
Reynolds rules in swarm 
fly behavior based on KAN 
transformer tracking method
Qi Yang1, Jiajun Ji1, Ruomiao Jing1, Haifeng Su1, Shuohong Wang2 & Aike Guo1

The analysis of complex flight patterns and collective behaviors in swarming insects has emerged 
as a significant focus across biological and computational fields. Tracking these insects, like fruit 
fly, presents persistent challenges due to their rapid motion patterns and frequent occlusions in 
densely populated environments. To address these challenges, we propose a tracking method using 
particle filter framework combined with a Kolmogorov–Arnold Network (KAN)-Transformer model 
to extract the global features and fine-grained features of the trajectory. Additionally, manually 
annotated ground truth datasets are established to enable thorough assessment of tracking methods. 
Experimental results demonstrate the effectiveness and robustness of our proposed tracking method. 
Analysis of tracked trajectories revealed the Reynolds rules of flocking behavior.

Understanding collective animal behavior is crucial for uncovering the mechanisms of group coordination, 
decision-making and information transfer. Such studies not only deepen our knowledge of biological systems 
but also inspire applications in multi-agent systems like swarm robotics. Previous studies have explored collective 
behavior across various species, revealing how groups form1–3, how information spreads within groups4–7 
and the generation of behavioral patterns8,9. For instance, in bird flocks, interactions between individuals are 
shown to depend on topological distance (a fixed number of nearest neighbors) rather than metric distance 
(absolute spatial proximity), enabling groups to maintain cohesion and coordination across varying densities10. 
Hierarchical structures have also been observed in pigeon flocks, where a small number of leader individuals 
exert a disproportionate influence on the group’s movement decisions, while others adjust their motion based on 
local neighbors’ behavior11. Similarly, mosquito mating swarms exhibit short-term synchronized flight patterns 
driven by local velocity alignment, highlighting the role of pairwise interactions in generating coordinated 
group behavior12. In fish schools, visual sensory networks have been identified as the primary mechanism for 
information transfer, outperforming traditional metric- and topology-based interaction models in predicting 
how behavioral responses propagate during leadership events13.

To analyze these collective behaviors quantitatively, accurate tracking of individual animals within groups 
is essential14. While some studies utilize GPS devices for larger animals11, computer vision-based multi-object 
tracking at different frames has emerged as a powerful tool for studying smaller targets in laboratory settings. 
Wojke introduced DeepSORT15, which integrates deep appearance features with Kalman filtering and cascade 
matching using Mahalanobis and cosine distances, establishing a robust real-time tracking framework. Zhang 
proposed FairMOT16, a single-network architecture that jointly handles detection and re-identification feature 
extraction, demonstrating that a well-designed single network can outperform separate networks for detection 
and Re-ID. Zhang developed ByteTrack17, which innovatively utilizes both high-score and low-score detections 
in different association processes, achieving state-of-the-art performance on MOT benchmarks. Recent 
advancements in transformer-based approaches have opened new possibilities for multi-object tracking. Yuan 
proposed ETDMOT18, a novel end-to-end transformer-based framework specifically designed for drone-based 
tracking scenarios. Their approach integrates object detection and tracking into a unified pipeline, leveraging 
self-attention mechanisms to capture complex inter-object relationships. Various methods have been developed 
for tracking groups of organisms in biological studies. The GReTA19 algorithm offers robust 3D multi-object 
tracking through global optimization and recursive divide-and-conquer, yet it faces challenges in computational 
complexity, sensitivity to initial links and handling non-confined data. Dell reviewed automated image-based 
tracking techniques20, highlighting methods like background subtraction and fingerprinting for tracking small 
organisms in complex environments. TRex21 used deep-learning-based visual identification to track large groups 
of individuals in behavioral studies. Some of these appearance-based tracking methods, like Dell’s20 and TRex21, 
heavily rely on visual features such as shape and appearance of the targets. However, the small size and similar 
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appearance of Drosophila often appear as dark spots in images with minimal texture or color variations. Hence, it 
is challenging to extract discriminative visual features to identify the same Drosophila across consecutive frames.

Various approaches have been developed to track small and featureless target like Drosophila. Manoukis22 used 
a constant-velocity Markov process with random perturbations for 3D tracking in high-density environments. 
Angarita-Jaimes23 adopted the idea of maximizing temporal smoothness for determining inter-frame associations. 
Nevertheless, these conventional tracking methods exhibit significant limitations when confronted with dense 
environments with rapidly moving targets. CNN-based detection methods demonstrated enhanced capabilities 
but remained susceptible to challenges such as partial occlusions and dense clustering of Drosophila24. Wu25 
introduced a novel approach combining particle filtering with 2D tracking in multiple views, utilizing linear 
assignment for track matching. Despite its innovations, this method suffered from trajectory fragmentation 
when targets failed to associate with detections in subsequent frames. Although Wu’s later work26 attempted to 
address this limitation by relaxing the one-to-one matching constraint, the system’s efficacy remained heavily 
dependent on detection accuracy. An alternative strategy involves establishing cross-view associations through 
feature matching to reconstruct 3D observations, followed by cross-frame association. Ardekani27 successfully 
implemented this approach for multiple Drosophila tracking. However, the method faces significant challenges 
in accurately distinguishing numerous small objects with similar appearances in 2D space and reconstructing 
their 3D positions. Wang28 enhanced the tracking accuracy by integrating long short-term memory (LSTM)29 
networks with particle filtering to model Drosophila kinematics. Yin30 integrated improved object detection with 
a Transformer31 model, arguing that the Transformer architecture is naturally suited for Lévy flight trajectory 
prediction. Nevertheless, these approaches exhibited limitations in maintaining continuous trajectories during 
occlusions and struggled with long-term tracking performance.

