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Abstract

Moving instance segmentation (MIS) attracts increasing at-
tention due to its broad applications in traffic surveillance,
autonomous driving, and animal tracking. Event cameras
record asynchronous brightness changes, providing high
temporal resolution and dynamic range, which makes them
highly sensitive to motion information. By fusing event and
image features, motion cues from events can complement
spatial details from images, enhancing the performance of
MIS. However, current multimodal MIS methods still strug-
gle to segment small moving instances, as event cameras
often yield sparse features under limited resolution. In ad-
dition, event features entangle appearance attributes with
motion cues, which further restricts effective cross-modal
fusion. To address these challenges, we first propose a dual-
disentangling feature extraction framework that separates
and extracts appearance and motion information within
both image and event modalities, thereby improving fea-
ture density. Subsequently, a multi-granularity cross-modal
alignment is introduced to align distributionally and seman-
tically consistent features across modalities, enabling more
effective fusion with rich spatial and temporal details. The
experiment results demonstrate that our method achieves
state-of-the-art performance in multimodal MIS, especially
for small instances under challenging conditions such as
fast motion and low-light settings. 1

1. Introduction
Moving instance segmentation has gained increasing at-
tention owing to its wide applications in traffic surveil-
lance [54], autonomous driving [53], and animal track-
ing [15]. This task is inherently more challenging than con-
ventional semantic segmentation, as it requires not only dis-
tinguishing object categories but also segmenting individual
instances and identifying their independent motions. Re-

1Project page: https : / / github . com / Neuromorphic -
Electronics-Photonics-Lab/DIMOS-Moving-Instance-
Segmentation-CVPR2026.
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Figure 1. Feature Extraction Comparison. (a) Our method extracts
both appearance and motion features from each modality. (b)
Model checkpoints at different iterations are sampled to compute
the cosine similarity between appearance and motion features ex-
tracted from encoders of the same modality on MouseSIS dataset.

cent advances in moving instance segmentation algorithms
have achieved impressive results [5, 46]. However, the per-
formance of image-based methods still shows limitations in
extreme environments, such as low illumination, backlight-
ing, and high-speed motion scenarios [15, 23].

Event cameras, with their unique advantages in low la-
tency, high dynamic range, and low power consumption,
have shown potential to overcome the limitations of image-
based methods [11, 19]. Built on more complex pixel cir-
cuits, event cameras achieve extremely high temporal res-
olution but relatively low spatial resolution [25]. In addi-
tion, they generate sparse and asynchronous events rather
than dense frame-based signals. Although these character-
istics are advantageous for capturing rapid motion in ex-
treme environments [18, 28, 36, 37, 50], they also introduce
challenges for dense prediction tasks such as instance seg-
mentation. In particular, the sparsity of event streams leads
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to incomplete spatial context, making it difficult to capture
clear object boundaries and regions. As a result, although
event data are valuable for mitigating limitations under ex-
treme conditions, models relying solely on event inputs still
struggle to achieve competitive performance in moving in-
stance segmentation.

Recent research has increasingly explored multimodal
fusion [24, 27, 47], in which each modality provides com-
plementary strengths. Image frames provide appearance
cues such as texture and structural details, while event
streams provide motion information. This paradigm shows
clear performance improvements. However, event cam-
eras still suffer from limited resolution due to their larger
pixel pitch, and current fusion methods often require main-
taining consistent resolution between image and event sen-
sors [16, 41]. These factors make small instance segmen-
tation very challenging. Since small objects occupy only a
limited number of pixels, both appearance and motion in-
formation become constrained. This sparsity leads to insuf-
ficient feature density and degraded segmentation quality.
In practice, each modality naturally contains both types of
cues. Image frames contain motion cues, as widely utilized
in optical flow estimation [10, 34]. The density or distribu-
tion of event streams provides implicit clues about appear-
ance patterns related to shape, texture, and material, as these
attributes determine the surface reflectance [12, 13, 31, 51].
Such inherent properties have not been fully explored or ex-
ploited in moving instance segmentation.

