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Abstract

We present an overview of the Spatio-temporal Instance
Segmentation (SIS) challenge held in conjunction with the
CVPR 2025 Event-based Vision Workshop. The task is to
predict accurate pixel-level segmentation masks of defined
object classes from spatio-temporally aligned event camera
and grayscale camera data. We provide an overview of the
task, dataset, challenge details and results. Furthermore,
we describe the methods used by the top-5 ranking teams
in the challenge. More resources and code of the partici-
pants’ methods are available here: https://github.com/tub-
rip/MouseSIS/blob/main/docs/challenge_results.md

1. Introduction

With the rapid evolution of computer vision applications
in robotics, autonomous systems, and biological research,
the ability to accurately segment and track multiple ob-
jects over time has become increasingly important. Tra-
ditional frame-based cameras, while widely adopted, face
fundamental limitations when dealing with challenging vi-
sual conditions such as high-speed motion, varying illumi-
nation, and low-light environments. These limitations are
particularly pronounced in applications requiring real-time
performance and high temporal precision, such as tracking
tasks applicable to many problems, for example, behavioral
analysis in neuroscience research and wildlife monitoring.
Event cameras, also known as Dynamic Vision Sensors
(DVS) [5, 13], offer a compelling alternative to conven-
tional frame-based sensors. Unlike traditional cameras that
capture full images at a fixed rate, event cameras asyn-
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Figure 1. The Spatio-Temporal Instance Segmentation Challenge.
Participants build models that take pixel-level aligned grayscale
frames and events as input and predict accurate pixel-level seg-
mentation masks and identifiers of all objects of class “mouse”.

chronously detect pixel-level brightness changes, producing
a sparse stream of events only when and where changes oc-
cur in the scene. This unique sensing paradigm provides
several advantages: microsecond temporal resolution, high
dynamic range (>120 dB), low power consumption, and
minimal motion blur [6]. These characteristics make event
cameras particularly well-suited for tracking fast-moving
objects under challenging lighting conditions, where frame-
based approaches often fail.

Despite these advantages, the adoption of event-based
vision for complex tracking tasks has been limited by the
lack of annotated datasets that support fine-grained, multi-
object tracking at the pixel level. Although significant
progress has been made in frame-based video instance seg-
mentation [21, 23], the event-based vision community has



focused primarily on simpler tasks, such as single-object
bounding-box tracking. This gap in available resources
has hindered the development of sophisticated event-based
tracking algorithms that could fully leverage the unique
properties of event cameras.

To address this critical need, we present the Spatio-
temporal Instance Segmentation (SIS) Challenge, organized
as part of the 2025 CVPR Event-based Vision Workshop'.
This challenge is based on the MouseSIS dataset [8], which
provides aligned event and frame data with pixel-accurate
instance segmentation masks for multiple freely moving
mice. The dataset includes 33 video sequences with an av-
erage duration of approximately 20 seconds, recorded using
a beamsplitter system that ensures pixel-level alignment be-
tween frames and events. The sequences contain challeng-
ing scenarios, including uneven illumination, occlusions,
and complex interactions between multiple targets.

The 2025 SIS Challenge explores algorithmic potentials
for multi-object mask-level tracking using event data. Un-
like traditional video instance segmentation tasks that op-
erate on images, the SIS Challenge addresses the unique
opportunities presented by the quasi-continuous nature of
event streams. Participants were tasked with developing
methods that could accurately segment and track multiple
mouse instances throughout entire sequences while main-
taining consistent temporal identities (Fig. 1). The Chal-
lenge ran from February to May 2025, attracting 63 partici-
pants with 14 teams submitting results to the leader board.

This paper summarizes the approaches and findings from
the top-performing teams in the Challenge. The results
demonstrate that event-based approaches can achieve com-
petitive performance in complex multi-object tracking sce-
narios, with the winning method achieving a Higher Order
Tracking Accuracy (HOTA) score of 0.62. Hence, the SIS
Challenge and this accompanying summary contribute to
the advancement of the field of event-based computer vi-
sion, showcasing the potential of event cameras for complex
scene understanding tasks. By providing a benchmark for
event-based spatio-temporal instance segmentation, we aim
to inspire future research in further developing robust track-
ing algorithms that can operate effectively under challeng-
ing visual conditions where traditional cameras struggle.

