 1 is the indicator function and k an RoI embedding
such that k ∈ {k−}∪ {k+}. We calculate the auxiliary loss
over all positive pairs and three times more negative pairs.

3.4. Detection Consistency

While our PCL adapts the local appearance representa-
tions to the target domain and improves instance associa-
tion, not imposing any additional constraint might let the
global image features deviate from the distribution expected
by the detection head and damage the overall performance
(Table 6). Inspired by self-supervised representation learn-
ing for image classification [22], we introduce a detection
consistency (DC) loss between predictions of the teacher
and student detection heads under different image augmen-
tations to adapt object detection to the target domain, while
EMA updates to the teacher model gradually incorporate
the improved student representations and enable better tar-
gets for the consistency loss.

A by-product of our self-consistency to different aug-
mentations is fostering better global representations on the
target domain, complementary to the local representations
learned via our PCL. Moreover, tracking-by-detection is
negatively affected by flickering of detections through time,
and domain shift exacerbates this issue. We find that enforc-
ing detection consistency under different photometric aug-
mentations stabilizes detection outputs in adjacent frames,
significantly improving MOTA [2] (Table 7).

In particular, our detection consistency loss is composed
of an RPN- and an RoI-consistency component applied on
the RPN and RoI heads in Faster R-CNN. Notice that our
method applies to other two-stage detectors, and extends to
one-stage detectors by ignoring the RPN consistency loss.
We now present the details of our method.
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Figure 3. We here illustrate our novel patch contrastive formulation (Section 3.3). First, we identify object regions by applying the teacher
detector on the input image and filtering the detections based on their confidence. We then apply on the input image and detected bounding
boxes the transformations ϕ̂S and ϕC to generate the student and contrastive view, deriving association pseudo-labels by considering a
match as positive when proposed regions (white) on different views match to a same teacher detection (identified by the same color across
both views). Finally, we apply a multi-positive patch contrastive loss on the projections of the proposed regions obtained via the student
embedding head. We here show an example of positive (green) and negative (red) matches for one of the student-view proposed regions.

Views Definition. We contextualize our choices on the
views generation protocol (Section 3.2). We generate the
teacher image xT by applying a geometric augmentation ϕT

on the input image x. Since the teacher predictions should
provide high-quality targets for the student, we do not fur-
ther corrupt xT with photometric augmentations. Moreover,
our DC loss requires geometric alignment of xT and xS . We
thus generate xS by applying a photometric augmentation
ϕS on the teacher view xT to satisfy geometric alignment
and allow consistency under photometric changes.

RPN Consistency. We implement RPN consistency as an
L2 loss between the teacher ξ and student θ RPN regression
- i.e. displacement w.r.t. anchors - and classification outputs
on xT and xS . Inspired by model compression [9], we con-
trol the regression consistency by a threshold ϵ = 0.1 on
the difference between the teacher and student classification
outputs. We define the RPN consistency loss as:

LRPN
DC =

1

N

∑(∥∥sξ − sθ
∥∥2

2
+ 1{sξ>sθ+ϵ}

∥∥rξ − rθ
∥∥2

2

)
, (4)

where 1 is the indicator function, N the number of anchors,
s the RPN classification logits, r the RPN regression output.
RoI Consistency. We feed the teacher proposals into the
student RoI head and enforce an L2 consistency loss with
the final teacher regression - i.e. displacement w.r.t. region
proposals - and classification outputs. For each RoI classi-
fication output - the logits p - we subtract the mean over the
class dimension to get the zero-mean classification result,
p̃. Given K sampled RoIs, C classes including background,
and the bounding box regression result t, we derive the RoI

consistency loss as:

LRoI
DC =

1

K · C
∑(∥∥p̃ξ − p̃θ

∥∥2

2
+

∥∥tξ − tθ
∥∥2

2

)
(5)

3.5. Total Loss

The entire framework is jointly optimized under a
weighted sum of the individual losses:

L = γ1Lembed + γ2Laux + γ3LRPN
DC + γ4LRoI

DC (6)

= LPCL + γ3LRPN
DC + γ4LRoI

DC , (7)

where γ1, γ2, γ3 and γ4 are set to 0.25, 1.0, 1.0 and 1.0.
LPCL = γ1Lembed + γ2Laux is the total PCL loss.

In Section 4.3 we ablate on the need for each individual
component, showing the importance of a holistic adapta-
tion solution for MOT that emphasizes the importance of
the whole and the interdependence of its parts.