Recent research32–35 has shown promising results using Kolmogorov-Arnold Networks (KANs)36 for time 
series forecasting, demonstrating advantages in theoretical foundations, interpretability and prediction accuracy 
while maintaining a clear mathematical relationship between network architecture and function approximation 
capabilities. Xu32 and Vaca-Rubio33 explored variants of KANs integrated with traditional forecasting models, as 
well as new symbolic regression techniques within KANs, for dynamic univariate and multivariate forecasting. 
These innovations highlight KANs’ ability to offer enhanced analytical capabilities and improved interpretability 
in time series tasks. Han34 developed the Reversible Mixture of KAN experts (RMoK), utilizing a mixture-
of-experts approach to adaptively assign time series variables to specialized KANs, thereby improving model 
performance through detailed feature weight analysis. Genet35 introduced the Temporal Kolmogorov-Arnold 
Transformer (TKAT), which combines KANs with transformer architectures to handle complex multivariate 
data and long-range dependencies. However, this approach does not fully leverage the strengths of both models, 
as it uses KAN to encode the time series before applying multi-head attention.

Considering that the Transformer excels at capturing long-range dependencies in time series data, while KAN’s 
superior function approximation capabilities enhance the model’s ability to process local temporal patterns, we 
propose KAN-Transformer, a novel time sequence forecasting model. Integrated with a probabilistic tracking 
framework with particle filtering, our model addresses both global temporal relationships and fine-grained 
details in tracking multiple objects under challenging crowded scenarios. Using a manually labeled ground 
truth dataset, our method outperforms some existing approaches. We further discover collision avoidance and 
companion flying phenomena in swarm flying fruit flies.

Method
The proposed tracking method implements detection and tracking stages in a sequential manner until the entire 
video sequence has been processed, as illustrated in Fig. 1. During the detection stage, the image blob of each 
target is detected and extracted from the background-subtracted frames. The tracking stage incorporates a 
particle filter framework, where a KAN-Transformer network is employed to learn and implement the kinematic 
pattern of individual targets as the dynamic model. The target’s position state is estimated through weighted 
particles. This method enables accurate prediction of target position even in scenarios with abrupt motion.

Fig. 1.  The workflow of the proposed 3D tracking method, consisting of detection and tracking stages. The 
detection stage identifies and extracts target image blobs from background-subtracted frames, while the 
tracking stage utilizes a particle filter framework with a KAN-Transformer network as the dynamic model.
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Fly stocks
The wild type Drosophila melanogaster strain used was the Canton-Special (CS) strain. Fly stocks were raised on 
standard food at 25 °C and 50% relative humidity under a 12:12 h light:dark cycle. The experimental fruit flies 
are approximately 5–10 days old.

Experimental setup and camera configuration
The experimental setup consisted of two high-speed monochrome CMOS cameras (Manufacturer: IO Industries 
Inc. Country: Canada, Device name: Flare 4M 180-CL), each equipped with a Computar M1614-MP2 lens with 
a focal length of 16 mm. The cameras were positioned orthogonally at a distance of 90 cm from a 40 × 40 × 40 
cm cubic transparent acrylic container. Approximately 400–500 flies were released for the experiment. The 
cameras’ geometric relationship was established through a standard chessboard pattern calibration process, 
ensuring precise spatial alignment necessary for 3D trajectory reconstruction. For calibration and triangulation 
of 3D positions, we utilized the Camera Calibration Toolbox for Matlab developed by Caltech37, which provided 
robust camera alignment for accurate 3D reconstruction.

Operating at 100 frames per second with a 2048 × 2040 pixel resolution, the cameras were synchronized 
via hardware triggers to capture simultaneous frames of rapid Drosophila movements. To ensure uniform and 
naturalistic illumination, an infrared lightbox was employed. The lightbox consisted of two perpendicular 
planes, each equipped with a series of infrared LED lights diffused through white plastic panels to create soft and 
even lighting. The background was brighter than the objects, facilitating clear differentiation of the flies. This 
configuration enabled high-fidelity tracking of the fast-moving insects while maintaining temporal consistency 
between camera views. The experiment captured a total of 5790 frames.