2. Spatio-Temporal Instance Segmentation
Challenge

2.1. Introduction of the SIS Dataset

The SIS Challenge is based on the MouseSIS dataset [8], a
benchmark for multi-object tracking and segmentation us-
ing synchronized event and frame data. The dataset cap-
tures freely moving mice in laboratory settings using a

Thttps://tub-rip.github.io/eventvision2025/
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specialized hardware setup that ensures pixel-level align-
ment between neuromorphic event cameras and conven-
tional grayscale cameras. The MouseSIS dataset comprises
33 sequences, each approximately 20 s in duration: around
600 frames at 30 Hz and aligned event data. The sequences
feature varying numbers of mice (1-6 subjects) engaged
in natural behaviors under different lighting conditions, in-
cluding challenging scenarios with occlusions, rapid move-
ments, and uneven illumination. The dataset follows a
YouTubeVIS-style annotation format, providing instance-
level segmentation masks with consistent identifiers (IDs)
throughout each sequence. Data is organized into prede-
fined train, validation, and test splits, with sequences dis-
tributed to ensure balanced difficulty across splits.

2.2. Task Description

The Challenge requires participants to develop algorithms
for spatio-temporal instance segmentation of mice from
synchronized event and frame data (Fig. 1). Specifically:

1. Input: Participants receive pixel-aligned event streams
and grayscale frames for each test sequence. Event data
is provided as raw events (x,y,t,p) where (x,y) are
pixel coordinates, ¢ is the timestamp, and p is polarity.

. Output: Methods must produce temporally accurate and
consistent pixel-level instance segmentation masks and
object IDs for all mice in each sequence.

. Evaluation: Following the MouseSIS evaluation pro-
tocol, methods are assessed using multiple metrics, in-
cluding HOTA [14], Multiple Object Tracking Accuracy
(MOQOTA) [1], and IDF1 [18] scores, which jointly evalu-
ate segmentation quality and temporal consistency.

For the Challenge, participants process six test se-
quences: 10, 16, 22, 26, 28 & 32. Sequences | and 7 from
the original test set [8] were excluded to maintain evaluation
integrity. Submissions consist of JavaScript Object Nota-
tion (JSON) files containing predicted segmentation masks
in Run-Length Encoding (RLE) format with associated in-
stance IDs and confidence scores.

2.3. Data Loading and Training Pipeline

To facilitate participation and ensure reproducibility, the

Challenge provides a comprehensive codebase with stan-

dardized data loading and training pipelines:

Data Access. Participants can download the MouseSIS

dataset from the provided Google Drive repository, orga-

nized in HDF5 format with separate files for each sequence.

Each HDFS5 file contains synchronized frames and events

with precise temporal alignment information.

Preprocessing Pipeline. The codebase includes utilities:

1. Loading and synchronizing event and frame data from
HDFS files.

2. Converting raw events to various representations (e.g.,
event frames, voxel grids).



3. Handling the YouTubeVIS-style annotations with proper
sequence-instance mapping.
Baseline Implementation. A complete baseline method,
ModelMixSort [8], that combines YOLOVS object detection
and Segment Anything Model (SAM)-based segmentation
with XMem-based tracking, is provided. It demonstrates:
1. Multi-modal fusion of events and frames.
2. Integration with popular deep learning frameworks (e.g.,
PyTorch).
. Standard training procedures with configurable hyperpa-
rameters.
. Inference scripts for generating Challenge-compliant
JSON outputs.
The pipeline supports flexible experimentation while
maintaining standardized evaluation procedures, enabling a
fair comparison of different approaches.

3. Challenge Results

This section summarizes the results of the top-5 teams in
the Challenge ranking, showing an increase of up to 42%
compared to the baseline method ModelMixSort [8]. Most
teams follow a similar tracking-by-detection approach as
ModelMixSort, improving this modular method by integrat-
ing and fine-tuning the latest detection and segmentation
methods in the literature. Technical details of all methods
can be found in Sec. 5. In summary, the centralized eval-
uation and modular baseline method provide easy access,
also for non-event-vision practitioners, to the topic of event-
based tracking. This low entry barrier allows participants to
integrate the latest advances in foundation models and ex-
plore the advantages of event-based cameras.