4. Experiments
We provide a thorough experimental analysis of the ben-

efits of our proposal. We detail the experimental setting in
Section 4.1, evaluate DARTH on a variety MOT adaptation
benchmarks (Section 4.2), and ablate on different method
components and data augmentation strategies (Section 4.3).
Further experimental results are in the Appendix.

4.1. Experimental Setting

We tackle the offline TTA problem for MOT. Each
model is initially supervised on the Source dataset, and
adapted/tested on the combined validation set of the Tar-
get dataset. Only the categories shared across both datasets
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are considered. To evaluate the impact of domain shift on
the individual components of MOT systems and how each
TTA method can address them, we choose a set of 5 metrics
here ordered by the extent to which they measure the de-
tection (left) or association (right) performance: DetA [37],
MOTA [2], HOTA [37], IDF1 [2], AssA [37].
Benchmark. We validate DARTH on a variety of do-
main shifts across the driving datasets SHIFT [60] and
BDD100K [70], and the pedestrian datasets MOT17 [39]
and DanceTrack [58]. The sim-to-real gap provided by
SHIFT→ BDD100K offers a comprehensive scenario to
analyze the impact of domain shift on multi-category mul-
tiple object tracking. By training and adapting on both
datasets only on the set of shared categories - i.e. pedes-
trian, car, truck, bus, motorcycle, bicycle - we can assess
how different adaptation methods deal with class imbal-
ance. Moreover, we analyze the outdoor-to-indoor shift
on MOT17→ DanceTrack and BDD100K→ DanceTrack,
and indoor-to-outdoor shift in the opposite direction. Fi-
nally, we investigate how trackers trained on small datasets
can be improved via large amounts of unlabeled and di-
verse data (small-to-large) in MOT17→ BDD100K and
DanceTrack→ BDD100K, while the opposite direction
tells us more about the generality of trackers trained on
large-scale driving datasets. Experiments on additional do-
main shift settings are reported in the Appendix.
Baselines. Although no method for TTA of MOT was pre-
viously proposed, we compare against extensions to QD-
Track [45] of popular TTA techniques for image classifica-
tion and object detection: the No Adaptation (No Adap.)
baseline, which applies the source pre-trained model di-
rectly on the target domain without further finetuning;
Tent [63], originally proposed for image classification, we
extend it to adapt the encoder’s batch normalization param-
eters by minimizing the entropy of the RoI classification
head; SFOD [33], a TTA method for object detection which
adapts a student model on the confidence-filtered detections
of a source model on the target domain; Oracle, the opti-
mal baseline provided by an oracle model trained directly
on the target domain with full supervision and access to the
privileged information provided by the target labels.
Implementation Details. We build on the state-of-the-art
appearance-based tracker, QDTrack [45]. QDTrack equips
an object detector with a further embedding head to learn
instance similarities. As object detector, we use the Faster
R-CNN [48] architecture with a ResNet-50 [24] backbone
and FPN [34]. Our embedding head is a 4conv1fc head with
group normalization [67] to extract 256-dimensional fea-
tures. For additional source model implementation details
and tracking algorithm, refer to the original paper [45].

During the adaptation phase, the teacher model is up-
dated as an EMA of the student weights with a momentum
τ=0.998. For our patch contrastive loss we sample 128

Method Source Target DetA MOTA HOTA IDF1 AssA

No Adap.

SHIFT BDD100K

12.0 -66.4 17.3 18.5 28.9
Tent [63] 0.1 0.0 0.7 0.2 4.5
SFOD [33] 12.4 -57.3 17.7 19.0 29.1
DARTH 15.2 8.3 20.6 23.7 33.1

Oracle BDD100K BDD100K 29.6 35.8 35.1 56.0 42.6

Table 2. State of the art on SHIFT → BDD100K. We compare
DARTH (ours) against baseline TTA methods for adapting QD-
Track from the synthetic driving dataset SHIFT to the real-world
BDD100K. Metrics are averaged across all object categories.

RoIs via IoU-balanced sampling [44] from the student view
and 256 from the contrastive view, with a positive-negative
ratio of 1.0 for the contrastive targets. We use the SGD
optimizer, with an initial learning rate of 0.001 decayed fol-
lowing a dataset-dependent step schedule. The gradients’
norm is clipped to 35. Further dataset- and method-specific
hyperparameters are reported in the Appendix.

