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. | K (pixel?/frame®) | o distrib. | .
Experiment | Model | Numb. of states | State > [ > [lefuslon class Model-specific parameters
“w o I o

1 0.15 0.01 1 |0.0001 2 0.946 0.024 0.03

1 MSM 3 2 0.33 0.001 1 0.01 2 M =| 0.016 0.92 0.064
3 0.95 0.01 1 0.01 2 0.037 0.14 0.823
1 0.28 0.001 1 0.1 2

2 DIM 2 r=0.5, N =750, P, =1, P, = 0.1
2 |0.0035 0.0001 1.1 | 0.01 2
1 1 0.1 1 | 0.005 2

3 QTM 2 ry = 0.4, Ny = 500, P, = 0.7, Py = 1/60
2 0 0 0 0 0
1 1 0.1 1 | 0.005 2

4 TCM 2 re =2, Ne = 150, T = 0.1
2 0.01 0.001 0.2 | 0.001 1
1 1 0.1 1 | 0.005 2

5 DIM 2 r =0.35, N =500, P, =1, Py = 1/60
2 0.01 0.001 0.2 | 0.001 2
1 0.1 0.1 0.7 | 0.1 2

6 DIM 2 r=1, N =100, P, =1, P, = 0.05
2 1 0.01 1.2 | 0.01 2
1 0.1 0.1 0.7 0.1 2 0.983 0.016

7 MSM 2 M =
2 1 0.01 1.2 | 0.01 2 0.05  0.95

8 SSM 1 1 1 100 1 10 2/3 -
1 1 0.01 1.99 0.01 2 /3

9 QTM 2 / ry = 1.5, Ny = 1000, P, = 0.7, Py = 1/5
2 0 0 0 0 0

Supplementary Table 3. Parameters of the Challenge dataset. Specifications of the dataset of the last phase of the
2" Anomalous Diffusion Challenge: single-state model (SSM); multi-state model (MSM); dimerization model (DIM); transient-
confinement model (TCM); quenched-trap model (QTM). The diffusion class correspond to 0 = immobile, 1 = confined, 2 = free
(unconstrained), 3 = directed. The parameters specific to each theoretical model are: for MSM, the transition matrix M; for
QTM, the trap radius r¢, the number of traps V¢, the probability of trapping P, and untrapping P,; for DIM, the interactions
radius 7, the number of particles N, the probability of binding P, and unbinding P,; for TCM, the compartment radius r., the
number of compartments N¢, and the boundary transmittance T'. Simulations are provided in generalized units (i.e., pixels and
frames) that can be rescaled to meaningful temporal and spatial scales. See Methods for further details. For all experiments,
we simulated N = 100 particles (Experiment 7 has N = 80) in a box of size L = 230.4 pixels with a FOV size Lrov = 128 pixel,
and a maximum trajectory length of 200 frames. For Video Track, movies were rendered using a FWHMpgr = 2.1 pixels and
a SNR = 7.1. For the Trajectory Track, trajectories were corrupted with Gaussian localization noise with on = 0.12 pixels.
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Supplementary Figure 1. Distribution of specific features over the whole Challenge dataset. a Number of

trajectories as a function of the number of changepoints for trajectory. b Number of segments as a function of their duration.
¢ Number of segments as a function of their . d Number of segments as a function of their K. e Number of segments as a

function of their diffusive state.
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Supplementary Figure 2. Mean reciprocal rank (MRR) of all the methods for each Track and Task. The colors

represent the relative contributions of the metrics of each subtask to the overall MRR.
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Supplementary Figure 3. Detailed results of the Single-trajectory Task of the Video Track. Predictions for the
frequency of time spent with a given diffusion type for each experiment for the Single-trajectory Task of Video Track. Only
the results of the top 5 teams are shown. Dashed black lines represent the ground truth.
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Supplementary Figure 4. Detailed results of the Single-trajectory Task of the Trajectory Track. Predictions for
the frequency of time spent with a given diffusion type for each experiment for the Single-trajectory Task of the Trajectory
Track. Only the results of the top 5 teams are shown. Dashed black lines represent the ground truth. Abbreviations stand for:
imm.: immobile, conf.: confined and dir.: directed
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Supplementary Figure 5. Detailed results of the Ensemble Task for the Video Track. Predictions for the distribu-
tions of K for each experiment of the Ensemble Task for the Video Track. Dashed black lines represent the ground truth.
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Supplementary Figure 6. Detailed results of the Ensemble Task for the Trajectory Track. Predictions for the
distributions of K for each experiment of the Ensemble Task for the Trajectory Track. Only results of the top 5 teams are