Team Name HOTAT MOTAT IDF17
1. emilmed 0.62 0.72 0.83
2. enidx 0.57 0.69 0.75
3. mysterypeople 0.54 0.59 0.67
4. shlee 0.54 0.61 0.68
5. vivien 0.54 0.54 0.67
ModelMixSort (baseline) [8] 0.43 0.45 0.50

Table 1. Top-5 results of the CVPR 2025 Spatio-temporal Instance
Segmentation (SIS) Challenge at the Event-based Vision Work-
shop. The HOTA score determines the overall ranking. Bold val-
ues indicate the best results per metric.

4. Conclusion

We presented the results of the SIS Challenge held in con-
junction with the CVPR’25 Event-based Vision Workshop.
Progress in event-based vision in general, and more specif-
ically in event-based tracking, is lagging behind conven-
tional vision in terms of easily accessible evaluation plat-
forms. The MouseSIS dataset and the SIS Challenge pro-
vide steps towards closing such a gap. This report provides

4736

an overview of the MouseSIS dataset, the challenge, and
technical details of the top-5 methods. The solutions of
the participants show creative integration of existing frame-
based methods and optimizations, which improve accuracy
by ~ 42% compared to the baseline method. We believe
that this benchmark, which includes an accessible baseline
method and centralized evaluation, significantly lowers the
entry barrier to event-based tracking and helps foster future
developments in this topic.

5. Challenge Teams and Methods

5.1. Team 1: emilmed

5.1.1. Description

The tracking pipeline of the winning team (Fig. 2) draws
inspiration from [19], which emphasizes that carefully
selected design choices within a classical tracking-by-
detection paradigm can achieve competitive performance,
and also highlights the critical role of domain adaptation.

Pretrained Convolutional Neural Networks (CNNs) [15],
like those in YOLOVS, rely on filters that assume a cer-
tain dynamic range in input intensities. Low-contrast in-
puts violate this assumption, resulting in weak activations
and poorly separated feature maps. Histogram equaliza-
tion improves contrast and reduces the distributional mis-
match with COCO-pretrained detectors [11], enhancing the
responsiveness of early convolutional filters. This consti-
tutes a lightweight form of domain adaptation that aligns
low-level input statistics. They retrain the detection model
on these equalized images and finetune SAM-Large [12] us-
ing Low-Rank Adaptation (LoRA) [10], enabling efficient
and scalable domain-specific adaptation.

For object association, the team adopts a more classi-

cal strategy based on bounding boxes. This approach of-
fers faster and more stable motion prediction compared to
mask-level tracking, which can be noisy and computation-
ally demanding in complex scenes. In the following, the
key components of the tracking pipeline are elaborated.
Object Detectors. For frame-based input, the team applies
histogram equalization during training to mitigate light-
ing inconsistencies and retrains the YOLOVS [11] detector
model using the equalized frames. For event-based input,
they use the provided baseline detection model applied to
E2VID-reconstructed frames [17].
Segmentation. The team finetunes SAM [12] by vary-
ing only the decoder, leaving the image encoder untouched
(i.e., frozen). To enable efficient adaptation, they inject
LoRA [10] into the encoder’s attention projections, modi-
fying weight matrices as follows:

W« W+AB, AeR¥™ BeR™ r<d,
where A, B are trainable and initialized using the method

proposed by He et al. [9]. This reduces the trainable param-
eters while enabling effective task-specific adaptation.
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Figure 2. Team 1. Overview of the complete tracking pipeline. First, events are reconstructed using E2VID [17], while grayscale images are
histogram-equalized (HE). These inputs are then passed to individually trained YOLOVS detectors [11]. To eliminate duplicate detections,
non-maximum suppression (NMS) is applied based on Intersection over Union (IoU) and detection confidence scores. The resulting
bounding boxes are used to prompt a finetuned SAM model [12]. Depending on whether the detection originated from the reconstructed
or histogram-equalized image, the corresponding input is fed into the SAM encoder for mask prediction. Tracking is performed using the
ByteTrack paradigm [24], relying solely on bounding boxes. Finally, the tracking output is refined through a greedy merging of fragmented
tracks, and missing masks are interpolated to produce the final results.

