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Abstract

Intelligent robots need to interact with diverse objects
across various environments. The appearance and state
of objects frequently undergo complex transformations de-
pending on the object properties, e.g., phase transitions.
However, in the vision community, segmenting dynamic
objects with phase transitions is overlooked. In light of
this, we introduce the concept of phase in segmentation,
which categorizes real-world objects based on their vi-
sual characteristics and potential morphological and ap-
pearance changes. Then, we present a new benchmark,
Multi-Phase, Multi-Transition, and Multi-Scenery Video
Object Segmentation (M>-VOS), to verify the ability of
models to understand object phases, which consists of
471 high-resolution videos spanning over 10 distinct ev-
eryday scenarios. It provides dense instance mask anno-
tations that capture both object phases and their transi-
tions. We evaluate state-of-the-art methods on M3-VOS,
vielding several key insights. Notably, current appearance-
based approaches show significant room for improvement
when handling objects with phase transitions. The inher-
ent changes in disorder suggest that the predictive per-
formance of the forward entropy-increasing process can
be improved through a reverse entropy-reducing process.
These findings lead us to propose ReVOS, a new plug-and-
play model that improves its performance by reversal re-
finement. Our data and code will be publicly available
at https://zixuan-chen.github.io/M-cube-
VOS.github.io/.

1. Introduction

Object understanding is crucial, especially for Embodied
Al Lately, large-scale datasets and data-driven methods
[6, 19] have advanced research in object understanding,

*The first two authors contribute equally.
Corresponding author.

shifting from traditional category recognition [ 4] to deeper
levels of comprehension, such as identifying higher-level
affordances [10] and attributes [12], which help establishing
the concepts of objects in interactions with environment.

In the real world, intelligent robots need to interact with
various objects in diverse ways, during which objects ex-
hibit a range of morphological and appearance changes in-
fluenced by their inherent characteristics, the nature of the
environment, and the specific interactions occurring. Par-
ticularly, the phase characteristics of objects describe their
intrinsic morphological features and change dynamics.

Objects with different phase characteristics exhibit dis-
tinct change features when subjected to the same interac-
tions. For instance, placing solid coffee beans in a blender
results in their transformation into a powdered form. In con-
trast, pouring milk into the blender causes it to splash and
flow continuously during blending, potentially even lead-
ing to separation at the end. In addition to transformations
within phase states, cross-state phase changes are common
in the real world, endowing objects with properties they
originally did not have. For example, dry ice rapidly sub-
limates, producing a lot of mist and water droplets, which
will quickly frost at lower temperatures as Fig. 1. Therefore,
a deep understanding of an object’s intrinsic phase charac-
teristics and the properties of phase transition is crucial for
robots to perceive the world, manipulate objects, and fulfill
various complex functions according to human needs.

Despite efforts to explore the visual understanding of ob-
ject change characteristics from various perspectives, such
as OCL [18], which focuses on changes in object usability,
VOST [32] and VSCOS [37], which emphasize the segmen-
tation of objects with appearance variations, most works re-
main limited to a single phase. They often overlook the un-
derstanding of object knowledge across phase transitions.

Thus, to address the absence of object phase transition
understanding, we first categorize different objects based on
their visual features and change characteristics commonly
observed in daily life. Furthermore, we introduce M3-
VOS, a fine-grained text-visual annotated dataset for object
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Figure 1. Objects in the real world have various phase states. Each phase has its unique transition (intra-phase transition), such as water
flowing, shoelace twisting, smoke diffusing, and so on. Besides, numerous transitions occur across different phases (cross-phase transition),
such as bromine liquefaction, dry ice sublimation, and water freezing.

knowledge understanding across multiple scenarios, includ-
ing objects that encompass a variety of transformations, in-
cluding appearance changes within phases and state transi-
tions between phases. Motivated by SA-V [28], which was
constructed using the pipeline combining SAM2-assisted
manual annotation with SAM2-automatic generation, we
designed our semi-annotate tool based on the Interactive
Demo of Cutie [4]. Besides, we propose an effective
method of model cross-validation to mitigate model bias in
model-assisted annotation tools.

