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Abstract

End-to-end transformer-based trackers have achieved remarkable performance on
most human-related datasets. However, training these trackers in heterogeneous
scenarios poses significant challenges, including negative interference — where the
model learns conflicting scene-specific parameters — and limited domain gener-
alization, which often necessitates expensive fine-tuning to adapt the models to
new domains. In response to these challenges, we introduce Parameter-efficient
Scenario-specific Tracking Architecture (PASTA), a novel framework that com-
bines Parameter-Efficient Fine-Tuning (PEFT) and Modular Deep Learning (MDL).
Specifically, we define key scenario attributes (e.g., camera-viewpoint, lighting
condition) and train specialized PEFT modules for each attribute. These expert
modules are combined in parameter space, enabling systematic generalization to
new domains without increasing inference time. Extensive experiments on MOT-
Synth, along with zero-shot evaluations on MOT17 and PersonPath22 demonstrate
that a neural tracker built from carefully selected modules surpasses its monolithic
counterpart. We release models and code.

1 Introduction

Video Surveillance is essential for enhancing security, supporting law enforcement, improving safety,
and increasing operational efficiency across various sectors. In this respect, Multiple Object Tracking
(MOT) is a widely studied topic due to its inherent complexity. Nowadays, MOT is commonly tackled
with two main paradigms: tracking-by-detection (TbD) [3} 151} 611 28 43 38, 29] or query-based
tracking 56,158, 163| [12] (i.e., tracking-by-attention). Although tracking-by-detection methods have
proven effective across multiple datasets, their performance struggles to scale on larger datasets due
to the non-differentiable mechanism used for linking new detections to existing tracks. To this end,
query-based methods are being employed to unify the detection and association phase.

Nevertheless, training such end-to-end transformer-based methods presents significant challenges,
as they tend to overfit specific scenario settings [37, 55] (e.g., camera viewpoint, indoor vs. outdoor
environments), require vast amounts of data [63]], and incur substantial computational costs. Moreover,
these methods degrade under domain shifts, struggling to outperform traditional TbD methods.

In light of these challenges, we propose a novel framework, Parameter-efficient Scenario-specific
Tracking Architecture (PASTA), aimed at reducing the computational costs and enhancing the transfer
capabilities of such models. Leveraging Parameter Efficient Fine-Tuning (PEFT) techniques [[16, 34]]
can significantly decrease computational expenses and training time, starting with a frozen backbone
pre-trained on synthetic data. However, the model may still experience negative interference [49,
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Figure 1: Given a scene, we select the modules corresponding to its attributes, such as lighting and
indoor/outdoor. These modules are composed and then deployed, yielding a specialized model.

50, 37, 55], a phenomenon for which training on multiple tasks (or scenarios) causes the model to
learn task-speci ¢ parameters that may con ict. For instance, if the model learns parameters tailored
for an indoor sports activity, it could detrimentally affect its performance on a novel outdoor scene
depicting people walking. To this end, inspired by Modular Deep Learning (MBE]) fve employ

a lightweight expert module for each attribute, learn them separately, and nally compose them
ef ciently [ 17]. This approach — depicted in Fig. 1 —is akin to a chef preparing a pasta dish. Each
ingredient {.e., module) is prepared individually to preserve its unigue avor and then combined
harmoniously to create a balanced dish. Moreover, as pasta must be paffeethteto serve as the

ideal base for various sauces, the pre-trained backbone should be robust and well-tuned to serve as
the foundation for the modules. These modules must be combined effectively to ensure the model
performs well across diverse scenarios. Conversely, the result will be sub-optimal if incompatible
modules are mixed — analogous to combining ingredients that do not complement each other. Indeed,
combining contrasting modules can lead to ineffective handling of diverse tasks.