Post-Processing. The team refines the predicted segmenta-
tion masks using morphological operations inspired by the
SAM2 pipeline [16]. Specifically, they apply dilation with
a 3 x 3 rectangular kernel for 4 iterations, followed by ero-
sion for 3 iterations with the same structuring element. This
operation smooths mask boundaries and fills small inter-
nal holes, resulting in more coherent and visually consistent
segmentations across frames.

Tracker. The method employs ByteTrack [25] for multi-
object tracking and performs data association using a cost
matrix that combines Intersection-over-Union (IoU) sim-
ilarity with detection confidence scores. Specifically, it
weighs IoU similarities by detection confidence before con-
verting them into a fused cost matrix. Appearance-based
features were omitted due to the high visual similarity be-
tween rodents, which renders embedding-based metrics un-
reliable.

Track Merging. The greedy tracklet merging algorithm
used in the pipeline of Fig. 2 is based on temporal prox-
imity and spatial overlap (see Algorithm 1). The procedure
considers pairs with small frame gaps and sufficient IoU
between their bounding boxes. Pairs are greedily merged
according to descending IoU.

Track Interpolation. To handle missing detections within
a track, the method performs linear interpolation of object
centroids at time point ¢ and spatially shifts the segmenta-
tion masks. Let M7 : Z2 — {0, 1} be a binary mask defined
on a 2D pixel grid. If there is a gap in the object’s tracked
trajectory, it is spatially interpolated by translating its cen-
troid. The team calculates the centroids of the detections at
the gap borders using image moments [7]:

(), )

(D) = (Mg /M), Mg /M),
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for 7 = {t1,t2}. The interpolated centroid is:

interp __

B () ey,
: w1 o =
cgnterp _ (1 _ a)c?(/h) + OsztQ) to —t1

Then the required translation is computed:

__ interp _ (t1) _ interp _(t1)
Az = cj Cy Ay =, eyt

)

The method constructs a 2D affine transformation matrix
to perform this translation:

1 0 Ax
T=10 1 Ay
0 0 1

This matrix is applied to M;, via image warping, yielding
the interpolated mask M, at time ¢, aligned with the linearly
estimated object trajectory between frames ¢; and to:

Mt(%y) = M, (T_l[x>y7 1]—'—)

This procedure is repeated for each gap frame to reconstruct
intermediate segmentation masks.

5.1.2. Implementation Details

Object Detector. The team retrained the YOLOv8m object
detector [11] on the provided MouseSIS dataset [8]. The
model was initialized with pretrained weights and trained
for 100 epochs with a batch size of 16. Input images were
resized to 640 pixels on the longest side while preserving
aspect ratio. Optimization was performed using an SGD op-
timizer (with momentum 0.937 and weight decay 0.0005),
with an initial learning rate of 0.01 and a 3-epoch warm-up
phase, as per the default setting. To improve generalization,



Algorithm 1 (Team I). Greedy Tracklet Merging Based on
Temporal and Spatial Continuity

Require: Tracklets 7 = {T;} with (s;, e;, Bi™, Bl)
Output: Merged tracks

1: Initialize empty list of merge candidates C
2: for all pairs (T3, 7)) with ¢ # j do

3:  Compute frame gap A;; = s; — ¢;

4: if Anin < Aij < Apax then

5: Compute IoU;; = IoU(B}*, BJ™)
6: if IoU;; > 0 then

7: Add (4, j) to candidate list C

8: end if

9:  endif

10: end for
11: Sort C by descending IoU
12: for each pair (4, j) € C do
13: if T} and T are not already merged then
14: Merge T; and T} into a single track
15:  end if
16: end for

they applied several augmentations during training, includ-
ing Mosaic augmentation, horizontal flipping with a prob-
ability of 0.5, random translations (+10%), scaling (x50%)
and random erasing with a probability of 0.4.
Segmentation. The team finetuned SAM [12] using the
MouseSIS dataset [8]. The model was initialized with the
official sam_vit_1_.0b3195 checkpoint. LoRA modules with
rank r = 16 were added to the query-key-value projections
of selected self-attention layers in the image encoder. Dur-
ing training, only the LoRA modules and the mask decoder
were updated, while the rest of the model remained frozen.
Each image was resized to 1024 px on the longest side, nor-
malized to [0, 1], and padded to 1024x 1024 px. Training
was carried out using the Adam optimizer with a learning
rate of 10~° for up to 500 epochs, with gradient accumu-
lation every 8 steps to simulate a larger batch size. The
loss combined binary cross-entropy and Dice loss (weighted
0.005). The team manually applied early stopping based on
validation loss.