shown. Dashed black lines represent the ground truth.
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Supplementary Figure 7. Detailed results of the Ensemble Task for the Video Track. Predictions for the distribu-
tions of « for each experiment of the Ensemble Task for the Video Track. Dashed black lines represent the ground truth.
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Supplementary Figure 8. Detailed results of the Ensemble Task for the Trajectory Track. Predictions for the
distributions of « for each experiment of the Ensemble Task for the Trajectory Track. Only the results of the top 5 teams are
shown. Dashed black lines represent the ground truth.
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Supplementary Figure 9. Structure of the dataset. Datasets for each track are contained in the respective directories,
namely, Video Track and Trajectory Track. These include a folder for each experiment labeled with a sequential number
(EXP_[exp number]). Each experiment folder contains a list of 30 files labeled with a sequential number (FOV_[fov number])
associated with different non-overlapping FOVs. For the Video Track, the files consist of 200-frame videos and an additional
map corresponding to the segmentation of the very important particles (VIP) at the first frame. For the Trajectory Track, the
files contain a table whose columns correspond to the trajectory index, time step, x-coordinate, and y-coordinate.



14

0 100 200 0 100 200 0 100 200 0 100 200 100 200
Time (frames) Time (frames) Time (frames) Time (frames) Time (frames)
d
128 3
» B 5
>
<z KB F
Se64 §
>
b %gﬂm .
*
0 &y | \
0 64 128 0 64 128
X (px) X (px)
=
e
<
0 100 200 0 100 200 0 100 200 0 100 200 0 100 200
Time (frames) Time (frames) Time (frames) Time (frames) Time (frames)

Supplementary Figure 10. Examples of Challenge datasets. a, b, Frames of exemplary videos (FOVs) provided for
the Video Track corresponding to the different diffusion models and reproducing low (a) and high number density (b). ¢,
d, The upper rows show plots of the trajectories for exemplary FOVs provided for the Trajectory Track corresponding to the
different diffusion models and different sets of parameters exhibiting evident (c¢) or subtle changes (d) of diffusion, i.e., data in ¢
reproduce conditions where diffusion changes are easier to identify as compared to d. For example, for the SSM, all trajectories
in ¢ have the same generalized diffusion coefficient, whereas in d they have a broad distribution of K. For the MSM, trajectories
in ¢ undergo large changes of diffusivity and show long dwell times in each state, as compared to d. For the DIM, trajectories
in ¢ undergo large changes of anomalous diffusion exponent and show long dwell times in each state, as compared to d. For the
TCM, in c, trajectories cannot leave the confinement zone once they get inside, whereas in d the compartments have a finite
transmittance. For the QTM, the dwell times in the traps are much longer in ¢ than in d. The lower rows show time traces of
the z-coordinate of representative trajectories. The different colors indicate different diffusive states (imm.: immobile, conf.:
confined, free: free, dir.: directed).
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In this section, we provide a brief overview of the teams and the methods they employed to participate in the

Challenge, as written by the team members.

methods are included.

Whenever available, references to the published versions of these

Team C: HNU
Contact: Zihan Huang, Xiang Qu
School of Physics and Electronics, Hunan University, Changsha 410082, China
Reference: [32, 37]
Method: WADNet + U-AnDi
Platform: Python + PyTorch
Open-access: https://huggingface.co/huangzih /AnDiChallenge2
Description: Our method for the single trajectory task in track 2 combines WADNet [37] (for classification and

regression) and U-AnDi [32] (for segmentation). The steps are as follows:

1. Initial classification with WADNet: WADNet classifies each experiment as SSM, MSM, QTM, or
TCM. For DIM, visual inspection suffices without WADNet.