Notably, such a modular framework brings two advantages: it avoids negative interference and
enhances generalization by leveraging domain-speci ¢c knowledge. Firstly, starting from a pre-trained
backbone, we train each module independently to prevent parameter con icts, ensuring that gradient
updates are con ned to the relevant module for the speci ¢ scenario. This assures that parameters
learned for one attribute do not negatively impact the performance of another. Secondly, the modular
approach allows us to exploit domain knowledge fully, even when encountering a novel attribute
combination. Indeed, as shown in Sec. 5.5, our approach is effective even in a zero-shotisetting (
without further ne-tuning on the target dataset). Moreover, the selection of the modules may be
done automatically or in a more realistic production environment by video surveillance operators.

To evaluate our approach, we conduct extensive experiments on the synthetic MOTIS}atid[the
real-world MOT17 B] and PersonPath224] datasets. The results show that PASTA can effectively
leverage the knowledge learned by the modules to improve tracking performance on both the source
dataset and in zero-shot scenarios. To summarize, we highlight the following main contributions:

* We propose PASTA, a novel framework for Multiple Object Tracking built on Modular Deep
Learning, enabling the ne-tuning of query-based trackers with PEFT techniques.

« By incorporating expert modules, we improve domain transfer and prevent negative interfer-
ence while ne-tuning MOT models.

« Comprehensive evaluation con rms the validity of our approach and its effectiveness in
zero-shot tracking scenarios.

2 Related works

Multiple Object Tracking. The most widely adopted paradigm for Multiple Object Tracking (MOT)

is tracking-by-detectiofTbD) [3, 51, 61, 28, 43, 38]. First, an object detectoe(g, YOLOX [14])
localizes objects in the current frame. Next, the association step matches detections to tracks from
the previous frame by solving a minimum-cost bipartite matching problem, with the association cost
de ned in various formsé€.g, loU [3, 61], GloU [40], or geometrical cue<B, 33]). This pairing
typically occurs immediately after propagating the previous tracks to the current frame using a motion
model €.g, Kalman Filter [9]). Notably, methods following such paradigm have succeeded on



complex human-related MOT benchmarBs9, 47, 44]. In TbD, the detection and data-association
steps are equally crucial to accurately localizing and tracking objects. Recent &6y} fiave
attempted to unify these steps; however, progress toward a fully uni ed algorithm was constrained by
a signi cant limitation — the data association procesg)( the Hungarian algorithn2[)]) is inherently
non-differentiable. Aninitial effort was made by Xtial. [53] that proposed a differentiable version of

the Hungarian algorithm, later advanced by end-to-end transformer-based tr&ikég; 63, 56, 13].

However, transformer-based trackers (also known as tracking-by-attention) require large amounts of
data to achieve decent generalization capabili6@s31]. Due to the data scarcity in MOT, these
models often over t to the speci c domain they were trained on, which hampers their ability to
generalize to different domains [17, 21, 37].

Modular Deep Learning (MDL). Considering recent trends in the eld of deep learning, state-
of-the-art models have become increasingly larger. Consequentially, ne-tuning these models has
become expensive; concurrently, they still struggle with tasks like symbolic reasoning and temporal
understandingdb]. Recent learning paradigms basedMuodular Deep Learning(MDL) [35]

can address these challenges by disentangling core pre-training knowledge from domain-speci c
capabilities. By applying modularity principles, deep models can be easily edited, allowing for the
seamless integration of new capabilities and the selective removal of existing ones [26, 36].

Speci cally, lightweight computation functions nametbdulesare employed to adapt a pre-trained
neural network. To do so, several ne-tuning techniques could be used to realize these modules,
such as LoRA16], (IA) 2 [25], and SSF 23]. These multiple modules can be learned on different
tasks such that they can specialize in different conc&&s At inference time, not all modules have

to be active at the same time. Instead, they can be selectively utilized as needed, either based on
prior knowledge of the domain or dynamically in response to the current input. To establish which
modules to activate, it is common practice to rely aoating function which can be either learned

or xed. Finally, the outputs of the selected modules are combined usiaggregation functionTo
minimize inference costs, this process is usually performed in the parameter space rather than the
output space, an activity often referred tanagdel merging54]. Speci cally, a single forward pass is
performed using weights generated by a linear combination of those selected by the routing function.