Tracking. During tracking, the team performed non-
maximum suppression between bounding boxes predicted
from the E2VID reconstructions and frames. The finetuned
SAM model was then applied to the E2VID input, as it bet-
ter matches the training domain compared to the off-the-
shelf model. They adjusted the tracker’s association pa-
rameters to suit the task, as follows: track_high_thresh
= 0.6, track_low_thresh = 0.1, match_thresh = 0.8,
new_track_thresh = 0.7, track_buffer = 60. They set the
temporal association bounds to A, = —15 and Ay =
15, and used an IoU threshold # = 0.1 for linking tracklets.

All training and inference runs have been performed on
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a single NVIDIA RTX 3090 graphics card.

5.1.3. Results

The proposed pipeline achieved first place on the MouseSIS
challenge. The results are reported in Tab. 1. The team
outperformed other proposed solutions in all tracking met-
rics. However, the computation time is relatively high (2
seconds per sample, excluding E2VID runtime, as images
are reconstructed in advance) and could benefit from model
distillation to improve efficiency.

5.2. Team 2: enidx
5.2.1. Description

The team proposes a series of enhancements based on Mod-
elMixSort, a tracking-by-detection approach in [2], to im-
prove tracking and segmentation performance. Specifically,
they replace YOLOv8 with the more powerful YOLOv12
for object detection, and substitute SAM2 with an up-
graded version of SAM to enhance feature extraction ca-
pabilities. For preprocessing, they apply contrast enhance-
ment to grayscale frames, and during inference, they em-
ploy test-time augmentations such as image rotation and
flipping to improve model robustness and generalization.
As a result, their method achieves great performance on
the test set, ranking second overall (Tab. 1): HOTA=0.569,
MOTA=0.688 and IDF1=0.748.

5.2.2. Implementation Details

Input Process. The MouseSIS dataset captures the activ-
ities of multiple mice in complex environments using syn-
chronized event and frame cameras [8]. It provides high-
quality instance segmentation masks, bounding boxes, and
identity annotations for each mouse across video frames.
The dataset includes numerous challenging scenarios in-
volving frequent occlusions and interactions, making it
well-suited for evaluating robust multi-object tracking and
segmentation methods.

To improve the performance of downstream object de-
tection and instance segmentation models, the team applies
contrast enhancement as a standardized preprocessing step
for all input grayscale frames. This design addresses the is-
sue of weak feature visibility and blurred object boundaries,
which are common in low-light or low-contrast scenes, and
often degrade the discriminative capability of deep-learning
models. Specifically, they adopt the Contrast Limited Adap-
tive Histogram Equalization (CLAHE) method with param-
eters clipLimit 2.0 and tileGridSize (8,8) to enhance the lo-
cal contrast of each frame. By redistributing the grayscale
values within localized regions, CLAHE expands the dy-
namic range and improves the visibility of fine details and
textures that are otherwise hard to detect.

Contrast enhancement is applied consistently across the
training, validation, and testing sets to ensure feature distri-
bution alignment throughout the entire pipeline. This con-



sistency helps the model learn stable representations and
mitigates performance degradation due to distribution shift.

Boxes Detection. To achieve accurate detection of mice,
the team adopts YOLOV12 [20], a recent advancement over
YOLOVS with improved detection performance and feature
extraction capability. Specifically, they use the large-scale
YOLOV12-X variant to take advantage of its enhanced rep-
resentational power. Given the multimodal nature of the
data, they train two separate YOLOvV12-X detectors: one
for the event data and another for the grayscale frames. For
the event modality, they first reconstruct frames from raw
event streams using E2VID [17].

The dataset was partitioned by sequence, with frames
400 to 757 from sequence 33 designated as the validation
set, while all remaining frames from the validation dataset
were used for training. During training, all input images
were uniformly resized to 640x640 pixels. The model was
initialized with YOLOv12-X weights pretrained on COCO
to accelerate convergence and enhance generalization per-
formance. A batch size of 8 was employed during training,
and each detector was trained for 80 epochs on its corre-
sponding dataset. All other training configurations, includ-
ing the choice of optimizer, learning rate scheduling policy,
strictly followed the default settings provided by the offi-
cial YOLO implementation to ensure consistency and re-
producibility.