2. Traing WADNet and U-AnDi: For each classified experiment, independent models are trained using
both WADNet and U-AnDi: a) Classification model (WADNet): Identifies if there are changepoints
within the trajectory. b) Regression model (WADNet): Estimates the diffusion exponent (alpha)
and the diffusion coefficient (K) directly. c) Segmentation model based on alpha (U-AnDi). d)
Segmentation model based on K (U-AnDi).

3. Changepoint detection and parameter estimation: For SSM, MSM, QTM, or TCM, the following
steps are employed: a) Determine the presence of changepoints using the classification model (2.a).
b) If no changepoints are present, directly output alpha and K using the regression model (2.b). ¢)
If changepoints exist, derive alpha and K for each point along the trajectory using models (2.c) and
(2.d). d) Apply the post-processing technique in Ref. [32] to determine changepoints based on the
variations in alpha. e) Segment the trajectory based on these changepoints, and calculate the average
values of alpha and K from step (3.c) for each segment.

4. Special case for DIM: a) Changepoints are identified by examining the distance between points of
two trajectories in the same frame. b) Trajectories are then segmented based on these changepoints.
Alpha and K of each segment (length > 20) are estimated using the regression model (2.b). c) For very
short segments (length < 20), we use the average values of alpha and K from the entire experiment
as their predictive values.



https://huggingface.co/huangzih/AnDiChallenge2
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Team E: SPT-HIT

Members:

Reference:
Method:
Platform:
Open-access:
Description:

Xiaochen Feng, Yuan Jiang, Hao Sha, Yongbing Zhang
School of Computer Science and Technology, Harbin Institute of Technology (Shenzhen), Shenzhen,
China.

U-LSTMPFormer

Python

https://github.com/AlphaYuan/SPT-HIT-code

We present a novel pipeline, U-LSTMFormer, for accurate single-molecule motion analysis in Video
(Ensemble and Single-trajectory tasks) and Trajectory (Ensemble and Single-trajectory tasks) tracks.
The pipeline consists of three stages: video trajectory linking, trajectory statement prediction, and
ensemble analysis.

Video Trajectory Linking Using TrackMate [33], an ImageJ plugin, we generate molecule trajec-
tories by linking particles in videos for all Video tasks. The LAP tracker is applied with optimized
parameters to preferentially link trajectories.

Trajectory statement Prediction We developed a U-shaped network combining LSTM [38] and
Transformer [39] architectures to predict the diffusion coefficient (K) and anomalous exponent («)
at each point in the trajectory for all tasks. The network processes differences in trajectory coordi-
nates at various time lags, passing them through down-sampling layers (1D convolution and average
pooling) for multi-timescale feature extraction. The down-sampling layers reduce the input length
while increasing the channel depth. The output from the lowest down-sampling layer is processed
by a Transformer Encoder, while the outputs from earlier layers are handled by a Gated-LSTM en-
coder for temporal feature extraction. These outputs are then combined through up-sampling and
1D convolution, producing a feature vector of the same length as the original trajectory. Finally, two
linear heads output the values of K and «. Changepoint detection is performed on K and « using the
kernelCPD method [40] from the ruptures library. Training uses datasets D = {(x;,y:)|i € [1,5¢°]}
sampled from andi-datasets [? | with different trajectory length L € [10,200] and a designed training
objective Ex ,)y~p[M - Larar(f(x),y)] where M is a fixed point-to-point weight matrix determined
by ground-truth segment lengths, change point positions, and state transitions.

Ensemble Analysis To analyze K and «, which follow distinct Gaussian distributions, we apply
a Gaussian Mixture Model (GMM) [41] and Bayesian Information Criterion (BIC) [42] for optimal
component selection. The data for K and « are then allocated to Gaussian components, and their
distributions over time segments are analyzed to derive final results for all Ensemble tasks.



https://github.com/AlphaYuan/SPT-HIT-code
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Team F: Molecular Neurobiology, BIOMED UCA-CONICET

Members:

Reference:
Method:
Platform:
Open-access:
Description:

Francisco J. Barrantes, Lucas A. Saavedra
Laboratory of Molecular Neurobiology, BIOMED UCA-CONICET, Buenos Aires C1107AAZ,
Argentina

tWadTCN
Python
https://github.com /lucasSaavedral23 /wadtcn

Trajectory Track - Single-trajectory Task tWadTCN is a method comprising three neural networks
(NNs) to predict the diffusion coefficient, alpha exponent, and state at each point along a trajectory.
NNs are composed of three pre-established components for feature extraction: a WadNet encoder to
extract long-time correlated features from the trajectories, in a manner similar to that used in [37], but
having a decreased dilation depth; another feature extractor employing multi-channel convolutions (as
in [43] and [44]) and skip connections to extract additional features that has proved to be a general fea-
ture extractor for NNs dedicated to trajectory diffusion analysis; and a simplified transformer module
(introduced by [28]). To detect change point detections, we used AutoStepFinder, which was applied
to each single-level predictions returned by the NNs and subsequently combined [45]. The architec-
ture combines and significantly simplifies components from various studies for enhanced inference and
training efficiency. The neural network dedicated to predicting diffusion coefficients transforms trajec-
tories into their corresponding displacements along the 'x’ and ’y’ axes before making predictions. In
contrast, the other NNs receive the raw trajectories without transformations. All training trajectories
were simulated using the andi-datasets software package. NNs that predict the diffusion coefficient
and alpha exponent were trained exclusively on multi-state trajectories with varying diffusion coeffi-
cients and alpha values within the specified range in the challenge. The NN predicting the state at
each point along trajectories was trained across a wide range of simulation parameters, encompassing
single-state, multi-state, confinement, and immobilization scenarios. Due to time constraints, dimer-
ization trajectories were excluded from the training set.

Video Track - Single-trajectory Task For videos, trajectories were extracted with a UNet-based
particle localizer [34] and particle linking algorithm implemented in trackpy [35]. These trajectories
were further analyzed as the ones in the Trajectory Track.

Video/Trajectory Track - Ensemble Task For ensemble tasks, we aggregated all individual point-
wise predictions from video or trajectory track and visually inspected their distributions using his-
tograms. Subsequently, a simple Gaussian mixture model for each experiment was applied to identify
the mean and standard deviation within these distributions.



https://github.com/lucasSaavedra123/wadtcn
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Team H: Nanoninjas

Members:

Reference:
Method:
Platform:
Open-access:
Description:

Gabriel Fernandez-Fernandez, Borja Requena

ICFO — Institut de Ciéncies Fotoniques, The Barcelona Institute of Science and Technology, Av. Carl
Friedrich Gauss 3, 08860 Castelldefels (Barcelona), Spain

28]

KISTEP

Python

https://github.com/GabrielFernandezFernandez /kistep

KISTEP combines a single-point single-trajectory characterization method, STEP [28], with a Gaus-
sian kernel change-point detection [46] for trajectory segmentation, and k-means [47] to cluster those
segments according to their properties.

Trajectory Track - Single-trajectory Task We train a STEP machine on simulated trajectories for
each of the relevant trajectory properties of the challenge, i.e., the anomalous exponent (STEP,),
the diffusion coefficient (STEPiog,, x), and the state (STEPgate). We enhance the original STEP
implementation by engineering a rotationally invariant representation of the trajectories in polar co-
ordinates, consisting of the displacement module and the angle between successive displacements.
These features are the inputs for STEP,, and we take the logarithm in base 10 of the displacements’
module for STEP]Oglo k. STEPstate follows the original STEP, taking directly the Cartesian coordi-
nates in pixel units as input.

Following the proposal from [28], we segment STEP’s point-wise predictions with a Gaussian kernel
change-point detector [46]. We perform the segmentation taking into account all predicted properties
(o, K and state), and further refine it by merging successive segments with an absolute difference
lower than 0.1 in « and log,,(K).