4.2. DARTH

Domain Shift in MOT. We analyze the effect of differ-
ent types of domain shift on a QDTrack model pre-trained
on a given source domain (Table 1). Sim-to-real drasti-
cally affects all the components of the tracking pipeline,
with the detection accuracy (DetA) dropping by -74.4%,
the association accuracy (AssA) more than halving, and
the MOTA suffering a catastrophic -118.8. Interestingly,
MOT17→ DanceTrack provides a contextual shift fatal to
the AssA (-84.3%), while the DetA remains stable. This
can be explained by the identical clothing of dancers in
DanceTrack, causing problems to embedding heads learned
on datasets where diverse clothing is a discriminative fea-
ture. Inversely, indoor trackers trained on DanceTrack fail
to generalize their DetA, but retain high AssA on outdoor
datasets. These findings call for a solution that addresses
adaptation of the tracking pipeline as a whole.
SHIFT→ BDD100K. We analyze the impact of different
TTA adaptation strategies on this sim-to-real setting in Ta-
ble 2, and report each metric averaged across all object cat-
egories. Compared to the SFOD baseline, which produces
only marginal improvements, DARTH effectively boosts
all the components of the MOT system, with a notewor-
thy +74.7 MOTA over the non-adapted source model (No
Adap.). This result highlights the effectiveness of DARTH
under severe domain shift and in class-imbalanced condi-
tions. Notably, using Tent [63] out-of-the-box fails in this
scenario. While in other settings (Tables 3 to 5) Tent’s fail-
ure is less striking, we argue that it is expected since: (i) the
entropy minimization objective harms localization; (ii) ob-
ject detectors commonly keep the encoder’s ImageNet [13]
normalization statistics frozen, while Tent updates the batch
statistics during adaptation and the model cannot cope with
such a large internal distribution shift. Recent work also
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Method Source Target DetA MOTA HOTA IDF1 AssA

No Adap.

MOT17 DT

52.4 57.2 21.5 19.5 9.0
Tent [63] 32.6 27.7 11.9 10.9 4.6
SFOD [33] 53.5 59.0 22.0 20.3 9.3
Ours 57.2 70.1 31.6 32.8 17.7

Oracle DT DT 68.5 79.2 43.5 42.3 28.0

No Adap.
MOT17
(+ CH) DT

61.8 74.0 31.1 29.6 15.8
Tent [63] 25.5 26.7 12.2 11.3 6.0
SFOD [33] 62.5 74.1 30.1 27.5 14.7
Ours 64.7 78.9 35.4 35.3 19.6

Oracle DT DT 68.5 79.2 43.5 42.3 28.0

No Adap.

DT MOT17

24.7 23.3 32.6 35.4 43.5
Tent [63] 18.9 -4.8 26.0 25.1 37.4
SFOD [33] 25.1 23.7 33.1 35.7 44.3
Ours 26.4 25.5 34.3 37.9 45.2

Oracle MOT17 MOT17 57.2 68.2 57.1 68.5 57.4

Table 3. State of the art on MOT17 → DanceTrack and
DanceTrack → MOT17. We compare DARTH (ours) against
baseline TTA methods for multiple object tracking across pedes-
trian tracking datasets. DT: DanceTrack; CH: CrowdHuman.

Method Source Target DetA MOTA HOTA IDF1 AssA

No Adap.

BDD100K MOT17

28.6 31.4 36.0 43.5 45.8
Tent [63] 17.3 -86.8 24.6 23.9 35.9
SFOD [33] 29.6 31.7 35.4 42.4 42.8
Ours 29.4 32.6 36.6 44.4 45.9

Oracle MOT17 MOT17 57.2 68.2 57.1 68.5 57.4

No Adap.

BDD100K DT

41.9 41.6 18.0 17.0 7.9
Tent [63] 9.9 -45.9 6.1 4.7 3.8
SFOD [33] 43.8 42.3 18.1 17.0 7.6
Ours 45.1 50.2 21.5 21.4 10.4

Oracle DT DT 68.5 79.2 43.5 42.3 28.0

Table 4. State of the art on BDD100K → MOT17/DanceTrack.
We compare DARTH (ours) against baseline TTA methods for
adapting a pedestrian MOT model trained on the large-scale driv-
ing dataset BDD100K to the pedestrian datasets MOT17 and
DanceTrack (DT).