The body model
Following the previous work28, we model the body of Drosophila by approximating an ellipsoid. The state vector 
of each target consists of the coordinate of the ellipsoid center (x, y, z):

	 St = {x, y, z}� (1)

Detection
Although the images captured from each view are cluttered with swarms of targets, the background remains 
relatively stable over short time intervals. Target detection can be efficiently and accurately performed through 
background removal38,39. The background-removed image of each view v at time t is given by Eq. (2):

	 I ′t
ν =

∣∣It
ν − mean

(
It−w/2

ν , . . . , It+w/2
ν

)∣∣� (2)

where w is selected based on the average velocity of the targets and the frame rate. The region of each target is 
then segmented based on the the thresholded binary image of I ′ and further processed using ellipse fitting. In 
the target overlap issue, when two targets overlap in view 1, they are detected as a single ellipse. We can use the 
epipolar line to project the center of this ellipse into view 2, thereby achieving the separation of overlapping 
targets. Finally, we use stereo matching to reconstruct them into ellipsoids.

Trajectory prediction
We introduce our proposed model, KAN-Transformer, which replaces the linear layers in the traditional 
Transformer architecture with Kolmogorov-Arnold Network (KAN) to predict future trajectories based on 
historical trajectories. The overall architecture of our model is shown in Fig. 2.

Fig. 2.  The overall architecture of the KAN-Transformer. The left panel shows the Transformer model, where 
the linear layer is replaced by the Reversible Mixture of KAN Experts (RMoK) model, shown in the right panel.
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Problem definition
Given a time series {Xt−h, . . . , Xt−1}, where Xt represents object state at time t, our objective is to predict 
their future values {Xt, . . . , Xt+T } over the next T time steps based solely on h historical time steps.

Transformer
The architectural framework of the Transformer model is shown in the left panel of Fig. 2. First, the embedding 
layer embeds the time series {Xt−h, . . . , Xt−1} into a sequence of vectors E0 = {Et−h, . . . , Et−1}. Then 
E0 would be processed by each of the transformer layers successively. We denote the output of the j-th layer as 
Ej, (0 < j ≤ N).

The key component of the transformer layer is self-attention, which allows the model to weigh the importance 
of each time step of the input sequence. In the j-th transformer layer, the input Ej−1 is projected into three 
vectors: Query (Q), Key (K) and Value (V), through three learnable matrices, respectively. Then we compute the 
output of self-attention as:

	
Attention(Q, K, V ) = softmax

(
QKT

√
dk

)
V � (3)

where dk  is the scaling factor, typically the dimension of the Key vector. The softmax function written as Eq. (4), 
ensures that the attention weights sum up to 1, allowing the model to distribute its focus among the input 
sequence.

	
softmax(xi) = exi

∑N

j=1 exj
� (4)

In the traditional Transformer architecture, the output embeddings EN from the final transformer layer are 
concatenated and projected into the predicted trajectory {Xt, . . . , Xt+T } through a fully connected layer. 
In this work, we propose to replace the conventional linear projection layer with Reversible Mixture of KAN 
Experts (RMoK) to enhance the model’s capability.

RMoK
In contrast to Multilayer Perceptrons (MLPs), which are founded on the universal approximation theorem, 
Kolmogorov-Arnold Networks (KANs) are based on the Kolmogorov-Arnold representation theorem, also 
referred to as the Kolmogorov-Arnold superposition theorem. This theorem represents a seminal contribution 
to the theory of dynamical systems and ergodic theory, independently formulated by Andrey Kolmogorov and 
Vladimir Arnold during the mid-twentieth century.

The theorem establishes that any multivariate continuous function f, dependent on the vector 
x = [x1, x2, . . . , xn] within a bounded domain, can be decomposed into a finite composition of simpler 
continuous univariate functions. More precisely, a real-valued, smooth and continuous multivariate function 
f(x) : [0, 1]n → R can be expressed as a finite superposition of single-variable functions40:

	
f(x) =

2n+1∑
i=1

Φi

(
n∑

j=1

ϕi,j(xj)

)
� (5)

where Φi : R → R and ϕi,j : [0, 1] → R denote the so-called outer and inner functions, respectively.

As noted by Liu36, Eq. (5) exhibits a two-layer nonlinear structure comprising 2n + 1 terms in the intermediate 
layer. The key challenge lies in identifying the appropriate univariate functions-both the inner functions ϕi,j  
and outer functions Φi-to achieve accurate function approximation. The one-dimensional inner functions ϕi,j  
can be effectively approximated using B-splines, which are piecewise polynomial functions defined by a set of 
control points or knots.

B-splines are particularly valuable for their ability to provide smooth and continuous interpolation or 
approximation of data points. These functions are characterized by two primary parameters: the order k (with 
k = 3 being a commonly adopted value), which determines the degree of the polynomial functions used for 
interpolation between control points, and the number of intervals G, which specifies the number of segments 
between adjacent control points. In the context of spline interpolation, these segments connect successive data 
points to generate a smooth curve consisting of G + 1 grid points.