Given the data, we analyze the current understanding of
object state changes in the field of computer vision from
the perspective of Video Object Segmentation (VOS). On
one hand, VOS task requires the visual model to possess
a comprehensive understanding of object phase knowledge
to track objects that undergo significant changes in appear-
ance and morphology during phase transitions. On the other
hand, video object segmentation serves as an upstream task
for other tasks, such as recognizing higher-level attributes
and affordances and object manipulation tasks.

Equipped with our benchmark, we analyze state-of-the-
art VOS algorithms [2, 4, 28, 36, 38]. We found signifi-
cant room for improvement in the understanding of objects
undergoing phase transitions. Additionally, by analyzing
the performance differences across cases, we identified po-
tential challenges in phase changes and proposed specific
improvements, establishing a baseline ReVOS utilizing re-
verse memory, booster, and readout fusion to advance ob-
ject segmentation with phase transformations.

We conclude in Sec. 6.2 by analyzing the different per-
formances of the existing models facing different phase
transitions. We hope this work will motivate further explo-
ration into more robust object knowledge understanding. In

summary, our main contributions are as follows:

1. We build a video object segmentation benchmark fo-

cused on object phase transitions, addressing the gap in

understanding object phase transformations in this field.

We propose an efficient semi-automated annotation tool

tailored for multi-phase object segmentation and a dual-

model cross-validation method to address the common
issue of model bias in model-assisted annotation tools.

. To address the limitations of mainstream appearance-
first models in understanding object phase transitions,
we propose a bidirectional propagation module that en-
hances the model’s performance in this task.

2. Related Work
2.1. Object Knowledge Understanding

Recently, computer vision has seen significant advance-
ments in object understanding, primarily represented by two
paradigms. The first is the classification, which has evolved
from object recognition [14] to a deeper understanding of
object attributes [12, 16, 17] and affordances [10]. The
second focuses on pixel-level classification, encompass-
ing tasks such as image grounding [22, 25] and segmen-
tation [9, 35] of changing objects in videos [4, 28]. The for-
mer emphasizes an explicit understanding of object knowl-
edge, where the model is expected to extract relevant infor-
mation about objects directly from images [10, 12, 14]. In
contrast, the latter highlights an implicit understanding of
object knowledge, where the model determines the location
of objects in an image based on given prompts and its im-
plicit recognition of object knowledge [4, 22, 25, 28].
Data-driven foundation models [20] have achieved re-
markable performance in both above paradigms and even
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Dataset Videos Frames Avglen. (s) Annfps. Text Fluid CPT
DAVIS’ 16 [24] 20 1376 2.87 24 a

X X

DAVIS'I7[26] 90 6265 2.90 % vtox x
YTVOS [33] 982 25812 438 6 Iox o x
VSCOS [37] 98 44036 8.34 035*  x  x
VOST [32] 141 15617 2215 5 x ox X
M?-VOS (Ours) 471 202,577 1434 30 vy

Table 1. Statistics of test set and val set in representative video seg-
ment datasets (: DAVIS16-RVOS, DAVIS7-RVOS [13], Refer-
YouTube-VOS [29] was built based on these datasets; *: VS-
COS only annotated some frames in the valid set; Fluid: liquid
or aerosol/gas phase); CPT: Cross-Phase Transitions. M3-VOS
focuses on different phase transitions in multi-scenes, motivating
our design to have a higher video annotation frame rate.

demonstrate strong open-vocabulary abilities. However,
very few studies focus on understanding object phase tran-
sitions, an essential aspect of object knowledge. There is a
notable lack of effective benchmarks for testing this task.
In this work, we concentrate on object phases and the
corresponding intra-phase and cross-phase transitions.
We construct a benchmark for the second paradigm of ob-
ject knowledge understanding. It aims to fill the gap and
provide a platform to test models on this critical task.