A promising solution is to extract both appearance and
motion cues from each modality instead of relying on a
strict separation between them, which increases feature den-
sity and enables more effective use of the available pixels,
as shown in Figure 1(a). However, achieving such joint ex-
traction is not equally straightforward for different modal-
ities. For image data, the separation between appearance
and motion cues is well-understood. Appearance details
are naturally captured by the camera, while motion infor-
mation can be derived from temporal differences or mo-
tion blur [14]. In contrast, event data exhibits strong en-
tanglement between appearance and motion cues because
both motion and appearance characteristics can induce vari-
ations in event density and distribution that are difficult to
distinguish. This coupling complicates the extraction of
clean appearance and motion features from the event modal-
ity and ultimately weakens the effectiveness of cross-modal
fusion. As shown in Figure 1(b), features extracted from
the event modality exhibit higher similarity across differ-
ent types compared to those from the image modality. To
solve the entanglement problem, feature disentanglement
has been explored in other dense prediction tasks, such as
image segmentation [33, 44], super resolution [22, 42], and
image generation [6, 9], where it helps isolate different se-
mantic factors and improve feature interpretability. These

observations motivate an intra-modal disentanglement strat-
egy to effectively separate appearance and motion cues, es-
pecially for event data.

In this work, we focus on disentangling and extracting
both appearance and motion features within each modality.
Specifically, we design a Disentangling Instance-level Mov-
ing Object Segmentation (DIMOS) framework, using dual-
disentangling encoders with intra-modal contrastive learn-
ing and task-specific supervision to disentangle appearance
and motion features from both image and event modal-
ities. Intra-modal contrastive learning enhances the dis-
criminability between appearance and motion information,
while task-specific supervision constrains the disentangled
features to learn appearance and motion cues, respectively.
Since disentanglement produces two types of features per
modality, effective multimodal learning requires aligning
appearance and motion features across modalities. To this
end, we introduce a multi-granularity cross-modal align-
ment mechanism that combines adversarial domain adap-
tation and modality translation. This design facilitates ef-
fective feature fusion by jointly enforcing distributional and
semantic alignment between cross-modal features.
• We propose a dual-disentangling mechanism that extracts

both appearance and motion features from each modality,
enhancing feature density and representation quality.

• We design a multi-granularity cross-modal alignment to
enforce distributional and semantic consistency for effec-
tive feature fusion.

• Experiments demonstrate that our approach achieves
state-of-the-art performance, validating the effectiveness
of the proposed disentanglement framework.

2. Related Work

2.1. Video Object Segmentation

Video object segmentation (VOS) lays the foundation for
most moving object and instance segmentation tasks. In
the semi-supervised setting, an initial annotation in the first
frame is propagated over time. Early methods focused on
efficient temporal propagation, while later methods empha-
sized robust feature matching. Representative methods such
as FEELVOS [40], CFBI [48], and CFBI+ [49] significantly
improved temporal consistency and stability, forming the
basis for many subsequent frameworks.

Beyond, unsupervised or zero-shot VOS methods fur-
ther relax need for an initial annotation by relying only
on the intrinsic visual and motion cues in videos. MAT-
Net [56] combines appearance and motion for foreground
discovery, while Isomer [52] leverages transformer-based
architectures for long-range temporal modeling. Another
approach [55] explores multi-source fusion to improve seg-
mentation accuracy in more diverse scenarios. Although
these approaches improve generalization, they remain sen-
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sitive to complex camera motion and adverse conditions.
To address this limitation, recent works integrate event data
into VOS. Event cameras offer high temporal resolution and
clean motion cues under challenging lighting conditions.
ELVOS [23] demonstrates that fusing event streams with
images significantly improves temporal correspondence and
segmentation reliability, highlighting cross-modal fusion as
a promising strategy for robust VOS.