A KAN layer is defined by a matrix Φ36 composed by univariate functions {ϕi,j(·)} with i = 1, ..., Nin and 
j = 1, ..., Nout, where Nin and Nout denote the number of inputs and the number of outputs, respectively, and 
ϕi,j  are the trainable spline functions described above. Therefore, the computation process of a KAN layer can 
be expressed as:

	
xj =

Nin∑
i=1

ϕi,j(xi)� (6)
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where xi represents the i-th input and xj  denotes the j-th output of the KAN layer.

Given the substantial distributional heterogeneity observed in real-world time series data and the specialized 
nature of spline functions in modeling specific data distributions, we adopt the Reversible Mixture of KAN 
Experts Model (RMoK) as proposed by Han34. The architectural framework of the RMoK model is illustrated in 
the right panel of Fig. 2.

The Mixture of KAN (MoK) layer incorporates a gating network that allocates KAN layers to variables based 
on temporal characteristics, with each expert specializing in a specific subset of the data. Given that KAN and 
its variants differ solely in their spline function implementations, we adopt the notation K (·) to uniformly 
represent these methodologies throughout this paper. The proposed MoK layer, comprising N experts, can be 
succinctly formulated as:

	
xl+1 =

N∑
i=1

G (xl)iKi(xl)� (7)

where G (·) denotes the gating network. This mixture of experts architecture effectively addresses the 
heterogeneous nature of time series data, enabling each expert to capture distinct temporal features, thereby 
enhancing the model’s performance in time series forecasting tasks. The model employs the sparse gating 
network architecture introduced by Shazeer41, which selectively activates only the top-k best-matching experts. 
This network augments the input time series with Gaussian noise through wnoise during training and employs 
a KeepTopK operation to preserve the k experts with the highest activation values. The noise helps diversify 
the training data and promotes balanced utilization of experts in the Mixture of KAN framework41. The sparse 
gating network can be formally expressed as:

	 Gsparse(x) = softmax(KeepT opK(H(x), k)) � (8)

	 H(x) = xwg + Norm(softplus(xwnoise)) � (9)

where Norm(·) represents standardization.

Inspired by several successful single-layer methods42,43, RMoK integrates Reversible Instance Normalization 
(RevIN)44 with a single MoK layer. RevIN is a normalization-and-denormalization method designed to address 
distribution shifts in time-series data, where statistical properties like mean and variance change over time. 
First, RevIN+ (the normalization operation of RevIN) applies a learnable affine transformation to normalize 
the input time series for each variable. Then, the MoK layer processes these normalized temporal features to 
generate predictions. Finally, RevIN− (the denormalization component of RevIN) transforms the predictions 
back to the original distribution space using the identical affine transformation parameters from the first step. 
This approach significantly improves forecasting accuracy.

Tracking via particle filter framework
As the dynamic system of flying swarms exhibits highly nonlinear characteristics and the posterior density is 
typically non-Gaussian, the particle filtering framework is employed to approximate the target’s state posterior 
using a set of N weighted particles, denoted as {(Si

t, wi
t)}i=1,...,N , where Si

t denotes the states of i-th particle 
and wi

t denotes it’s weight. Each particle, sampled from the previous state through importance sampling and 
propagated by the dynamic model, is weighted according to the observation likelihood at time t given the 
particle state, denoted as wi

t ∝ p(Zt|S̃
i
t), which constitutes the observation model. The expected target state Ŝt 

is then computed as:

	
Ŝt = E(St|Z1:t) =

N∑
i=1

wi
tS

i
t� (10)

The dynamic model in a tracking method predicts the state of the target at each time step. In our proposed 
method, a KAN-Transformer mentioned in Method is applied to learn the kinematic pattern of the flying object 
and the learned kinematic pattern is used as the dynamic model. The output of KAN-Transformer Xt is the 
hypothetical translation. Thus the predicted state of each target is S̃t = St−1 + Xt.

Evaluation metric
The tracking performance was evaluated using the widely adopted CLEAR MOT metrics45: Multiple Object 
Tracking Precision (MOTP) and Multiple Object Tracking Accuracy (MOTA). MOTP measures the algorithm’s 
ability to precisely estimate target states. It is calculated as:
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MOTP =

∑
i,t

di
t

∑
t

ct

� (11)

where di
t represents the Euclidean distance between the center position of each correctly tracked target and its 

corresponding ground truth, and ct denotes the number of correctly tracked targets in each frame. Note that 
for MOTP, lower values indicate better performance, as it reflects higher precision in target localization. While 
MOTP focuses on localization precision, MOTA assesses the tracker’s performance in terms of missed targets, 
false positives and identity switches:

	 MOTA = 1 − m − fp − mme� (12)

For MOTA, higher values indicate better performance, as it reflects fewer tracking errors (misses, false positives 
and identity switches). The components of MOTA are defined as follows:

Ratio of misses, which indicates the proportion of ground truth objects that were not tracked:

	

m =

∑
i

mi

∑
i

gi
� (13)

where mi is the number of missed targets and gi is the number of ground truth objects.