2.2. Video Object Segmentation

Video object segmentation is the process of segmenting tar-
get foreground objects from the video background at the
pixel level within a video sequence. The target foreground
object is typically specified by providing a mask in the first
frame, known as semi-supervised VOS [24, 26, 33]. This
task requires the effective tracking of the target and a clear
understanding of its boundaries, which demands that mod-
els have a thorough comprehension of the object’s appear-
ance [24, 33], dynamic properties [32, 37], and motion in-
formation [7] within the video, as well as other physical
characteristics. This is precisely why we chose video object
segmentation as the specific task to evaluate the ability of
vision models to understand object phase transitions.

To prompt the development of the Video Object Seg-
ment, [24, 26, 33] constructs a series of early VOS bench-
marks. Recently, several works have explored testing the
open-world capabilities of VOS models from different per-
spectives: VOST [32] and VSCOS [37] focus on changes
in object appearance, MeVis [7] focuses on the movement
characteristics of objects. However, compared to the M3-
VOS dataset, these models are all limited to single-phase
objects, typically dealing with solid objects. These ob-
jects have relatively simple transformation characteristics
and highly predictable movement patterns.

There are a lot of VOS methods that achieve success and
can be concluded into two classes:

Memory-based VOS. Semi-supervised Video Object
Segmentation (SVOS) involves inference based on a

Phase Intra-Phase Transition
Particulate Split
Solid Rigid Body Separate, Merge

Non-Particulate | Flexible Body | Twist, Stretch

Viscous Stretch, Paint
Non-Viscous Flow, Mix, Split, Paint
Aerosol / Gas Diffusion

Liquid

Table 2. Phase definition and intra-phase transition according to
visual characteristics and intrinsic transformation properties.

ground-true mask for the first frame, and it computes the
masks of the rest of the frames. The most frequently used
methods are memory-based, which means they store pixel-
level or object-level features in their memory bank and com-
pare them with features from newly arrived frames. Recent
methods [2, 3] improve the memory bank by stratifying the
memory bank into short and frequently updated memories
and long and infrequently updated memories to better bal-
ance efficiency and performance. A recent method Cutie [4]
introduces object memory and fuses it with pixel memory in
an object transformer.

Reverse propagation in VOS. We propose a method
that adopts a refinement module and optimizes the seg-
mentation by reversely propagating the mask through the
video sequence. Among the previous methods, there are not
many that use backward mask propagation. The most sim-
ilar method is DyeNet [15], which uses a re-identification
module to predict a set of high-munificence masks and uses
a bi-directionally proper, nation to the rest frames. Other
methods that include elements of reverse optimization typ-
ically occur in bidirectional settings for sequences, e.g.,
bi-directional ConvLSTMs [31]. In contrast, our method
doesn’t need a high-confidence mask and is implemented as
a plug-and-play module as long as the backbone is a mask
propagation-based architecture.

3. Preliminary

In this section, we introduce the concept of phase and use
it to classify everyday materials. Then, we categorize the
transformations of objects into Intra-Phase Transitions
and Cross-Phase Transitions.

3.1. Phase Categories

Rather than defining the phases of objects from the micro-
scopic perspective provided by chemistry or physics, which
focuses on molecular spacing, we adopt a macroscopic ap-
proach to classify objects based on their appearance and
dynamic characteristics. In our study, phase refers to an
attribute that describes both visual characteristics and in-
trinsic transformation properties. Next, we categorize com-
monly encountered objects into three major types: solid,
liquid, and aerosol/gas. Then we introduce the subdivided
phase categories for each major class of materials, along
with their respective transformation properties (Tab. 2).
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For solid materials, particle size also influences their
transformation characteristics. Therefore, we further sub-
divide solid materials into fragmentary or powder-like
substances and non-fragmentary substances. For non-
fragmentary substances, we categorize them further based
on whether the material can easily undergo arbitrary defor-
mation, dividing them into rigid and flexible objects.

For liquid materials, substances like melted cheese or
melted rubber do not frequently exhibit fluidity in every-
day situations. Instead, they demonstrate viscous proper-
ties, such as stringiness, when interacting with other mate-
rials. Therefore, we classify liquid materials based on their
degree of fluidity and viscosity, dividing them into viscous
and non-viscous substances.