2.2. Moving Instance Segmentation
Moving instance segmentation (MIS) extends VOS from
foreground localization to distinguishing multiple indepen-
dently moving objects. Early motion segmentation ap-
proaches, such as FgSegNet [2], primarily focus on identi-
fying moving regions through background subtraction, op-
tical flow estimation, or motion clustering. Event-based
variants, including EVIMO [30], GConv [31], and Un-
EVIMO [43], further leverage the high temporal resolution
of event cameras to separate independent motions. How-
ever, due to the sparse and asynchronous nature of event
data, these approaches often produce coarse object bound-
aries and incomplete contours, limiting their performance in
fine-grained instance-level segmentation. To achieve more
precise instance discrimination, image-based MIS methods
adapt video instance segmentation (VIS) architectures that
exploit rich appearance cues. IDOL [46] introduces an in-
teraction mechanism between detection and segmentation
to maintain temporal consistency. Although it performs
well in structured scenes, its reliance on single-modality in-
puts restricts robustness under motion blur, occlusion, and
other degraded conditions.

To overcome these limitations, multimodal pipelines
emerge to integrate complementary cues from both images
and events. ModelMixSort [15] combines YOLO [35] de-
tectors on RGB and event-derived grayscale frames with
a SAM [8, 21] model, whereas EvInsMOS [41] explicitly
fuses image texture and event-based motion cues through
contrastive learning [7, 32] and cross-modal masked atten-
tion. Despite these advances, most multimodal MIS frame-
works still follow a simplified paradigm that extracts ap-
pearance information from images and motion informa-
tion from events. Such designs often result in insufficient
feature density for small objects and weak semantic cor-
respondence across modalities, highlighting the necessity
for a unified framework that jointly disentangles and aligns
appearance–motion representations to achieve more robust
moving instance segmentation.

3. Method
In this section, we present the Disentangling Instance-
Level Moving Object Segmentation (DIMOS) frame-
work. It extracts both appearance and motion features from
each modality and introduces feature disentanglement with

multi-granularity cross-modal alignment to enhance feature
quality and fusion robustness.

3.1. Problem Definition
Given a sequence of image frames It and the corresponding
event stream E[t,t+∆t] recorded by an event camera over the
same time interval, our goal is to perform pixel-level seg-
mentation of all independently moving objects in the scene
and to predict their motion states at the current time step.
Specifically, the model is required to predict an instance
mask m̂k and a binary motion label ŷk ∈ {0, 1} for each
instance. The overall output can be expressed as follows,

M̂ = {m̂k}Kk=1, Ŷ = {ŷk}Kk=1, (1)

where K denotes the number of instances in the current
frame.

Event cameras produce asynchronous event streams E =
{ei}Ni=1, where each event ei = (xi, yi, ti, pi) encodes a
brightness change at time ti and pixel (xi, yi) with polarity
pi. While event data offers ultra-high temporal resolution, it
is inherently sparse and irregular, making it less suitable for
dense prediction tasks. To address this, we discretize the
event stream into B temporal bins and accumulate events
spatially and temporally to obtain a voxel representation as

Vt(x, y, b) =
∑
i

(xi,yi)=(x,y)

pi max
(

0, 1−
∣∣b− ti−t∆t (B−1)

∣∣),
(2)

where b ∈ {0, 1, . . . , B − 1} is the bin index, B is the total
number of bins, and ∆t denotes the duration of the event
slice between the current frame and the next frame.

The two modalities are combined as X = {It,Vt}
and assigned to the segmentation output through a mapping
function with learnable parameters φ as follows,

fφ(X) = (M̂, Ŷ). (3)

3.2. Method Overview
Our framework consists of four main components: a dual-
disentangling module, a cross-modal alignment and fusion
module, a cross-type interaction module, and a task-specific
module. Compared to previous works in VIS [4, 45], we
make several key modifications. First, both image and event
are encoded independently with a dual-branch encoder to
extract appearance and motion features, as shown inside
the orange dashed box in Figure 2. To ensure a clear
separation of appearance and motion features, we adopt
intra-modal contrastive learning to enhance disentangle-
ment within each branch. Second, the two inputs yield four
feature vectors that are subsequently fused across the image
and event modalities into appearance and motion features.
This is accomplished by a multi-granularity cross-modal
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Figure 2. Overview of the proposed DIMOS framework. The pipeline consists of four major components: (1) Dual-Disentangling
Mechanism with appearance and motion encoders for each modality. (2) Multi-Granularity Cross-Modal Alignment & Fusion that
enforces consistency at both distributional and semantical levels. (3) Cross-Type Interaction for joint reasoning between appearance
and motion cues via cross attention. and (4) Task-Specific Decoders for appearance-related and motion-related predictions. Da and Dm

denote the domain discriminators for appearance and motion branches used in adversarial distribution alignment, while Ta1, Ta2, Tm1, and
Tm2 represent modality translation modules that perform bidirectional feature reconstruction for semantic-level alignment.