Ratio of false positives, which represents the proportion of false detections relative to the ground truth:

	

fp =

∑
i

fpi

∑
i

gi
� (14)

where fpi represents the number of false positive detections.

Ratio of mismatches, which measures the frequency of identity switches in tracking:

	

mme =

∑
i

mmei

∑
i

gi
� (15)

where mmei denotes the number of identity switches.

Specifically, for a tracked trajectory S = {St, . . . , St+T }, we compute the Euclidean distance between the first 
position St and the closest ground truth target Gi

t at frame t. If the center of St lies within the bounding box of 
Gi

t, the trajectory S is considered to correspond to the ground truth trajectory {Gi
t, . . . , Gi

t+T }. Otherwise, S 
is classified as a false positive. For frames j = t + 1, . . . , t + T , if the position Sj  lies outside the bounding box 
of Gi

j , it is considered a mismatch. Additionally, any ground truth trajectory points that are not matched to a 
tracked point are classified as misses.

Given that trajectory completeness is crucial for subsequent behavioral interaction analysis, we quantitatively 
evaluated the distribution of tracked trajectory lengths.

Training details
The KAN-Transformer model was trained to predict the translation of a target based on its historical trajectory. 
The model was optimized using AdamW with an initial learning rate of 1e − 4, beta values of (0.95, 0.9), and 
weight decay of 1e − 5. A StepLR scheduler was employed with a step size of 1 epoch and a decay rate of 0.5. 
We constructed the training dataset using 400 video clips of flying fruit fly, where each clip contains only one 
individual fly. Consecutive point pairs were extracted from each video clip to capture the flight trajectory of the 
fly. The dataset is partitioned into training, validation, and test sets with a ratio of 8:1:1. The model was trained 
for 10 epochs, and the best-performing model weights were selected based on the highest performance on the 
validation set. All experiments were conducted on a workstation equipped with an NVIDIA RTX3090 GPU.

Dynamic time warping
The Dynamic Time Warping (DTW) algorithm constructs a cost matrix to store the cumulative distances 
between elements of two sequences. By leveraging a dynamic programming approach, DTW minimizes the 
cumulative distance and efficiently calculates the optimal alignment path by reusing previously computed 
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results. In our analysis of fruit fly behavior, we employ DTW to calculate the distance between the angular 
accelerations of two tracked trajectories.

Statistical analysis
All data from this experiment were analyzed using MATLAB. The normality of the data distribution was assessed 
using the Jarque–Bera test. Non-normally distributed data were subjected to the non-parametric Mann-Whitney 
test to evaluate differences between groups. Data are presented as the mean ± standard deviation (std). Statistical 
significance was set at ****p < 0.0001.

Results
Dataset collection and ground truth annotation
To facilitate the training of the proposed KAN-Transformer model, an extensive dataset of ground truth 
sequences was established. The training dataset comprises 400 video clips, each containing a single flying target 
within the arena, thereby eliminating potential ambiguities in cross-view and cross-frame associations. In total, 
the dataset includes 39,647 frames of trajectory data.

To address the lack of tracking accuracy evaluation on real-world fly swarm recordings in previous studies, 
ground truth data was obtained through manual annotation of real-world video sequences. The annotated 
dataset consists of approximately 400–500 insects observed over 1400 frames captured from two distinct 
perspectives. The annotation process was conducted by a team of approximately 40 trained annotators. The 
visualized trajectories are shown in Fig. 3. To supplement the validation of our evaluation results, we annotated 
two additional video sequences (50 frames each) that were acquired using the same experimental setup (These 
datasets were not visualized here). Unlike previous studies28,30,46,47 that only recorded and tracked fruit flies, this 
work presents the first large-scale manual annotation of collective Drosophila flight trajectories.

Superior performance over state-of-the-art methods
We compare our tracking method with two state-of-the-art methods, an LSTM-based method28 and a 
Transformer-based framework30, in MOTP, MOTA and trajectory length under identical experimental conditions, 
with the trajectory prediction model being the only variable component. Additionally, we also compare with two 
conventional methods in terms of MOTP and MOTA , referred to as Markov22 and SeqFileProcessing2D23. All 
methods are tested on our annotated ground truth dataset, which was not used for training.

The tracked trajectories were projected onto each camera view’s 2D image plane, and MOTP was calculated 
against manual annotations using Eq.  (11). The comparison of MOTP performance is presented in Fig.  4a, 
where our proposed method demonstrates an improvement of over 9.4% improvement compared to the existing 
approaches, except for Markov. Interestingly, our experimental results reveal that the LSTM-based method 
outperforms the Transformer-based approach, which appears to contradict the findings reported in Yin30. We 
attribute this discrepancy to the fact that Yin30 implemented multiple modifications simultaneously, including 
both the Transformer architecture and alterations to the object detection method, without conducting ablation 
studies to isolate the effectiveness of the Transformer component specifically.