Trajectory Track - Ensemble Task To predict the ensemble means and standard deviations, we
cluster the previously segmented STEP predictions with the k-means [47] algorithm. We determine
the number of clusters by performing a knee search combined with visual inspection of the clustering
weighted by residence time. Additionally, we discard clusters representing less than 2% of segments.
Further methods for video analysis were prototyped, but were not developed enough to yield satisfac-
tory predictions. All the methods can be seen in the GitHub repository, with training and inference
examples.



https://github.com/GabrielFernandezFernandez/kistep

Team I: UCL SAM

Members:

Reference:
Method:
Platform:
Open-access:
Description:

Giorgio Volpe®, Solomon Asghar’, Ran Ni*

! Department of Chemistry, University College London, 20 Gordon Street, WC1H 0AJ London, United
Kingdom

2 School of Chemistry, Chemical Engineering and Biotechnology, Nanyang Technological University,
62 Nanyang Drive, 637459, Singapore

48]

U-AnD-ME (UNet 3+ for Anomalous Diffusion analysis enhanced with Mixture Estimates)

Python + TensorFlow

https://doi.org/10.5281 /zenodo.14360592

Trajectory Track Our method uses a UNet3-+-inspired neural network [49] to make per-timestep
predictions for trajectories [37]. Per-timestep predictions are processed into segment-level predic-
tions based on change points. Additionally, combining predictions from all trajectories across an
experiment enables phenomenological model prediction, and generation of a Gaussian mixture model
(GMM) quantifying ensemble properties. To further increase prediction accuracy of single trajecto-
ries, experiment-specific networks are created, each trained on trajectories reflecting their experiment,
i.e. of the predicted model with properties following the GMM. Training trajectories are generated
using the andi-datasets package. Initially, trajectories corresponding to every model are generated,
with parameters sampled from wide ranges. For experiment-specific networks, only trajectories from
models deemed to be likely are generated, with o and K sampled following the experiment’s GMM.
We process each trajectory into a training sample by differencing along the time axis and padding to
a length of 224 timesteps. Samples are padded with zeros and corresponding labels are padded with
zeros barring diffusion type, which we assign as “transient-confinement model”, effectively treating
the FOV boundary as an immobilizing trap. Once 50,000 samples are generated, training proceeds
until validation loss stagnates for 3 epochs. Then, new samples are generated and another training
iteration occurs. Training comes to a final stop when validation loss stagnates for 3 iterations. At
each timestep, we output: a sigmoid for changepoint probability, a 5-way softmax for model predic-
tion, and linear outputs for «, K, and diffusion type. After reversing padding, outputs are segmented
according to their predicted change points. The values of «, K and diffusion type for each timestep
across a segment are averaged to generate a singular prediction for that segment. An experiment’s
model is predicted by averaging over all softmax outputs across all its trajectories’ timesteps. A GMM
is generated using all timesteps’ assigned «, K and diffusion type values.

Team K: ICSO-UPV

Members:

Reference:
Method:
Platform:
Open-access:
Description:

J. Alberto Conejero’, Yusef Ahsini’, Marc Escoto?

! Instituto Universitario de Matematica Pura y Aplicada. Universitat Politécnica de Valéncia

2 Centro de Investigacion en Gestion e Ingenieria de Producciéon. Universitat Politécnica de Valéncia
[50]

AnomaloUs-net

Python

https://github.com /yusef320/AnDi2-ICSO _UPV

Our AnomaloUs-Net architecture comprises three main components: a particle tracking algorithm, an
attention U-Net model, and a change-point method. With slight modifications we have used for both
tracks and tasks.

(a) Initially, the video of the particle within the FOV is processed using the TrackPy library [35],
which implements the Crocker-Grier algorithm for efficient particle detection and tracking [36].
Once the particles are detected, we link them across frames, creating continuous trajectories.

(b) The trajectories are then analyzed by three distinct Attention U-Net models to predict the «
coefficient, the k coefficient, and the particle’s state at each frame of the video. This architecture
is an enhancement of the traditional U-Net [51] with attention mechanisms [52]. To enhance
feature relevance, the network uses attention gates to selectively emphasize important features
by integrating information from both the encoder and decoder paths [53].

(c) After generating the predictions, we will have three distinct time series for each particle in the
field of view (FOV): «, k, and the state at each position. To detect changes in state, we will
focus mainly on the o and k time series while using the state series to fine-tune the detection
process. Specifically, particles in the ""trapped"" state exhibit o and k values close to zero,
which helps us refine the change point detection method.