alignment module and a lightweight CNN fusion layer for
the image and event modalities, as shown inside the purple
dashed boxes in Figure 2. Third, to preserve the seman-
tics of disentangled features, we employ not only instance
segmentation and bounding box regression for decoders of
appearance-related tasks, but also motion classification and
optical flow estimation for decoders of motion-related tasks.

We employ different strategies for inference and train-
ing. During inference, we utilize the mask fusion procedure
proposed in [41]. The model first upsamples the predicted
mask embeddings to full resolution and then fuses the mo-
tion classification results by applying a confidence thresh-
old θ to the motion scores. Only masks whose confidence
exceeds θ are retained as moving instances, producing the
final instance-level segmentation map. In contrast, during
training, the supervision is assigned by Hungarian matching
between predicted masks and ground-truth instances [3],
ensuring a one-to-one correspondence for both mask pre-
diction and motion classification without thresholding.

3.3. Dual-Disentangling Mechanism
To ensure sufficient information for small instance seg-
mentation, we aim to jointly exploit appearance and mo-
tion information extracted from each modality. Providing
complementary information from both the image and the
event modalities can alleviate the lack of dense information
within a single modality. Therefore, we adopt a dual-branch
encoder for each modality to simultaneously extract appear-
ance and motion information from image and event inputs.

The dual-branch encoders of the two modalities share the
same input but are parameterized independently and trained

with different task-specific supervision signals to learn dis-
tinct semantic representations. We denote the appearance
and motion features extracted from images as Fim

appr and
Fim

mot, and those from events as Fev
appr and Fev

mot. To further
enhance the disentanglement between the appearance and
motion branches, we incorporate intra-modal contrastive
learning. Unlike previous works that apply contrastive
learning for improving cross-modal feature discriminabil-
ity, we focus on intra-modal separation of appearance and
motion features. This encourages the network to empha-
size differences between appearance and motion semantics
rather than across modalities, avoiding redundant or mixed
representations across branches. For each modality, positive
samples F+ are selected from the same type (appearance
or motion) and consecutive frames, while negative samples
F− are sampled from different types or non-consecutive
frames. The InfoNCE loss [32] for intra-modal contrastive
learning is defined as

Lcon = − log
exp

(
F · F+/τ

)
exp

(
F · F+/τ

)
+
∑

F− exp
(
F · F−/τ

) ,
(4)

where · denotes dot product between two `2-normalized fea-
tures and τ is a temperature factor. The specific construction
of positive and negative samples for appearance and motion
features is detailed in the supplementary material.

3.4. Multi-Granularity Cross-Modal Alignment
Previous multimodal fusion methods often combine fea-
tures from different modalities through concatenation and
simple linear or convolutional operations. Without proper
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alignment before fusion, these methods fail to ensure se-
mantic consistency or fully exploit the complementarity be-
tween image and event data. This limitation arises from
the inherent distributional and semantic gap between the
two modalities. Therefore, we propose a multi-granularity
cross-modal alignment that aligns appearance and motion
features across modalities by enforcing consistency at both
distributional and semantic levels during the feature fusion.

Distribution-Level Alignment via Domain Adapta-
tion. At the distributional level, the two modalities can be
regarded as two “domains” of the same underlying scene.
The distribution gap between them makes feature align-
ment difficult, even if they share the same semantic category
(e.g., appearance or motion). To bridge this gap, we em-
ploy adversarial domain adaptation [39] to learn domain-
invariant representations.