Domain adaptation and open-vocabulary approaches in MOT.Currently, domain adaptation tech-
nigues have only been applied to tracking-by-detection methods, with GH@Bparjd DARTH [42]

serving as notable examples. In particular, GHOST adapts the visual encoder employed to feed
the appearance model by updating the suf cient statistics of the Batch Normalization layers during
inference. In contrast, our approach regards tracking-by-attention approaches and adapts the entire
network. Moreover, DARTH employs test-time adaptation (TT24][and Knowledge Distillation,
requiring multiple forward passes and entire sequences, making it computationally heavy and less
practical for real-time use. In contrast, our method is entirely online and requires only basic target
scene attributes, with no further training during deployment.

Recent advances in zero-shot tracking have focuseipen-vocabulary trackingvhere the model

can track novel object categories by prompting it with the corresponding textual representation. In
this respect, methods like OVTrackd and Z-GMOT {8] leverage CLIP 89] and language-based
pre-training, while OVTracktorq] extends tracking to any category. Our method does not use
open-vocabulary models but emphasizes domain knowledge transfer in end-to-end trackers.

3 Preliminaries

Ef cient ne-tuning. Given the substantial size of recent vision backbones, often consisting of
hundreds of millions of parameters, adapting them to new scenarios is computationally expensive,
both in terms of time and memory requirements. To tackle the above problems, Parameter Ef cient
Fine-Tuning (PEFT) started to take place in recent literature. Among these methods, Low-Rank
Adaptation (LORA) [L6] excels at such purpose. Speci cally, LORA adapts a pre-trained weight
matrix o 2 RY X, with d andk being the dimensions of the matrix, by leveraging a low-rank
decomposition o + = o+ BA,whereB 2 R ";A 2 R" X andr  min(d;k). During
training, o is kept frozen, while the smallék andB matrices are instead trainable, making the
process highly ef cient. The forward pass becorhes ox + BAx, wherex are the input features.



Figure 2: Overview of our modular architecture. A domain expert selects PEFT modules based
on sequence attributes such as lighting and camera movement. These selected modules are then
composed and applied to each model layer, adapting the backbone and encoder-decoder architecture.

Query-based Multiple Object Tracking. The underlying backbone of our transformer-based tracker
follows the structure ofg8]. In a nutshell, such a query-based model forces each query to recall
the same instance across different frames. Speci cally, we leverage an end-to-end trainable tracker
built upon the Deformable DETR] framework conditioned by the image features extracted with a
convolutional backbone.é., ResNet 15]). Following [63], we further condition the DETR decoder

with a set of detections from an external detector network and a shared learnable query.

Attimet = 0, new proposals are generated from the objects detected in the scene. These proposals
are then updated through self-attention and interact with image features via the deformable attention
layer. The nal prediction output is the summation of the initial anchors and the predicted offsets.
For subsequent framesX 0), track queries generated from the previous frame are concatenated
with learnable proposal queries of the current frame. Moreover, previous predictions are integrated
with current proposals to establish new anchors for the incoming frame. We refer the reader to the
original paper 63 for further details. It is noted that the exibility of this architecture allows for the
seamless integration of techniques based on modularity.

4 Method

We herein present PASTA, depicted in Fig. 2, a novel approach to Multiple Object Tracking that
leverages PEFT modules to enable attribute-speci ¢ module specialization and reuse. This approach
allows for the dynamic con guration of an end-to-end tracker by selecting the appropriate modules
for each input scene, fully leveraging heterogeneous pre-training while avoiding negative transfer.

Attribute-based modularity. We devise a set of learnable modules to ne-tune each layer of our
query-based tracker. Each module is related tatarbute : as shown in Fig. 3, we de nbl =5
attributes, nameliighting, viewpoint occupancylocation, andcamera motiopand provide a tailored
module for each discrete value these attributes take (see Sec. 5.3 for details). For instdocaticime
attribute has indoor and outdoor modules. At inference time, prior knowledge about the input scene
is used to determine the appropriate value for each attribute, which in turn selects the corresponding
modules from the “inventory”, denoted &k.