For aerosols/gases, it not only includes common gaseous
substances but also solid particles and liquid droplets sus-
pended in the air. These materials possess the property of
continuous diffusion in the atmosphere.

3.2. Phase Transition

In everyday life, objects undergo various changes through
interactions with the environment or humans. Based on
whether these changes cross different phase states, we cate-
gorize them into intra-phase and cross-phase transitions.

Intra-Phase Transformations primarily depend on the
transformation characteristics inherent to the phase state of
the object itself. Different phase states of materials often
exhibit unique intra-phase transformations.

Cross-Phase Transformations are quite common in ev-
eryday life but are often overlooked. Due to the differences
in phase states before and after the transformation, these
objects exhibit distinctly different visual characteristics and
transformation properties. Therefore, understanding such
transformations poses a greater challenge.

In Supplementary, we provide more detailed definitions
of these phases and phase transition.

4. Dataset Design and Construction

In this section, we introduce the data collection and anno-
tation of M3-VOS. The key steps include selecting repre-
sentative videos, annotating them with instance masks and
information text, and defining an evaluation protocol.

4.1. Video Collection

We chose to source our videos from YouTube and BiliBili,
where there are lots of videos about intra-phase transition
and cross-phase transition in different scenery: kitchen, out-
door, factory, school, farm, efc. In addition, we collect a
small amount of data from Ego-Exo4D[11]. In total, 14 sce-
narios as shown in Fig. 2a. In these scenarios, target objects
undergo intra-phase transitions or cross-phase transitions as
they engage in various interactions, including interactions
with humans, other objects, and the environment.

Most of the Internet videos were captured using con-
sumer cameras. To better capture rapid and dramatic phase
transitions, such as balloon bursts or glass shattering, we
also collected high-frame-rate video clips shot with high-
speed cameras. For slower phase transitions, like ice melt-
ing or frost formation, we gathered a portion of low-frame-
rate video clips taken with time-lapse techniques.

Next, we performed temporal cutting and spatial crop-
ping to focus more on the process of phase transitions. The
videos have an average length of 14.34 seconds. To further
enrich the scenarios in our dataset, we collected a portion of
videos filmed in the laboratory. We have carefully checked
all the videos to avoid possible ethnic problems and will
only provide access through video URLs along with down-
loadable preprocessing scripts.

4.2. Annotation Design

Each video clip is accompanied by rich annotations for tar-
get segmented objects, identifying the corresponding phase
transitions. This includes a bilingual (Chinese and English)
description of one or more target objects in each clip, the
phases of each target object in the first and last frames, and
pixel-level segmentation annotations with 30 fps.

In the video collection, we instructed the video collec-
tors to use clear and accurate positional terms to describe
each target object in the first frame. The descriptions are “In
the process of [specific action], the [specific object] which
at [specific location] in the initial frame or whose color is
[specific color].” , providing accurate guidance for the vol-
unteers responsible for the mask annotations.

In the annotation, we instructed volunteers to use the in-
formation provided by the video collectors about the tar-
get objects and the semi-auto Annotation Tool (detailed
in Sec. 4.3.1) to annotate the masks of the target objects
in each frame of the video. For various uncertain void
masks caused by unclear image quality or motion blur, We
instructed volunteers to annotate the corresponding void
masks, similar to the approach in the VOST [32]. In this
way, we can disregard the influence of these pixels during
the evaluation process. Volunteers were also required to se-
lect the initial and final phases of the target objects from
Tab. 2 based on their states in the video and subsequently
label the corresponding phase transformations.

4.3. Annotation Collection

In this section, we introduce our semi-auto Annotation tool
which efficiently annotates the masks of target objects in the
videos and our annotation collection pipeline.

4.3.1. Semi-Auto Multi-Level Annotation Tool

To efficiently annotate the masks of target objects in the
videos, we employed a semi-automated multi-level anno-
tation tool that utilizes a paint-erase tool (pixel-level), pixel
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notation (object-level), enabling the efficient annotation of objects with complex phase transitions.