We introduce two discriminators for the appearance
and motion branches. The discriminators classify feature
modality, while the encoders, through a gradient reversal
layer, learn to minimize this gap. An asymmetric strategy
is adopted, where image features serve as the reference do-
main for appearance alignment and event features for mo-
tion alignment. This design leverages the fact that images
provide more explicit appearance cues, while events contain
clearer motion cues. The adversarial loss is as follows:

Ladv = Lappr
adv + Lmot

adv , (5)

where each component corresponds to an adversarial train-
ing objective between the encoder and its corresponding do-
main discriminator. The adversarial loss can be formulated
as a min–max optimization as below,

min
G

max
D

Ex∼pref

[
logD(x)

]
+Ez∼psrc

[
log(1−D(G(z)))

]
,

(6)
where G denotes the feature encoder, D the domain dis-
criminator, pref the reference domain distribution, and psrc
the source domain distribution. For the appearance branch,
x = Fim

appr and G(z) = Fev
appr. For the motion branch,

x = Fev
mot and G(z) = Fim

mot. Detailed formulations are
provided in the supplementary material.

Semantic-Level Alignment via Modality Translation.
Distribution-level alignment alone cannot fully ensure se-
mantic consistency across modalities. To bridge this
gap, we introduce two lightweight convolutional modal-
ity transform modules that translate appearance and mo-
tion features between the image and event spaces, enforc-
ing bidirectional semantic consistency during training. A
reconstruction loss regularizes this process as below,

Ltrans =‖Ta1(Fim
appr)− Fev

appr‖22 + ‖Ta2(Fev
appr)− Fim

appr‖22
+ ‖Tm1(Fim

mot)− Fev
mot‖22 + ‖Tm2(Fev

mot)− Fim
mot‖22,
(7)

where T is the translation module. This design ensures that
features of the same semantic type are mutually translatable,
strengthening cross-modal alignment and providing a more
stable foundation for fusion.

Importantly, both distributional and semantic alignments
are entirely unsupervised and only applied during training,
introducing no extra cost at inference time.

3.5. Optimizing Objectives
The overall training objective of DIMOS integrates task-
specific supervision, intra-modal contrastive learning, and
cross-modal alignment.

Main Task Loss. Following Sec. 3.1, the model predicts
both instance masks and motion states. The instance seg-
mentation loss is defined as

Lmov seg =
1

K

K∑
k=1

[
Lcls(ŷk, yk) + Lmask(m̂k,mk)

]
, (8)

where yk and ŷk are the ground truth and predicted motion
labels, and mk and m̂k denote the ground truth and pre-
dicted masks. Lcls is a standard cross-entropy loss used for
class prediction, and Lmask is a binary cross-entropy loss
for mask supervision.

Extra Task-Specific Loss. To enhance appearance and
motion perception, we introduce two extra objectives. For
motion modeling, an unsupervised optical flow estimation
loss [41] is defined as

Lflow =
∑
c

ψ
(
It(c)− It+∆

(
c + F̂t→t+∆(c)

))
, (9)

where F̂t→t+∆ denotes the predicted optical flow between
two adjacent frames through an FPN-based flow decoder.
Here, It(c) and It+∆(c) represent the pixel intensities of
two consecutive frames viewed as continuous functions of
spatial coordinate c. The term It+∆(c + F̂t→t+∆(c)) sam-
ples the next frame at a displaced location determined by
the estimated flow, effectively warping it toward the current
frame. The robust function ψ(·) follows (|u| + ε)q with
ε = 0.01 and q = 0.4 [29]. For appearance modeling, a
bounding box regression loss is given by

Lbbox = ‖ĉb − cb‖1, (10)

where cb denotes the reference coordinates of bounding
boxes.

Finally, we combine all losses, including the intra-modal
contrastive loss Lcon (Sec. 3.3) and the cross-modal align-
ment losses Ladv and Ltrans (Sec. 3.4), into the total objec-
tive as follows,

Ltotal = Lmov seg + λflowLflow + λbboxLbbox

+ λconLcon + λdistLadv + λsemLtrans,
(11)

where λflow, λbbox, λcon, λdist, and λsem are balancing co-
efficients.
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4. Experiments
In this section, we evaluate our proposed method (DIMOS)
on three challenging datasets that contain both image and
event modalities. We compare our approach with frame-
based and event-assisted methods. We further provide abla-
tion studies to analyze the contribution of each component
in our architecture.