The comparison of MOTA metrics presented in Fig. 4b, showing that our method slightly outperforms the 
state-of-the-art methods and significantly exceeds the performance of traditional approaches. It’s worth noting 
that the constant-velocity Markov process with random perturbations is not well-suited for environments 
with high crowd density and fast movement, leading to a significantly higher trajectory mismatch rate. While 

Fig. 3.  Visualization of annotated trajectories of Drosophila. The dataset comprises 700 frames with 400–500 
flies. (a) Trajectories from view 1. (b) Trajectories from view 2.
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the Markov method offers more accurate tracking positions than the particle filter-based algorithm, it fails to 
correctly track the intended trajectories. SeqFileProcessing2D employs the principle of maximizing temporal 
smoothness, but it is also unsuitable for fast-moving scenarios, leading to a higher miss rate and discontinuous 
trajectories. We also evaluated the performance of each method on two additional manually annotated datasets, 
which were captured under experimental conditions consistent with the previous one. The only difference is that 
these two datasets are annotated for 50 frames. The evaluation results are presented in Supplementary Figures 1, 
similarly demonstrating our model’s robust tracking performance.

Due to the significantly high miss rate and mismatch rate of SeqFileProcessing2D and the Markov method, 
we have opted not to include visualizations comparing their trajectory. The histogram in Fig. 5a illustrates the 
distribution of trajectory lengths between different methods. The Trajectory Length Ratio refers to the ratio 
of the tracking trajectory length to the total recording sequence length. The average trajectory length ratio of 
LSTM, Transformer and KAN-Transformer are 1.31%, 1.18% and 1.45%, respectively. Some randomly selected 
cases are illustrated in Fig. 5b. The proposed method achieved superior performance in maintaining extended 
trajectories, benefiting from the improved accuracy of its trajectory estimation model.

We observed that KAN-Transformer consistently generates longer trajectories, while LSTM and conventional 
Transformer models tend to lose track of targets at turning points, resulting in trajectory interruptions. These 
fragmented short trajectories impede subsequent analysis of fruit fly behavioral interactions. We hypothesize 
that the lower prediction accuracy of LSTM and Transformer models for trajectory forecasting leads to reduced 
probability of successful frame-to-frame matching, as incorrect predictions of positions in subsequent frames 
compromise the tracking continuity. To validate this hypothesis, we conducted experiments comparing the 
trajectory prediction performance of KAN-Transformer, LSTM and Transformer models on the single-
target dataset described above. Additionally, we compared the performance of three KAN-based time series 
forecasting models: KAN32, RMoK34 and TKAT35. The two conventional methods22,23 are excluded from the 
comparison since they are not time-series forecasting algorithms. All these models were evaluated solely as 
temporal prediction models without incorporating particle filtering. The performance of these models was 
evaluated using two metrics: Mean Squared Error (MSE) and Mean Absolute Error (MAE), computed on the 
test set, which was kept entirely separate from the training and validation data. For both MSE and MAE, lower 
values indicate better performance, as they reflect smaller errors between the predicted and ground truth values.

	

MAE(x, x̂) = 1
N

N∑
i=0

|xi − x̂i|

MSE(x, x̂) = 1
N

N∑
i=0

(xi − x̂i)2

� (16)

The experimental results are presented in Table  1. The KAN-Transformer model demonstrates superior 
performance in time series prediction compared to baseline models, confirming our initial hypothesis. 
Additionally, we can observe that the RMoK model outperforms the basic KAN, and RMoK’s performance is 
close to that of the Transformer. Our method combines the strengths of both RMoK and the Transformer, yielding 
superior results. The performance of TKAT shows only a slight improvement over KAN and is much lower than 
that of our KAN-Transformer. We believe this is primarily due to TKAT using KAN to extract features from 
the raw time series, which cannot effectively capture temporal dependencies. In contrast, our model first uses 

Fig. 4.  Tracking Performance comparison between KAN-Transformer and other methods in two orthogonal 
views of the dataset. The dataset comprises 700 frames with 400–500 flies. (a) MOTP: lower values indicate 
better performance; (b) MOTA: higher values indicate better performance.
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the Transformer to capture temporal dependencies and then decodes with KAN, fully leveraging the temporal 
dependency extraction capability of the Transformer and the superior function-fitting ability of KAN.

To evaluate the effectiveness of KAN and Transformer modules in our proposed method, we conducted an 
ablation study comparing KAN-only, Transformer-only and the complete KAN-Transformer architecture. 

Metrics KAN32 RMoK34 TKAT35 LSTM29 Transformer31 KAN-transformer (ours)

MAE (↓) 1.3598 1.2536 1.2721 1.4248 1.2317 1.0333

MSE (↓) 3.7833 2.8441 3.3508 4.0881 2.6599 1.9358

Table 1.  Evaluation of KAN-Transformer model with other time series forecasting models.