Segmentation and Tracking. After obtaining high-quality
detection boxes from the YOLOv12-X, the team further
employed SAM2 [16] for fine-grained instance segmen-
tation.  Specifically, they selected the more advanced
SAM?2.1 hiera_large, which demonstrates significantly im-
proved segmentation performance compared to the original
SAM [12]. The detection boxes produced by YOLOv12-X
were used as prompts to guide SAM2 in generating corre-
sponding segmentation masks. For the video object seg-
mentation model, they used XMem [4], set to follow [8].

In order to make SAM?2 better adapt to the specific ap-
pearance and pose variations of the mice in the Mous-
eSIS dataset, the team fine-tuned the model according to
the officially published pre-training weights. The fine-
tuned dataset consists of MouseSIS training and validation
datasets of grayscale frames.

The fine-tuning was performed using four NVIDIA
GeForce RTX 4090 GPUs, with the batch size set to 1, the
maximum number of objects processed per image capped
at 6, and the resolution of all input images set to 1280 px,
taking into account the GPU memory limitations and the
model’s requirement for multi-object segmentation. Base
learning rate was set to 5 - 107, and the model was trained
for a total of 40 epochs, with the rest of the training pa-
rameters following the default settings recommended in the
SAM?2 open-source implementation.
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Test-Time Augmentation. In order to improve the stabil-
ity and accuracy of the detection frame and thus enhance
the segmentation of the SAM2, the team designed and im-
plemented a test-time enhancement strategy. The strategy
works by applying geometric transformations to the input
images, such as horizontal flip, scaling, and small-angle
rotation, and performing YOLOv12-X detection on each
transformed image. All detections are mapped back to the
original image coordinate system by inverse transformation
and fused with the original detection frames to obtain a
more robust bounding box, which is used as a segmentation
cue input to SAM2.

During the fusion process, they use the Hungarian algo-
rithm to match the detected frames under different transfor-
mations by the intersection and concurrency ratio, and only
retain the frames with IoU > 0.3 and with area changes
within a reasonable range. All matched frames for each tar-
get are weighted and averaged according to the confidence
level to generate the final bounding box. The fusion results
are fed into the SAM2 to obtain a more accurate instance
segmentation mask. This method improves detection sta-
bility and helps improve the performance of metrics, such
as HOTA, MOTA, and IDF]I, in multi-target segmentation
tasks.

5.2.3. Results

The team conducted a series of experiments on the Mous-
eSIS dataset to evaluate the impact of different combina-
tions of detection and segmentation models on the perfor-
mance of multi-target tracking and segmentation (MOTS).

Table 2 shows the impact of different detector and seg-
mentation model combinations on MOTS performance met-
rics. Replacing the segmentation module from the original
SAM to the SAM2 under the YOLOVS detector yields sub-
stantial improvements: HOTA increases by 8.44%, MOTA
by 10.74%, and IDF1 by 11.98%. This indicates that the en-
hanced segmentation model significantly improves the qual-
ity of instance masks, which in turn benefits tracking accu-
racy. Building on this, replacing the detector from YOLOvVS8
to YOLOV12 results in additional gains of 0.69% in HOTA,
1.69% in MOTA, and 1.72% in IDF1, highlighting the im-
portance of more precise and stable detection boxes in sup-
porting segmentation and target association.

Furthermore, the use of CLAHE-based contrast enhance-
ment, indicated by an asterisk in Tab. 2 as YOLOv12*, re-
sults in additional improvements of 0.77% in HOTA, 0.55%
in MOTA, and 1.37% in IDF1. These results demonstrate
that progressive enhancements of the segmentation model,
detection accuracy, and input quality collectively contribute
to better MOTS performance.