Figure 2. M3-VOS characteristics. (a) M3-VOS dataset pipeline including annotating and dual model cross-validation method for model
bias. (b) Transition from before phase (left) to after phase (right). (c) Distribution of the phase transition in the M3-VOS.

color difference assistance (appearance-level), and neural
network-based annotation support (object-level).

Our annotation tool employs a paint-and-erase ap-
proach. Volunteers can use a brush and eraser tool, along
with a magnification feature, to accurately annotate the
masks of target objects and the void masks in the video.
To achieve high-frame-rate mask annotation, we integrated
the fully automated annotation tool provided by Cutie [4]
based on RITM [30] for interactive image segmentation and
Cutie for video object segmentation. After volunteers an-
notate masks for a specific frame using the paint-and-erase
approach or point prompt method, they can utilize Cutie to
propagate masks for that frame. Subsequently, the propa-
gated pseudo-ground truth can be refined using the paint-
and-erase approach. The neural network based automatic
annotation tool provides good pseudo ground truth refer-
ences for objects with clear contours. However, the tool
often fails to provide satisfactory pseudo-ground truth for
target objects like water vapor, thick smoke, and splashes,
which have unclear outlines. Thus, our tool integrates a
color difference masking, allowing users to select a specific
pixel value in the image and set a range to create a color
difference template for the video. Given a pixel ps and any
other pixel p;, the position of p; will be labeled according
to

AHS(pi) < 0].57

N 1l <= ASS(pZ) < (5,
Mp) = AV, (p;) <6, (1)
0 otherwise.
Ads(pi) = o(pi) — ¢(ps), ¢ € {H,S,V}.

We label the pixel p; if and only if the color difference
between ps and p; is within 0.16, and the differences in
saturation and brightness are within §. Here, ¢ is a user-
adjustable parameter. Our testing has shown that this func-
tionality effectively annotates objects with unclear contours
but distinct colors, especially for gases and liquids.

4.3.2. Annotation Pipeline and Statistics

As illustrated in Fig. 2a, in our annotation pipeline, we hired
12 volunteers and provided them with 7 days of training to
use the annotation tools on the videos we collected.

To ensure the quality of the data annotations, we em-
ployed 3 experienced reviewers to audit the annotated data.
Each volunteer’s masks were evaluated based on three cri-
teria: tracking accuracy, completeness of annotation, and
boundary stability, scored on a scale from O to 3 (detailed
scoring criteria and the review result can be found in the
Supplement). The final mask review score was the aver-
age of the two reviewers’ ratings. If any score is below 2,
we consider the mask Unqualified. In addition to the MOS
reviewing, we employed a dual-model cross-validation ap-
proach to verify the annotated masks (detailed in Sec. 4.4).
If the validated mask annotations do not meet the quality
standards, we require the volunteer to annotate again until
the review is approved.

Overall, we collect 202,577 masks, with an average track
duration of 14.34s. M3-VOS covers 120+ categories of ob-
jects across 6 phases within a total of 14 scenarios, encom-
passing 23 specific phase transitions. We report additional
statistics in Figs. 2b and 2c.
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4.4. Avoidance of Model Bias

Although using Cutie to generate pseudo-ground truth sig-
nificantly improves the annotation efficiency, it’s crucial to
thoroughly verify whether the volunteers’ refinements of
the pseudo-ground truth can effectively mitigate the model
bias introduced by Cutie. Therefore, we introduce our
method for ensuring that the annotated masks are free from
bias via dual-model cross-validation.

In this process, we sample around 20% video clips in
M3-VOS and require half of our volunteers to annotate
the masks using another self-implement SAM2-assist tool.
Meanwhile, they are required to label masks secondly us-
ing the Cutie-assist tool. Finally, we compare three kinds
of masks from the two subjective qualitative and the objec-
tive quantitative aspects. In this way, we demonstrate that
our dataset pipeline effectively mitigates the model bias and
that the model bias of mask annotations in M3-VOS is neg-
ligible. The details of the process and result can be found in
the Supplementary.

4.5. Core Subset

To facilitate analysis of the challenge facing the phase tran-
sition in the VOS task, we extracted video clips that humans
consider to be highly representative and comprehensive in
variety. Finally, we split M3-VOS into two subsets for eval-
uation, including full subset and core subset. The details
can be found in the supplementary.