We analyze the particle’s state at each time step. First, change points are identified by detect-
ing when the trajectory shifts its predicted state. Later, we use the sliding window method
implemented in the Ruptures Python library [54].



 https://doi.org/10.5281/zenodo.14360592
https://github.com/yusef320/AnDi2-ICSO_UPV
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Team M: DeepSPT

Members:

Reference:
Method:
Platform:
Open-access:
Description:

Nikos S. Hatzakis, Jacob Kaestel-Hansen, Steen W. B. Bender

Department of Chemistry & Nanoscience Center, University of Copenhagen, 1172 Copenhagen,
Denmark

[55]

DeepSPT

Python

https://github.com/JKaestelHansen /AndiChallengeDeepSPT

Trajectory Track - Single-trajectory Task End-to-end UNET architecture with output nodes for
alpha, D, and motion type per time point per track. Loss function being errors in predicting Alpha,
D and motion type per timepoint. Alpha and D change points detected by absolute distance between
neighbouring time points and a threshold. Trained on provided AnDi challenge simulation of tracks.
Tragectory Track - Ensemble Task For the ensemble prediction task, the alpha and D predictions
per time point per track from the End-to-end UNET described above are for each experiment pooled.
For each experiment, a Gaussian mixture models are fitted to the pooled alpha and D predictions
individually defining the number of Gaussians to fit as the highest number of changepoints identified
by the UNET for the tracks in the given experiment. The Gaussian mixture model fit returns the
average, standard deviation, and the relative weights for each identified state.

Team O: CSSPL

Members:

Reference:
Method:
Platform:
Open-access:
Description:

Hawoong Jeong'?, Jaeyong Bae'

! Department of Physics, Korea Advanced Institute of Science and Technology, Daejeon 34141, Korea
2 Center of Complex Systems, Korea Advanced Institute of Science and Technology, Daejeon 34141,
Korea

[56]

Segment-based task-specific deep learning model framework
Python

https://github.com /peardragon/AnDi2

Trajectory Track - Single-trajectory Task Our method utilizes five task-specific models, each de-
rived from modified ResNet architectures tailored to two-dimensional trajectory data. These models
are: the CP Existence Classifier, First CP Predictor, Diffusion Coefficient Predictor, Diffusion Expo-
nent Predictor, and Diffusion State Classifier. The analysis proceeds iteratively as follows: The CP
Existence Classifier initially determines whether change points (CPs) are present in the trajectory.
Upon detecting a CP, the First CP Predictor estimates its position by predicting the step size from the
trajectory’s start. This segmentation divides the trajectory into a pre-CP segment (first segment) and
a post-CP segment (residual trajectory). The Diffusion Coefficient, Exponent, and State Predictors
detect the diffusion properties for the first segment. In the next step, the trajectory is modified by
removing the first segment and replacing it with padded residuals, enabling the analysis to repeat.
This iterative process continues until no CPs are detected. For trajectories without further CPs, the
remaining segment bypasses the First CP Predictor and directly undergoes diffusion property analysis
in a terminal phase.

Trajectory Track - Ensemble Task In the ensemble task, Gaussian Mixture Modeling (GMM) is
applied. Segment-wise diffusion coefficients, exponents, and states obtained from the single-trajectory
analysis are aggregated. The total number of properties obtained is calculated as the product of
each trajectory’s time steps and the number of trajectories in the experiment. For example, diffusion
coefficients for individual segments are aggregated according to the number of time steps within
each segment. GMM is performed on these aggregated properties, with the number of components
corresponding to the unique state count. Bayesian Information Criterion (BIC) scores are used to
select the best-fitting GMM. The resulting means and variances from the selected GMM represent the
ensemble diffusion properties.



https://github.com/JKaestelHansen/AndiChallengeDeepSPT
https://github.com/peardragon/AnDi2
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Team Q: SU-FIONA

Members:

Reference:
Method:
Platform:
Open-access:

Description:

Junwoo Park®, Nataliya Sokolovska', Ignacio Izeddin?, Clément Cabriel?, Judith Miné-Hattab'

1 Sorbonne Université, CNRS, Laboratoire de Biologie Computationnelle et Quantitative, LCQB, F-
75005 Paris, France

2 Institut Langevin, ESPCI Paris, Université PSL, CNRS, 75005 Paris, France

FreeTrace and BI-ADD

Python and C
FreeTrace:https://github.com/JunwooParkSaribu/FreeTrace
BI-ADD:https://github.com/JunwooParkSaribu/BI _ADD