shows that Tent deteriorates the source model under strong
distribution shift in both image classification [69] and se-
mantic segmentation [74]. Finally, Figure 1 shows qualita-
tive results before and after adaptation with DARTH. While
No Adap. fails at consistently detecting across frames the
cars on the right side of the road, DARTH successfully re-
covers missing detections and correctly tracks them.
MOT17↔ DanceTrack. We compare different TTA adap-
tation methods on indoor-outdoor and contextual shifts on
the MOT17 and DanceTrack datasets in Table 3. As re-
ported in Table 1, DanceTrack poses a great challenge to the
data association of a tracker trained on MOT17. We show
that DARTH almost doubles the initial AssA of the non-
adapted source model, and increases the MOTA and HOTA
by a remarkable +12.9 and +10.1, considerably bridging the
gap with an Oracle model directly trained on the target do-
main DanceTrack. More limited is the performance boost

Method Source Target DetA MOTA HOTA IDF1 AssA

No Adap.

DT BDD100K

9.3 -16.0 14.1 12.3 21.8
Tent [63] 3.6 -29.5 8.1 5.7 18.6
SFOD [33] 9.5 -23.2 14.8 12.9 23.4
Ours 12.8 -1.5 17.8 17.4 25.1

No Adap.

MOT17 BDD100K

23.2 10.5 27.2 33.3 32.4
Tent [63] 13.4 -29.5 18.9 19.7 27.2
SFOD [33] 24.5 -7.4 27.8 32.9 32.2
Ours 31.6 21.4 32.4 40.4 33.6

No Adap.
MOT17
(+ CH) BDD100K

32.4 28.3 33.7 41.7 35.4
Tent [63] 3.6 -29.5 8.1 5.7 18.6
SFOD [33] 34.9 17.0 35.1 41.9 35.8
Ours 36.3 23.4 36.3 44.4 36.8

Oracle BDD100K BDD100K 36.5 14.2 39.6 48.2 43.3

Table 5. State of the art on MOT17/DanceTrack → BDD100K.
We compare DARTH (ours) against baseline TTA methods for
adapting pedestrian MOT models to the large-scale driving dataset
BDD100K. DT: DanceTrack; CH: CrowdHuman.
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Figure 4. Tracking results on the sequence 0034 of the DanceTrack
validation set in the adaptation setting MOT17 → DanceTrack.
We analyze 2 frames spaced by k=0.5 seconds and visualize the
No Adap. baseline (top row) and DARTH (bottom row). On each
row, boxes of the same color correspond to the same tracking ID.

in the opposite direction, where our proposal improves the
source model over all metrics, but the DetA gap with the
Oracle model remains large. Qualitative results before and
after adaptation with DARTH on MOT17 → DanceTrack
are shown in Figure 4. The unadapted source model cor-
rectly detects the dancers but fails at associating them, while
DARTH effectively recovers instance association.

Pedestrians ↔ BDD100K. Data annotation is an expen-
sive procedure, especially in video tasks such as MOT. Be-
ing able to train on limited labeled data and generalize to
large and diverse unlabeled datasets would save enormous
annotation costs and time. Table 5 shows how, after adapt-
ing an MOT17 model to BDD100K with DARTH, the gap
with the Oracle trained on BDD100K is drastically reduced,
with our DARTH model far exceeding the Oracle’s MOTA.
When pre-training on CrowdHuman, DARTH even ties the
Oracle’s DetA, although there is still room for improving
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EMA DC PCL DetA MOTA HOTA IDF1 AssA

- - - 12.0 -66.4 17.3 18.5 28.9
- - ✓ 9.4 -40.5 14.3 14.5 27.6
- ✓ - 12.6 -37.6 18.0 19.5 29.5
✓ ✓ - 14.5 6.1 19.7 22.0 31.0
✓ ✓ ✓ 15.2 8.3 20.6 23.7 33.1

Table 6. Ablation study on the impact of different method com-
ponents on DARTH (Average). We analyze the effect of different
method components on DARTH (ours) on SHIFT → BDD100K.
We report with a ✓whether exponential moving average (EMA),
detection consistency (DC) and Patch Contrastive Learning (PCL)
are applied. For each metric we report its average across all object
categories. No Adap. is in gray.

data association. In contrast, SFOD only marginally satis-
fies its objective of improving the DetA, while worsening all
tracking-related metrics by not adapting data association.