5. Method

In data collection and annotation, we observed that when
objects undergo intra-phase or cross-phase transitions, their
inherent disorder tends to increase. This hidden phe-
nomenon makes mask predictions increasingly more diffi-
cult. If the final state of the object at the end of the video
is well-annotated, reverse-propagating to predict the mask
becomes more accurate. We hypothesize that this is because

Dataset M3-VOS VOST  YouTube VOS-2019 val DAVIS’ 17 val

First half 7.16 8.29 8.10 8.11
Latter half 7.18 8.32 8.13 8.12

Table 3. h of the first half and the latter half of VOS datasets.

the reverse process involves a gradual reduction in disorder,
which simplifies segmentation.

Given an object in a specific frame, we use a weighted
combination of Local Binary Pattern (LBP) [23] of its mask
and entropy of the original gray-scale image to describe its
level of disorder. The overall level of disorder h can be
formulated as Eq. (2):

Qe(i) = — ZH¢(i)log2H¢(i)7 ¢ € {L,0}.

i 2
h = aQL(i) + BQo(j)

where (,(i) represents the entropy of the distribution
Hy(i). Hp(i) represents the frequency of the LBP value
i and Ho(j) represents the frequency of pixel value j. We
calculated the average h for the masks in the first and sec-
ond halves of several datasets. We set « = 0.2 and 5 = 1.0.
The results are shown in Tab. 3. In all datasets, the h;gp
values in the latter half are higher than those in the first half,
which supports our hypothesis.

Given this, we propose a paradigm to improve perfor-
mance using reverse-propagation. We introduce a plug-
and-play framework named ReVOS based on mask prop-
agation backbones (Fig. 3). First, the model performs a
forward-propagating pipeline based on the matching back-
bone, where the last output mask will be boosted and re-
introduced into the model. Then, the model will perform re-
verse propagation on a sliding window of previous frames.
The object readout of the forward and reverse pipeline will
be fused in the Readout Fusion Module to generate better
results. In the following, we describe the three main contri-
butions of ReVOS.

Reverse Memory. In the forward propagation of the
mask, we maintain a sliding window of length 7. Sup-
pose the model needs to predict the ¢-th frame as the current
time. The sliding window includes image information from
max(0,t — T) to maz(0,t — 1) and the extracted forward
memory readout. The reverse memory is similar to working
memory in [2]. The difference is that it only stores high-
resolution features for the reverse process, serving the same
function as working memory in the reverse propagation. It
is cleared at the beginning of each reverse propagation as we
want the reverse memory to only collect information from
the current reverse process.

Booster. If the model loses information about the mask
for certain object parts during the forward process, this loss
will be taken into the reverse process and continue to ad-
versely affect the segmentation results. To address this is-
sue, we implement a strategy to boost the mask during for-
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ward propagation. This enhancement aims to predict as
many locations as possible, thereby reducing local mask
loss. The boosted mask will be re-input into the matching
backbone to generate the next frame mask. In the imple-
mentation, we output the final mask via

M = U(aXdecode)z (3)

where « is boosting factor, o is sigmoid function, X jecode
is the decoded logits, M is the boosted mask.

Readout Fusion. In the forward and reverse processes,
readout features will be extracted from the matching back-
bone. To obtain the final mask, we design a Fusion module
to integrate readout features from the forward process, as
shown in Fig. 3.

5.1. Implementation Details

We adopt Cutie-base [4] as our matching backbone,
which is trained under “MEGA” setting with 5 datasets:
YoutubeVOS [34], DAVIS [24], BURST [1], OVIS [27],
and MOSE [8]. In training, we froze all the parameters
of Cutie and only trained the Readout Fusion Module. We
finetune our model with AdamW [21] optimizer. The learn-
ing rate is set to le-5. Finetuning takes about 75k iterations
and we reduce the learning rate by 10 times after 60K and
67.5K iterations. The model is trained on 4 A100 GPUs for
10 hours.