 

Fig. 5.  The KAN-Transformer consistently generates longer and more continuous trajectories. (a) Length 
Distribution of Tracked Trajectories for KAN-Transformer and State-of-the-art Methods on a dataset 
comprising 700 frames with 400–500 flies. (b) Some randomly selected trajectories cases of KAN-Transformer 
and State-of-the-art Methods. The average length of these visualized trajectories is 11, 10 and 26 frames for 
LSTM, Transformer and our method, respectively.
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Table 2 presents the tracking performance in terms of MOTP, MOTA and the ratio of the average tracking length 
to the total recording sequence length for these variants.

The results of the ablation study demonstrate the clear advantages of integrating KAN and Transformer 
modules in our architecture. The complete KAN-Transformer method achieves notable improvements in both 
tracking accuracy and trajectory maintenance compared to its single-module variants. Specifically, the proposed 
method shows reduced MOTP error and maintains a higher tracking length ratio compared to the Transformer-
only approach. These improvements suggest that the KAN module effectively complements the Transformer 
architecture, where KAN enhances the local feature extraction while the Transformer captures long-range 
dependencies, resulting in more robust tracking performance.

Reynolds rules in swarm fly behavior
Previous studies on collective behavior in Drosophila have primarily focused on crawl experiments48–50, while 
their aerial collective properties remain largely unexplored. Flying animals are known to exhibit collective 
behaviors through local interactions10,11. However, the collective aerial properties of swarm Drosophila lack 
systematic investigation. During flight, fruit flies perform a series of straight flight transitions, interspersed with 
extremely rapid saccades. While turning, they decelerate, which is manifested as the decomposition of velocity 
into angular velocity and tangential linear velocity changes. Therefore, we plotted the angular acceleration 
patterns of all tracked fruit flies in Fig. 6a.

We use Dynamic Time Warping (DTW) analysis51 to calculate the distance between the angular accelerations 
of two tracked trajectories. DTW is an algorithm that utilizes dynamic programming to measure the similarity 
between two time series or sequences, allowing for non-linear alignments. The DTW-based distance matrix 
of trajectory pairs is visualized in Fig. 6b, indicating significant temporal correlations in angular acceleration 
among Drosophila.

Flock-forming animals10–13 follow the three principles of Reynolds rules52 , steering to avoid collisions with 
nearby neighbors (Separation), steering towards the average heading of nearby neighbors (Alignment) and 
steering towards the average position of neighbors (Cohesion). Individuals must maintain sufficient proximity 
to preserve group integrity while avoiding collisions with neighbors, resulting in coordinated movement. To 
further investigate whether fruit fly groups possess certain social properties, we employed the Silhouette Score 
method to determine the optimal number of clusters followed by K-means clustering, using the DTW distance 
as the clustering metric. The higher Silhouette Score suggests stronger cluster cohesion within groups and better 
separation between groups. Based on this quantitative evidence, we applied K-means clustering with k = 2 
to group the trajectory pairs (Fig.  6c). For visualization purposes, the high-dimensional data was projected 
onto a two-dimensional space using Multidimensional Scaling (Fig.  6d). As shown in Fig.  7, our clustering 
results revealed two behavioral patterns during rapid flight: collision avoidance and accompanying flight, which 
align with Reynolds rules52 of flocking behavior. When in close proximity, fruit flies take evasive maneuvers 
to avoid collisions. The acceleration changes of two fruit flies reflect a consistency in sequence, with one fruit 
fly initiating a turn or change in speed, followed by the other, possibly with a very similar timescale (Fig. 7a). 
Although the accompanying flight phenomenon shows similar changes in acceleration as the collision-avoidance 
cases, we find that the two fruit flies maintain a constant distance within a certain time window (Fig. 7b and 
Supplementary Figure 2). Actually, these two behavioral patterns could occur simultaneously, which is shown 
in Fig. 7c, when the distance between two fruit flies becomes too close during accompanying flight, collision 
avoidance behavior emerges. By calculating the Euclidean distance between fruit flies (Fig.  6d), we observe 
that the distance values in Cluster 1, which represents accompanying flight cases, are more concentrated, as 
shown in Fig. 6e. This reflects the cohesion property of fruit fly groups. In contrast, Cluster 2, which represents 
collision-avoidance cases, shows more dispersed distances between fruit flies. This suggests that fruit flies 
move from far to near and then from near to far again during the collision-avoidance process (Fig.  7a). In 
Cluster 1, we further demonstrate the alternate accompanying flight phenomenon of multiple fruit flies (Fig. 7d, 
Supplementary Figure 3). The duration of multiple fruit flies’ continuous accompanying flight varies from 20 to 
50 milliseconds. Considering the flight speed of fruit flies, this should maintain a distance of 6–15 cm, which 
may reveal the cohesion property of Reynolds rules. Even in a high-density flight arena (400–500 flies in a 40 cm 
cube), the accompanying flight behavior between fruit flies could potentially be a collision-avoidance strategy 
in swarm flight. Although our Drosophila groups comprised mixed-gender populations, and male flies might 
pursue females during flight, unlike mosquito53, there is no evidence suggesting that flies can distinguish gender-
specific characteristics during flight. Previous studies have documented the aggregation behavior in crawling 
fruit flies48,54–56, challenging the stereotype that fruit flies are merely non-social creatures. Our observations of 
collision avoidance and accompanying flight in aerial interactions provide further evidence of social dynamics 
within Drosophila populations.