Based on the use of the YOLOvV12 detector, the SAM?2
segmentation model, and CLAHE preprocessing, the team
further explored the effect of replacing the original XMem
tracker with XMem-no-sensory weights (Tab. 3). To ensure



Det. Model Seg. Model Tracker HOTAT MOTA?T IDF11
Yolov8 SAM XMem 0.431 0.445 0.500
Yolov8 SAM2 XMem 0.516 0.552 0.620
Yolov12 SAM2 XMem 0.522 0.569 0.637
Yolov12* SAM2 XMem 0.530 0.575 0.651

Table 2. (Team 2) Comparison of MOTS performance of different
model combinations on MouseSIS test dataset.

Det. Model Seg. Model HOTAT MOTAT IDF11
YOLOvI2 SAM2 0.535 0.575  0.650
YOLOVI12+Val SAM2 0.540 0.572  0.675
YOLOVI12+Val SAM2 (fine-tuned)  0.542 0.669  0.695
YOLOVI12+Val+TTA SAM?2 (fine-tuned)  0.569 0.688  0.748

Table 3. (Team 2) Impact of Training and Inference Strategies on
MOTS Performance.

the adequacy of training, the configuration labeled “+val” in
the table indicates that only the data after the 400th frame
in the 33rd sequence is used as the validation set, and the
rest of the original validation dataset data are used to train
YOLOv12. This segmentation strategy can better utilize the
labeled data and effectively improve model performance.

In addition, the team fine-tuned the SAM2 segmentation
model on the MouseSIS dataset to make it more adaptive to
the specific task scenarios (Tab. 3), resulting in an increase
of MOTA by 9.65%, and the introduction of the test-time-
enhancement (TTA) strategy for the detection frames con-
tinued to optimize the performance of the model, and the
HOTA increased to 0.569, the MOTA reached 0.688, and
the IDF1 reached 0.748. The experiment further verifies the
effectiveness of the multi-stage optimization strategy in the
multi-target segmentation tracking task.

5.3. Team 3: mysterypeople

5.3.1. Introduction

The team proposes a hybrid approach combining the event-
image fusion segmentation framework EvInsMOS [22]
and the tracking-by-detection methodology inspired by the
XMem-based pipeline introduced in the MouseSIS bench-
mark [8].

5.3.2. Method Overview

As shown in Fig. 3, the pipeline integrates the strengths of
both segmentation and tracking:

The team employs the EvInsMOS model as the backbone
segmentation network, which fuses texture features from
grayscale images and motion cues from event voxels.

To reduce missed instance detection and improve spatial
localization, they enhance the decoder with an additional
bounding box regression head supervised by L! loss.

For temporal consistency and identity assignment, they
apply an XMem-based tracker [4] to the segmentation
outputs, enabling cross-frame association.
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Figure 3. Team 3. Overall pipeline of the method combining
EvInsMOS and XMem tracking.

5.3.3. Segmentation Network Design

Encoder. The encoder consists of two modality-specific

branches:

* Image Branch: A ResNet-based encoder extracts high-
resolution texture features f7.

* Event Branch: Event streams are voxelized into H X
W x B tensors (with B = 10 bins), following Eq. (1)
from [22]. These are processed by a lightweight CNN to
obtain motion features fg.

These two feature maps are augmented via the Cross-

Modal Masked Attention (CMA) module:

fr=(fe ® feum) - softmax(f] (f& © fenm)/7) + f1
(1)

far = fr-softmax((fe © fun) ' f1/7) + fe (2)
where fgjs is an event mask, 7 is a learnable temperature,
and ® denotes element-wise multiplication.

Contrastive Learning Objective: The team adopts a
multi-frame InfoNCE-based contrastive learning strategy,
following the design in EvInsMOS [22]. Specifically:

* Positive pairs are constructed between feature represen-
tations of the same modality (either f7 or fj,) across ad-
jacent frames in a batch.

* Negative pairs include features from different modalities
(i.e., motion vs. texture) as well as from non-adjacent
samples across the batch.

The goal is to enforce inter-frame temporal consistency

for each modality while encouraging decorrelation between

texture and motion modalities. The total contrastive loss is:
B

1
cclz—BZbg( ) 3)

In this formulation, B denotes the number of samples in
the mini-batch. The terms are defined as follows:

FCYy + FCY,
SS%. + 884, + CSh




FCbT and FC?M represent the feature consistency scores
between the current and reference frame within the tex-
ture and motion modalities, respectively. These scores
correspond to positive pairs.
SSY. and SS4, denote the self-similarity scores within the
same modality but from unrelated samples, used as intra-
modality negative pairs.
CS?F, a 1s the cross-modality similarity score between
texture and motion features across the batch, used to pe-
nalize shared representations between distinct modalities.
This formulation ensures temporal coherence within modal-
ities while enforcing modality-specific representations.
Decoder. The decoder adopts a query-based design in-
spired by Mask2Former [3], which decouples segmentation
and classification into separate parallel branches. The team
generates n fixed learnable queries that attend to different
object instances.