6. Analysis

In evaluation, we adopt standard metric Jaccard index 7,
newly proposed metrics Jy,. [32] and J.. [37]. Ty rep-
resents the Jaccard index of the last 25% frames and 7.
represents the Jaccard index based on each connected com-
ponent and takes an average over all components. For
YouTubeVOS [34], we use its official metrics: J and F
for seen and unseen categories. G is the averaged J &F for
both seen and unseen classes.

6.1. Main Results

We compare ReVOS with SOTA approaches on our dataset
and standard benchmarks: VOST validation [32], DAVIS
2017 validation [26] and YouTubeVOS validation [33]. For
our dataset, we create two versions: M3-VOS full (all cases)
and M3-VOS core (highly representative cases). For a
fair comparison and open-vocabulary purpose, we choose
only one checkpoint that each method performs the best on
the DAVIS 2017 validation set and use it to test all other
datasets. For DeAOT, we excluded a few long video cases
as we encountered insufficient memory during inference.
In Tab. 4, ReVOS achieves better results than all SOTA
methods, especially on our dataset. As we freeze the Cutie
backbones during training, it is evident that the increase in
our model’s score relative to Cutie is entirely due to our

CEED
[0

GT

Ours

Figure 4. Visualization of qualitative results. (Red circle: false-
negative region; Green circle: false-positive region). The high-
lighted color region is the predicted mask. Phase transitions,
e.g., reagent eruptions and glass solidification, challenge current
models in boundary prediction, causing tracking failures or back-
ground interference. However, our reverse inference correction
effectively addresses these issues.

new framework. Specifically, SAM2 achieved the best re-
sult on VOST. We assume it takes more training data similar
to EPIC-kitchens [5] from which the VOST is constructed.

6.2. Intra-Phase vs. Cross-Phase Transformations

We present the average model performance in 4 cate-
gories: Intra-Phase (solid), Intra-Phase (Liquid), Intra-
Phase (Aerosol/Gas), and Cross-Phase, which are abbrevi-
ated as IS, IL, IG and CP in Tab. 5. In addition, we also
present the performance of our model for the detailed phase
transitions in Fig. 5.

Compared to pure Cutie, our Cutie-ReVOS improves
the performance in all phase transitions. Compared to the
SOTA, Cutie-ReVOS still demonstrated excellent perfor-
mance facing these phase transitions. Especially when fac-
ing the cross-phase transition, Cutie-ReVOS achieves the
best performance in all models we have evaluated.

6.3. Performance Differences across Benchmarks

Compared to existing benchmarks, M3-VOS significantly
expands the phase range of objects, introducing a series of
new challenges for tracking and segmentation. For exam-
ple, M3-VOS includes liquids and granular solids, where
target objects often exhibit rapid motion due to splashing
or splitting. A large portion of fluids (both gases and lig-
uids) also tend to be transparent, and phase transitions are
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M3-VOS full M3-VOS core VOST val DAVIS’17 val YouTubeVOS-2019 val

J VA J VN J T Tee T Tu  TJe g I Fs  Ju  Fu
DeAOT * [36] 725 652 612 623 551 514 456 332 351 827 798 609 862 856 90.6 80.0 834
XMem [2] 704 615 58.8 60.6 50.6 492 36.0 248 266 829 813 613 854 843 88.6 803 885
RMem + DeAOT T [38] 734 66.1 626 56.1 455 467 405 253 319 823 793 609 859 846 894 808 88.9
SAM2 [28] 69.5 57.8 582 61.0 499 489 44.1 28.0 327 855 828 64.1 852 837 80.6 879 885
Cutie-base [4] 746 646 643 646 520 539 408 251 316 856 84.6 639 86.8 859 904 81.6 893
Ours 75.6 66.5 652 663 558 555 410 253 31.7 860 848 64.2 868 853 89.8 82.1 89.9

Table 4. Comparison of semi-VOS methods. The metrics are 7, Jsr, and J.. for M3-vOS (full, core), VOST, and DAVIS’17 (T: R50-

DeAOT-L with restricted memory bank without temporal position embedding; *: SwinB-DeAOT-L; the grep region contains 469 objects.
The Video clip of Other Objects is too long. DeAOT doesn’t support long videos due to the memory limitation.)