Table 1. Summary of the three datasets

Dataset Avg. Inst.
per Frame

Avg. Inst.
Mask Area

Avg. Foreg.
Mask Area

MouseSIS 4.10 0.73% 3.01%
SEVD-Fixed 7.68 0.15% 1.12%
EVIMO 1.34 3.74% 5.03%

4.1. Datasets
We conduct extensive experiments on three benchmarks:
MouseSIS [15], SEVD-Fixed [1], and EVIMO [30].

MouseSIS [15] contains synchronized grayscale frames
and event streams of interacting mice with over 75000 tem-
porally consistent instance masks. The targets are small and
frequently occluded, making it suitable for evaluating fine-
grained segmentation of objects with low foreground ratio.

SEVD-Fixed [1] is a synthetic traffic surveillance
dataset with RGB, event, depth, and semantic labels cap-
tured under diverse lighting and weather conditions. Fore-
ground objects like vehicles and pedestrians are often small,
challenging precise instance segmentation.

EVIMO [30] provides indoor event streams with
ground-truth motion masks and depth for up to three mov-
ing objects, serving as a standard benchmark for motion
segmentation.

As shown in Table 1, MouseSIS and SEVD-Fixed ex-
hibit lower average instance mask area ratio (0.73% and
0.15%) compared to EVIMO (3.74%), and lower fore-
ground coverage. This highlights their particular challenge
on small instance segmentation. More dataset details are
provided in the supplementary material.

4.2. Implementation Details
We implement our framework in PyTorch. For the three
datasets, we train the network for 400K iterations on Mous-
eSIS, 500K on EVIMO, and 800k on SEVD-Fixed with a
batch size of 16. We use the Adam optimizer [20] with a
weight decay of 1× 10−6 and employ a one-cycle learning
rate schedule, with the peak learning rate set to 1 × 10−4.
The number of event bins is set to B = 10 and the mov-
ing confidence threshold is set to θ = 0.1 across all experi-
ments. The loss weights are set to λflow = 10.0, λcon = 0.5,
λbbox = 0.01, λdist = 0.1, and λsem = 10.0. All ex-
periments, including ablations and comparisons with prior

methods, are conducted on the same evaluation machine.
Training is performed on dual A40 GPUs, and inference is
conducted on a single RTX 5090 GPU to ensure consistent
evaluation settings. More architectural and training details
are provided in the supplementary material.

Due to the relatively low spatial resolution of most ex-
isting DVS sensors and the requirement to maintain consis-
tent resolution across modalities, we downsample different
datasets to specific target resolutions. The input resolutions
are resized to 320 × 180 for MouseSIS and 512 × 384 for
SEVD-Fixed. This downsampling strategy significantly re-
duces computational overhead while preserving instance-
level discriminability, particularly for small objects. For
EVIMO, we use the original resolution of 346 × 260. Im-
portantly, the lower resolution setting further highlights the
challenge of small instance segmentation.

Following previous works [26, 41, 57], we adopt
three primary metrics for moving instance segmentation:
mIoUins, mIoU01, and mAP. Specifically, mIoUins

evaluates instance-level segmentation accuracy for each
moving object, while mIoU01 measures the 0–1 binary
foreground mask accuracy. We further report mAP to ac-
count for false positives and overall detection precision.

4.3. Quantitative Results
We quantitatively evaluate the proposed framework against
representative frame-based (IDOL [46]) and event-assisted
(ModelMixSort [15] and EvInsMos [41]) methods on three
challenging benchmarks: MouseSIS, SEVD-Fixed, and
EVIMO. The results are summarized in Table 2.