Since the base modedJ] relies on heterogeneous layers — namely, convolutiangl, ResNet) and
attention-based blocke.g, Deformable DETR) — we employ two different strategies to ne-tune the
modules. Speci cally, after each convolutional layer of the ResNet backbone, we apply a strategy



Figure 3: Examples of surveillance scenes and their corresponding attributes used by PASTA.

that learns channel-wise scale and shift parameters; for each layer of Deformable DETR, instead, we
employ LoRA-based ne-tuning at each linear layer. In formal terms, considering each convolutional

layer of the ResNet backbone, we depjiyj pairsf 1, ; mg' -, of learnable vectors 2 RC,
whereC is the number of the output channels. For each linear Ibgéthe encoder-decoder structure

underlying Deformable DETR, we devifd j pairsf Ay ;Bn, g‘ -, of learnable LoRA matrices.

During training, we start with the pre-trained weights and integrate all the modules while keeping the
original parameters frozen. To prevent negative interference, we optimize each nmoggendently
randomly sampling one attribute at a time and updating only the corresponding module at each
training iteration. By the end of the training process, we obtain a set of specialized parameters
(expert3, which can be seamlessly merged during inference to improve overall tracking performance.

Routing through Domain Expert. During inference, two essential steps are required to exploit the
learned modulesouting andaggregation With multiple modules available from the inventdd, a

routing strategy is required to determine the modules that should be active. To make this selection, we
draw on what is known in the literature aspert knowledggs2, 35] (or “Domain Expert” in Fig. 2).

In real-world applications such as video analytics, the expertise guiding the selection can come from
a video surveillance operator or human analyst, who con gures the appropriate modules to re ect
domain- and scene-speci ¢ settings, such as camera perspective, lighting conditions, and other critical
details. This approach allows users to optimize the tracking module for their unique contexts without
extensive retraining. Additionally, the modular nature of the system enables easy integration of new
modules to address emerging attributes or scenarios.

Relying on Domain Expert to select attributes is a grounded practice in real-world applications. For
instance, the camera's mounting perspective and whether the scene is indoors or outdoors are typically
known factors in xed-camera scenarios. Additionally, automatic approaches can be envisioned to
minimize human intervention further. For example, lighting conditions can be inferred by analyzing
brightness levels, and a detector can count objects of interest in the scene, classifying crowd density.

Modules composition. In the nal step, we aggregate the selected modules (“Modules Composition”
in Fig. 2) and incorporate the result into the pre-trained tracker to create an expert model. Since
these modules have been obtained by ne-tuning frgmeach module ? corresponds to a speci ¢
displacement” = ? in parameter space relative to the initial pre-training parameter$his
displacement is known as tl@sk vectof18]. The nal composed moddl( ; .) is de ned as:

f(; ¢) where (= O+PiN:l i P- i=land;2M: Q)

When ; = Ni the formula simpli es to the average of the task vectors corresponding to each attribute.
We employ this straightforward strategy for, giving equal weight to all attributes. However,
considering the task vector associated with theth attribute, we employ a more sophisticated
approach. If there are no domain shifts during inferemeg poth training and testing occur on the
same dataset, such as MOTSynth), the task vectisrsimply set to the displacement produced

by the expert module selected by the Domain Expert. In contrast, when domain shifts are present
(e.g, training on MOTSynth and testing on MOT17), we adopt a soft strategy that conaltirs
modules in the inventory associated with the relevant attribute. In doing so, we follow the insights
from [59], where the authors demonstrated that scenarios with shifting tasks bene t from richer
representations than those derived from a single optimization episode.

Speci cally, given thei-th attribute, leR(i) be the set of its modules. We recall that each attribute
admits multiple discrete values.@, R(occupancy= f*“low”; “medium?”; “high”g), and different
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