Is L 16 cp = :—"::f“”s‘js’

Jcclis)

1S L G Cp 0.8 = )_mean(lL)

- last(IL)

T Jw Te T T Tee T T Tee T Tw e o6 o)

DeAOT [36] 716 647 598 721 650 599 800 743 679 738 660 653 £ e

XMem [2] 709 628 589 682 587 561 802 7L3 647 745 664 654  Ho, =

Rmem + DeAOT [38] 74.5 673 633 713 63.6 598 835 820 685 77.0 704 683 e
SAM2 [28] 647 526 547 698 517 576 616 574 561 742 639 640 "
Cutie-base [4] 723 617 625 741 641 633 758 643 636 715 697 69.0 '

Ours 730 632 633 756 664 642 768 665 654 781 708 69.6
0.1 . . . . . . " " " . " " . . "
v& & éb&‘s\\& &S KN & & e & S EE

Table 5. Performance of different VOS methods in phase transitions.

often accompanied by changes in the object’s appearance
and color. As Tab. 4 demonstrates, the performance of all
existing models showed a significant decline.

Especially, comparing the full M3-VOS full set and the
M3-VOS core subset, which balances the distribution of
scene and phase transition, the existing modes have more
obvious performance deficiencies. This phenomenon shows
that the current models all have a certain degree of scenery
bias and phase bias.

6.4. Ablation Study

We study various designs of our algorithm in the ablation.
We report 7, Jy, and 7. and FPS for M3-VOS mid set.

Hyperparameter Choices. Tab. 6 compares our results
with different choices of hyperparameters: sliding window
length 7" and reverse interval L. Note that 7' =0or L =0
is equivalent to Cutie-base. T is fixed to 30 when we vary
the value of L and vice versa. We find that a larger slid-
ing window length means high performance but also im-
plies a decrease in FPS. Surprisingly, a larger reverse inter-
val also means higher performance with an increase in FPS.
Tab. 7 shows that the performance improvement brought by
the booster and readout fusion demonstrates the necessity
of adding these modules.

7. Discussion and Limitations

Annotation Bias. Annotation bias is inevitably introduced
by annotators’ tendencies, inherent biases in assisted tools,
and ambiguous regions in videos. As discussed in Sec. 4.4,
despite our implementation of multi-round, multi-level re-
view processes, some discrepancies remain across annota-

N < .
oo o & Q’\)L)
K < RSN

Phase transitions

Figure 5. Results of ReVOS on phase transitions.

Setting 7 T Jee FPS -

Sliding window length Setting J Tr Jee
10 75.6 66.6 652 153 Only forward (Cutie) 74.7 64.6 64.5
30 757 664 653 154 Only backward 754 664 649
60 754 663 650 104 With readout fusion ~ 75.7 66.4 65.3

Reverse interval

everse inierva Without booster 742 642 639
10755 665 651 79 With booster 75.7 664 653
30 757 664 653 154
60 7577 66.7 654 21.6

Table 7. Ablation on Booster and
Table 6. Comparison with Readout Fusion Module.
different hyperparameters.

tion instances. Establishing a more standardized and rigor-
ous data annotation review workflow could effectively mit-
igate annotation bias.

Model Performance. All models show limitations on
our new benchmark with challenging object phase transi-
tions. In future works, models may be advanced by lever-
aging the physical knowledge embedded in MLLMs.

8. Conclusion

In this work, we explored the ability of the visual models
to understand object phase transitions through a video seg-
mentation task, introducing a fine-grained text-visual anno-
tated open-vocabulary benchmark M3-VOS. It includes 14
scenes, encompassing 120+ objects across 6 phase states
and 23 phase transitions (13 intra-phases, 10 inter-phases).
To address the limitations of existing methods, we proposed
a plug-and-play module ReVOS based on entropy theory,
achieving decent improvements in M3-VOS and compara-
ble performance on other benchmarks. However, effectively
understanding phase transitions remains a challenge. We
believe this will pave the way for a new direction in research
focused on a deeper understanding of objects.
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