Our method reports improvements also in the opposite
direction (Table 4), where the tracker is first trained on the
large scale dataset BDD100K and then asked to generalize
to the smaller scale datasets MOT17 and DanceTrack. Nev-
ertheless, the SFOD baseline also shows improvements on
BDD100K→ MOT17, slightly exceeding DARTH’s DetA.

4.3. Ablation Studies

We here ablate on different design choices and compo-
nents of DARTH, highlighting the importance of a holistic
solution to the MOT adaptation problem. Additional abla-
tions and visual results are provided in the Appendix.
Method Components. We ablate on the impact of dif-
ferent method components - i.e. exponential moving av-
erage (EMA), detection consistency (DC), and patch con-
trastive learning (PCL) - on SHIFT→ BDD100K in Ta-
ble 6. We find that applying PCL alone is detrimental, since
the newly learned features become incompatible with the
unadapted detection head. Applying DC alone produces in-
stead improvements over all metrics, and in particular over
the MOTA, hinting at the enhanced consistency of detec-
tion results in adjacent frames. Enabling the momentum
updates to the teacher (EMA + DC) causes a remarkable
boost, meaning that the adapted global representations fos-
tered by DC and gradually injected into the teacher generate
better targets for our DC formulation. Finally, the PCL fur-
ther boosts the performance of EMA + DC, proving how all
tracking components are interconnected and a holistic solu-
tion is required to achieve the best adaptation performance.
Data Augmentation. We ablate on the effect of differ-
ent data augmentation strategies to generate the teacher, stu-
dent, and contrastive views. The results, reported in Table 7,
show how applying independent geometric augmentations
to the teacher/student and contrastive views already boosts
the overall performance. However, a significant additional
improvement is caused by adding a subsequent photomet-
ric augmentation when generating the student view from

Teacher Student Contrastive DetA MOTA HOTA IDF1 AssA

- - - 12.0 -66.4 17.3 18.5 28.9
- - - 12.0 -39.9 14.2 13.1 21.7
g - g 13.7 -7.4 19.3 21.4 32.3
g - g + p 13.5 -5.8 18.9 20.8 31.3

g + p - g + p 13.2 -6.8 18.5 20.4 30.5
g p g 15.1 7.4 20.2 23.0 32.2
g p g + p 15.2 8.3 20.6 23.7 33.1

Table 7. Ablation study on different data augmentation settings
for DARTH (Average). We analyze the effect of different data
augmentation settings on DARTH on SHIFT → BDD100K. We
report the augmentations applied on the Teacher, Student and Con-
trastive view, chosen from geometric (g) and photometric (p) aug-
mentations as detailed in Section 3.2. For each metric we report
its average across all object categories. No Adap. is in gray.

the teacher view, making the detection consistency a consis-
tency to photometric augmentations problem. This results
in a further +15.1 in MOTA, proving that a by-product of
our photometric detection consistency formulation is stabi-
lization of detections through time.
Stronger Source Model. We investigate the impact of
a stronger source model by pre-training Faster R-CNN
on CrowdHuman (CH) [55] before training QDTrack on
MOT17. Although this results in a marginal improve-
ment on the source domain MOT17 (Table 1), it signifi-
cantly boosts the robustness of the source model by up to
+9.4 DetA and +6.8 AssA when tested on DanceTrack or
BDD100K compared to the model only trained on MOT17.
The experiments on MOT17 (+CH)→ DanceTrack (Ta-
ble 3) and on MOT17 (+CH)→ BDD100K (Table 5)
demonstrate that, even when starting from a more robust
initialization, DARTH still significantly improves No Adap.
by up to +4.0 DetA, +4.3 HOTA, and +3.8 AssA.

5. Conclusion
Playing a pivotal role in perception systems for safety-

critical applications such as autonomous driving, MOT al-
gorithms must cope with unseen conditions to avoid life-
critical failures. In this paper, we introduce DARTH, the
first domain adaptation method for multiple object track-
ing. DARTH provides a holistic framework for TTA of
appearance-based MOT by jointly adapting all the track-
ing components and their intrinsic relationship to the tar-
get domain. Our detection consistency formulation adapts
the object detection stage by learning global representa-
tions on the target domain while enforcing detection con-
sistency to view changes. Our patch contrastive loss adapts
the appearance representations to the target domain, foster-
ing discriminative local instance representations suitable for
downstream association. Experimental results validate the
remarkable effectiveness of DARTH, fostering an all-round
improvement to MOT in both the object detection and in-
stance association stages on a variety of domain shifts.
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