On the MouseSIS dataset, our method achieves the best
instance-level segmentation accuracy with the mIoUins of
70.25%, outperforming both classical frame-based method
(IDOL [46]) and event-assisted baselines. Notably, Mod-
elMixSort [15] and EvInsMOS [41] already yield improve-
ments over image-only methods, which confirms the ben-
efits of leveraging event data under the challenging illumi-
nation condition. Our method further boosts performance
through explicit disentanglement and alignment strategies.
On the SEVD-Fixed dataset, which presents more challeng-
ing scenarios than MouseSIS due to its complex outdoor en-
vironments, diverse weather conditions, and a larger num-
ber of smaller instances, our framework achieves 62.05%
mIoUins, outperforming EvInsMOS [41] by 5.55%. This
consistent gain highlights the superior robustness of our ap-
proach under extreme conditions, where event signals ef-
fectively complement degraded image data. On the EVIMO
dataset, although EvInsMOS [41] and ModelMixSort [15]
already perform strongly by leveraging both modalities, our
method achieves the highest mIoUins of 72.08%, indicat-
ing the effectiveness of our disentanglement strategy.

Overall, these results demonstrate that our method
achieves consistent improvements across different bench-
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Table 2. Quantitative comparison on MouseSIS, SEVD-Fixed, and EVIMO.

Dataset Method Backbone mIoUins (%) mIoU01 (%) mAP (%) FLOPs

MouseSIS

IDOL [46] ResNet-50 60.66 66.96 26.73 68.13G
ModelMixSort [15] YOLO-SAM 63.72 75.79 23.11 5.49T
EvInsMOS [41] ResNet-50 62.54 75.34 30.94 26.08G
DIMOS (ours) ResNet-50 70.25 77.30 45.18 60.42G

SEVD-Fixed

IDOL [46] ResNet-50 45.49 52.17 16.13 195.85G
ModelMixSort [15] YOLO-SAM 49.56 61.43 18.47 5.55T
EvInsMOS [41] ResNet-50 56.50 58.45 20.24 87.52G
DIMOS (ours) ResNet-50 62.05 61.53 23.29 201.26G

EVIMO

IDOL [46] ResNet-50 69.35 72.01 33.08 106.12G
ModelMixSort [15] YOLO-SAM 71.67 78.33 33.99 5.50T
EvInsMOS [41] ResNet-50 71.26 75.19 35.97 40.95G
DIMOS (ours) ResNet-50 72.08 75.74 36.44 94.81G

marks with diverse illumination conditions, motion pat-
terns, and scene complexities. Importantly, both MouseSIS
and SEVD-Fixed contain a large number of small instances,
where accurate segmentation strongly relies on dense ap-
pearance and motion features. Our disentanglement frame-
work effectively enhances the segmentation of such small
instances by simultaneously extracting appearance and mo-
tion information from both modalities. In contrast, conven-
tional frame-based or simple fusion methods do not explic-
itly perform such dual-modality disentangling, which high-
lights the advantage of our approach in jointly leveraging
complementary appearance and motion cues.

4.4. Qualitative Results
Figure 3 presents qualitative comparisons among represen-
tative methods on MouseSIS datasets. The results consis-
tently demonstrate that our proposed DIMOS framework
achieves more accurate and temporally consistent segmen-
tation, particularly for small moving instances.

Compared to IDOL, our model produces cleaner object
boundaries and avoids missing detections under motion blur
or low-illumination conditions. The superiority becomes
evident where image-only models often fail to distinguish
object contours or confuse overlapping instances. Event-
assisted baselines, including ModelMixSort [15] and EvIns-
MOS [41], perform better by leveraging event information;
however, they still exhibit fragmented masks or inaccurate
separations when multiple objects move closely or inter-
act. Overall, the visual comparisons align well with the
quantitative results, confirming that the proposed frame-
work achieves superior robustness for small instance seg-
mentation under limited resolution.

4.5. Ablation Study
To investigate the contribution of each component,
we perform ablation experiments on MouseSIS by

Table 3. Ablation study on MouseSIS. We incrementally add dual-
disentangling mechanism (Dual. Mech.), extra task-specific losses
(UnFlow and BBox), semantic alignment loss (Sem. Align.), and
distributional alignment loss (Dist. Align.).

UnFlow BBox Dual.
Mech.

Sem.
Align.

Dist.
Align.

mIoUins

(%)

× × × × × 60.47
X × × × × 62.54
X X × × × 63.46
X X X × × 68.11
X X X X × 69.23
X X X X X 70.25

progressively enabling task-specific supervision, dual-
disentangling mechanism, alignment modules, and encoder
backbones. Results are shown in Table 3 and Table 4.