Methods

MOTP (↓) MOTA (↑ )

Tracking length ratio (↑ ) (%)View 1 View 2 View 1 View 2

KAN-only 0.7884 0.6159 0.8543 0.8376 1.4134

Transformer-only 0.9141 0.7195 0.8435 0.8242 1.1783

KAN-
transformer 0.7687 0.6029 0.8573 0.8394 1.4548

Table 2.  Evaluation of our tracking method variants without KAN or Transformer.
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Discussion
In this paper, we present manually annotated datasets of real-world Drosophila trajectories to comprehensively 
evaluate the tracking performance of existing tracking methods. We design KAN-Transformer, a multi-object 
tracking method using the particle filter framework. Individual kinematic patterns are learned via a KAN-
Transformer network that captures both long-range dependencies and fine-grained details in trajectory. 

Fig. 6.  Temporal correlations analysis in angular acceleration among Drosophila using DTW and K-means. 
(a) Angular acceleration of tracked trajectories. (b) Visualization of DTW-based distance matrix showing 
pairwise distances between trajectories. (c) Silhouette Score analysis demonstrating optimal clustering. (d) A 
two-dimensional space of final clustering based on the DTW distance matrix. (e) Euclidean distance between 
fruit flies in two clusters which are derived from (d). Cluster 1 represents accompanying flight cases and 
Cluster 2 represents collision-avoidance cases (Mann-Whitney test, mean ± std).
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The proposed method demonstrates state-of-the-art performance in tracking Drosophila within crowded 
environments. Analysis of tracked trajectories demonstrated two distinct behavioral patterns in Drosophila–
accompanying flight and collision avoidance, which revealed the Reynolds rules of flocking behavior.

Although the method presented in this study performs well within the current experimental setup, which 
involves a small, enclosed space with approximately 400–500 dynamic agents, its application may face challenges 
in more complex dynamic backgrounds. Factors such as lighting conditions and the number of moving objects 
can also affect the performance of the algorithm. Therefore, in the detection phase, while the sliding window 
approach for background removal has proven effective, the integration of deep learning methods could further 
enhance system performance.

Recent advances in deep learning architectures57,58, particularly in image processing and pattern recognition, 
might offer superior detection capabilities and robustness against environmental variations. In terms of 

Fig. 7.  Two behavioral patterns were identified in the flight trajectories, characterized by accompanying flight 
and collision avoidance maneuvers. (a) Example of collision avoidance behavior between two Drosophila. 
(b) Example of accompanying flight behavior between two Drosophila. (c) Complex interaction demonstrating 
the emergence of collision avoidance during accompanying flight when inter-fly distance decreases below a 
critical threshold. (d) Example of multiple fruit flies alternate in accompanying flight. (i) spatial trajectory 
visualization, (ii) angular acceleration and (iii) distance between trajectories..
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inference time cost on our test dataset, SeqFileProcessing2D23 and Markov22 were 0.34 and 3.92 seconds per 
frame, respectively. However, the time of LSTM28, Transformer30 and our method were 366.79, 374.53 and 
368.83 seconds per frame, respectively. The reason is that our method here, as well as two other methods utilize 
particle filtering algorithms which relies on a large number of particles. This limitation could be mitigated 
through the implementation of GPU-accelerated parallel computing, which warrants further exploration in 
future development.

The inherent explainability features of KAN networks represent a promising avenue for future research, for 
example, action recognition59–61. A more thorough investigation into the network’s interpretable components 
could provide valuable insights into Lévy flight62 and potentially lead to more transparent and trustworthy 
results. Furthermore, while we have validated Reynolds rules in flying Drosophila groups, there remains 
significant potential for deeper behavioral analysis. Specifically, future investigations could explore whether 
Drosophila exhibit sophisticated local interactions and navigation strategies similar to those observed in other 
social animals63–66. Previous studies by Dickinson et  al.67,68 have revealed detailed body torque changes in 
individual flies facing looming and optic flow stimuli. Extending this approach to multi-fly scenarios through 
high-speed imaging could provide valuable insights into the fine-grained dynamics of collective flight behavior. 
These findings could inform both the development of collective intelligence systems69 and the optimization of 
unmanned aerial vehicle performance70.

Data availability
All data generated and annotated during this study are available upon reasonable request; please contact the 
corresponding author, hfsu@shu.edu.cn, for access.

Code availability
Code is available upon reasonable request.
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