Video Track - Single-trajectory Task FreeTrace [57] infers the molecular trajectories in two folds.
First is localizations of molecules from raw video. It detects positions of molecules at pixel-level by
computing the difference between Gaussian PSF and Gaussian noise. From the computed difference, it
fits 2D Gaussian distribution on the local maxima to calculate the positions of molecules at sub-pixel
level. Second is reconnections of localized molecules. FreeTrace has two terms for the reconnection
of molecules, jump distance and «(anomalous diffusion exponent). The approximated a supports the
inference of reconnection if the length of trajectory becomes longer than 4. With a and jump distance,
FreeTrace generates a multivariate Gaussian distribution with approximated « and jump distance to
choose a particle at the next frame which has maximum likelihood among potential particles. The
estimation of a is computed with ConvLSTM [58] from simulated noiseless fBm trajectories with
andi-datasets.

Trajectory Track - Single-trajectory Task BI-ADD [59] segments a heterogeneous trajectory into
sub-trajectories. BI-ADD converts a trajectory into a signal suggesting potential change-points with
multiple sizes of sliding windows. From the sub-trajectories divided by change-points including false
positives, it generates a global distribution of « and K. BI-ADD utilizes GMM (Gaussian mixture
model) on the o and K distribution for the clustering. From the change-points, it compares the likeli-
hoods of two consecutive sub-trajectories with clusters. If there is a significant change of likelihood or
label between two consecutive sub-trajectories, BI-ADD merges the two consecutive sub-trajectories
and considers the change-point as false positive, true positive otherwise. BI-ADD iterates this merging
step until it checks every potential change-point. The estimations of K and « for the sub-trajectories
are performed with simple neural network and ConvLSTM respectively, which are trained with noise-
less fBm trajectories, generated with andi-datasets [? |.



https://github.com/JunwooParkSaribu/FreeTrace
https://github.com/JunwooParkSaribu/BI_ADD
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Team R: M3

Members: Rasched Haidari
Gene Machines Group, Clarendon Laboratory, Department of Physics, University of Oxford, Oxford,
UK / Kavli Institute of Nanoscience Discovery, University of Oxford, Dorothy Crowfoot Hodgkin
Building, Oxford, UK

Reference: -

Method: M3 - An LSTM approach for pointwise inference

Platform: Python + PyTorch

Open-access: https://github.com /raschedh/AnomalousDiffusion

Description: M3 is a machine learning method using stacked bi-directional LSTMs (BiLSTMs). Specifically, the

architecture consists of three BiLSTM cells with ReLU layers, skip connections, and layer normal-
izations, followed by a fully connected layer. The first two BiLSTM cells have two layers (with 0.1
dropout) with the last cell only having a single layer. Each BiLSTM returns a vector of dimension
128 (for every time-step). The input to the model is ten time-series features, extracted from the
original particle coordinates. These were obtained from an extensive literature review and include
z-normalized positions, displacements, step sizes, angles, and features that involve cumulative dis-
placements and logarithms of position. We implement data augmentation techniques during training,
namely Gaussian noise, random rotations, axial flips and (temporal) trajectory truncation. Training
data consisted of 5 million tracks from a broad range of parameters simulated using the AnDi Github
package [? ]. Identical, but separate, models were trained for anomalous exponent (alpha), diffusion
coefficient (K) and protein state variable, with the addition of a LogSoftmax layer at the output of
the state model (classification task). Each model was trained independently of the others and outputs
a time-series, of the same length as the original particle coordinates, providing alpha, K, and state
at every time-step (pointwise inference). Alpha and K predicted time-series were smoothed using a
threshold-based approach and median filtering. For changepoint detection, we employed the PELT
algorithm with an L2 cost function (using ruptures Python library [54]) and combined changepoints
from alpha and K. We found this worked better than using all three variables. Models were trained
for a maximum of 30 epochs, and the epoch with the lowest validation loss was selected. As each
model is small (~500k trainable parameters), the entire training process can be completed on a single
GPU, taking at most ~10hrs per model.



https://github.com/raschedh/AnomalousDiffusion
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