Baseline without extra modules. As shown in Table 3,
without any additional modules, the model reduces to a sim-
ple multimodal interaction pipeline, achieving only 60.47%
mIoUins, which confirms the weakness of insufficient fea-
ture extraction in handling small instance segmentation un-
der challenging conditions.

Effect of extra task-specific supervision. As shown in
Table 3, introducing unsupervised flow estimation improves
mIoUins from 60.47% to 62.54%, demonstrating that addi-
tional motion guidance helps capture motion cues. Incorpo-
rating bounding box supervision further raises it to 63.46%,
providing a spatial prior that enhances localization, particu-
larly for small or overlapping objects. For sequences with-
out box annotations, pseudo boxes are generated from the
outer boundaries of instance masks.

Effect of dual-disentangling mechanism. Table 3 also
shows that the dual-disentangling mechanism brings a sig-
nificant performance increase to 68.11% mIoUins. This
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Figure 3. Visual comparisons show consecutive frames sampled from a video sequence of MouseSIS [15], arranged from top to bottom.
Red boxes highlight regions with missed segmentation or unclear boundaries.

module explicitly separates appearance and motion infor-
mation within both modalities, resulting in denser and more
discriminative features after cross-modal fusion, which are
particularly beneficial for small instance segmentation. By
introducing intra-modal contrastive learning for explicit dis-
entanglement, the network prevents the mutual interference
between appearance and motion semantics and ensures that
each branch focuses on its corresponding representation.

Effect of semantic and distributional alignment.
Adding the semantic-level alignment further improves the
performance to 69.23% mIoUins, indicating that trans-
forming corresponding appearance and motion features
across modalities enhances fusion effectiveness. Moreover,
enabling distribution alignment pushes the performance to
70.25% mIoUins since features extracted from image and
event streams naturally follow different distributions that
may degrade performance. The semantic reconstruction and
adversarial domain adaptation jointly ensure that represen-
tations from different modalities remain coherent.

Table 4. Backbone ablation on MouseSIS dataset.

Backbone Param. FLOPs mIoUins (%)

MobileNetV2 [38] ∼ 3.4M 12.24G 68.62
ResNet18 [17] ∼ 11.7M 20.10G 69.32
ResNet-50 [17] ∼ 25.6M 60.42G 70.25

Effect of different encoder backbone. Table 4 shows
the results using different backbones on MouseSIS, con-
firming that our disentangling and alignment modules ef-
fectively leverage the representational capacity of deeper
networks. Importantly, using lightweight backbones such
as MobileNetV2 [38] and ResNet-18 [17] results in only

marginal drops of 1.63% and 0.93%, demonstrating the
strong backbone-agnostic generalization of our framework.
This shows that performance gains come from the proposed
modules rather than large encoders alone. This is par-
ticularly advantageous given that our disentangling frame-
work involves multiple encoder branches. By adopting
dual lightweight backbone networks, we can reduce over-
all parameters while maintaining or even surpassing the
performance of conventional methods that rely on a sin-
gle, large-capacity backbone (e.g., dual MobileNetV2 with
around 7.0M parameters vs. single ResNet-50 [17] with
around 25.6M parameters), achieving a favorable perfor-
mance–efficiency trade-off.

5. Conclusion

In this work, we addressed the challenge of small mov-
ing instance segmentation by proposing the DIMOS frame-
work. Our method disentangles and extracts appearance
and motion representations within each modality and aligns
them through a multi-granularity cross-modal alignment
strategy. This design enhances feature density and fusion
effectiveness, leading to consistent improvements across
multiple datasets. Experimental results demonstrate the ef-
fectiveness and robustness of our approach, particularly for
small instances under challenging conditions.
Limitation. Our framework, like most multimodal seg-
mentation systems, still relies on paired inputs. How-
ever, such synchronized dual-modality inputs are not al-
ways available. Existing methods often experience severe
performance degradation or even fail completely in such
single-modality settings. Therefore, enhancing the single-
modality compatibility of multimodal systems represents an
important and meaningful future research direction.
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