L]

Mask Decoder: Takes the augmented texture feature fp
and projects each query embedding into a segmentation
mask S’i. Here, n denotes the total number of queries.
Motion Classifier: Takes the augmented motion feature
far and predicts a binary motion score m; € {0,1}
for each query, indicating whether the corresponding in-
stance is moving.

Decoupling these tasks is beneficial because motion state
may not perfectly align with spatial contours, especially in
the presence of camera-induced parallax. This separation
allows motion classification to benefit from motion-specific
cues and segmentation to focus on spatial accuracy.

Methods HOTAt MOTAT IDF11
ModelMixSort (baseline) [8] 0.43 0.45 0.50

EvInsMOS + bbox + Hungarian 0.509 0.498 0.605
EvInsMOS + XMem tracker 0.524 0.579 0.640
EvInsMOS + bbox + XMem (Team 3) 0.542 0.594 0.669

Table 4. (Team 3) Performance comparison on original resolution
(1280x720 px) MouseSIS test set.

Training: For each frame, ground truth instance masks

S;? and their motion labels cgit) are assigned to predicted
queries using Hungarian matching p(7) based on spatial

IoU. The combined loss is:

n

ﬁmos = Z (Ece(mp(i)v Cglt)) + ]lcyt):l : Lmask(gp(i)a Ss(ylt)))

i=1
“)
where L. 1S a mixture of focal and dice losses, and L. is
binary cross entropy for motion label prediction.
Also, the team adds a bounding box regression loss:

n
Lipox = E ‘
i=1

b — b9 (5)

1
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Inference: At test time, all n predicted masks S’i
and motion scores m,; are computed. = Masks with
softmax(m;) > 6 are retained as the final m moving in-
stance predictions. This enables the model to adaptively
determine the number of foreground instances.

To further enhance the decoder’s sensitivity to motion
boundaries, the team incorporates an optical flow-guided
feature modulation mechanism. An unsupervised flow esti-
mator computes the optical flow between adjacent grayscale
frames. The resulting flow field is used to warp and align
decoder-level feature maps across time. This flow-guided
alignment enhances temporal coherence and sharpens mo-
tion contours, particularly in occlusion-prone or fast-motion
regions. The warped feature fy,r is fused with the decoder
output via attention-based gating, refining the segmentation
quality without requiring additional supervision.

5.3.4. Tracking and ID Association

The team uses the XMem [4] tracker, specifically they:

1. Generate per-frame masks from EvinsMOS.

2. Feed masks and frames to XMem for propagation.

3. Use Hungarian matching based on IoU to align new
masks with existing memory trackers.

5.3.5. Implementation Details

The implementation is in PyTorch 2.5.1, on four NVIDIA
A40 GPUs with batch size 8, Adam optimizer, an initial
learning rate of 1 x 10~4 trained for 300,000 iterations. For
the XMem-based tracker, the team uses the following hy-
perparameter configuration: the maximum age of a tracker
(‘max_age‘) is set to 1, ‘min_hits = 3 The IoU threshold is
set to 0.5 (‘iou_threshold = 0.5°).

5.3.6. Results

The team compares their method against three alternative
settings: (1) ModelMixSort baseline as proposed in [8]; (2)
EvInsMOS with added bounding box regression and Hun-
garian matching for association; (3) EvInsMOS combined
with XMem-based tracker. Their full model integrates both
the enhanced decoder and XMem tracking.

From Table 4, it can be observed that the method out-
performs all baselines across all three metrics. The addi-
tion of the bounding box regression head (comparing row 3
with row 4) contributes to better localization and motion es-
timation. Replacing Hungarian matching with the memory-
based XMem tracker (comparing row 2 with row 4) boosts
identity preservation as reflected in IDF1. Combining both
enhancements results in the best performance.
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