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Abstract. Delving into the realm of egocentric vision, the advancement
of referring video object segmentation (RVOS) stands as pivotal in un-
derstanding human activities. However, existing RVOS task primarily
relies on static attributes such as object names to segment target ob-
jects, posing challenges in distinguishing target objects from background
objects and in identifying objects undergoing state changes. To address
these problems, this work proposes a novel action-aware RVOS setting
called ActionVOS, aiming at segmenting only active objects in egocen-
tric videos using human actions as a key language prompt. This is be-
cause human actions precisely describe the behavior of humans, thereby
helping to identify the objects truly involved in the interaction and to
understand possible state changes. We also build a method tailored to
work under this specific setting. Specifically, we develop an action-aware
labeling module with an efficient action-guided focal loss. Such designs
enable ActionVOS model to prioritize active objects with existing readily-
available annotations. Experimental results on the VISOR dataset re-
veal that ActionVOS significantly reduces the mis-segmentation of in-
active objects, confirming that actions help the ActionVOS model un-
derstand objects’ involvement. Further evaluations on VOST and VS-
COS datasets show that the novel ActionVOS setting enhances segmen-
tation performance when encountering challenging circumstances involv-
ing object state changes. We will make our implementation available at
https://github.com/ut-vision/ActionVOS.

Keywords: Referring Expression Comprehension · Referring Video Ob-
ject Segmentation · Active Object Segmentation

1 Introduction

Exploring the domain of egocentric vision (first-person perspective), the devel-
opment of Referring Video Object Segmentation (RVOS) is critical for com-
prehending human activities. RVOS aims at segmenting target objects using
natural language expressions, serving as a foundation for machines to have a
comprehensive understanding of visual-language and temporal information. By
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(a) Use static attributes to identify target objects
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(b) Use human actions to identify target objects

Fig. 1: Human actions as language prompts help to identify active objects.

integrating various modalities, RVOS paves the way for groundbreaking appli-
cations in egocentric contexts, such as text-directed object identification and
real-time object tracking in videos. This has been exemplified in recent stud-
ies, including referring expression comprehension [27,49], active object localiza-
tion [68, 75] and intention-driven visual grounding [28, 60]. As highlighted by
recent works [8, 9, 16, 32, 78, 80], advancements in egocentric applications have
led to a surge in data related to egocentric interactions. This has subsequently
increased the demand for RVOS from egocentric perspectives.

In the field of RVOS, existing benchmarks [15,24,53] primarily rely on static
attributes, e.g ., object names and colors, to describe target objects in the video.
In simple scenarios [23, 74], such static attributes are adequate to identify the
target objects. However, when scenarios become complex, these static attributes
fall short in accurately identifying target objects, such as when similar redundant
objects coexist or the object state is changing. Fig. 1 (a) illustrates two failure
cases of static attributes. In the “carrot&bowl” example, static attributes identify
redundant and inactive “carrot&bowl”. In the case of “nail”, static attributes fail
to identify the nail painted from pink to blue.

To address these problems, we employ human actions as a substantial cue for
identifying target objects. This is because human actions, as a strong language
prompt, precisely describe the behavior of humans. Such action prompts aid in
identifying objects truly involved in interactions and comprehending potential
object state changes. As illustrated in Fig. 1 (b), when provided with action
prompt “put carrot in bowl”, the specific carrots and bowl involved in “put” action
are accurately identified. Similarly, the specific nail being painted is also correctly
identified with the “paint nail” prompt. Therefore, action prompts significantly
resolve ambiguity arising from redundant instances and object state changes.

In this work, we propose ActionVOS, a novel action-aware setting for RVOS,
segmenting active objects in egocentric videos using action prompts. As shown
in Fig. 2, unlike conventional RVOS settings, ActionVOS incorporates an addi-
tional language prompt of action narrations. Guided by such action prompts,
ActionVOS only segments active objects involved in interactions, regardless of
redundancy or state changes.

Unfortunately, existing video object segmentation datasets [9,57,72] lack an-
notations of identifying active objects, i.e., whether or not they are involved in
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interactions. During training, this limitation leads ActionVOS to face difficulty in
obtaining annotations that classify whether an object is active or not. To address
this issue, we propose an action-aware labeling module to generate pseudo-labels
from existing readily-available annotations, including action narrations [7,8,16],
semantic segmentation [9,57,72], and hand-object segmentation [9]. This module
enables ActionVOS model to obtain training data regarding the objects’ involve-
ment in actions without manually annotating their participation. In addition, we
design an effective action-guided focal loss working with the action-aware label-
ing module. This proposed loss reduces the impacts of false positives in generated
pseudo-labels, prioritizing the truly active objects.

We evaluate our method on three video object segmentation datasets VI-
SOR [9], VOST [57], and VSCOS [72]. Comparing with conventional RVOS set-
ting, ActionVOS significantly reduces the mis-segmentation of inactive objects
on VISOR dataset, with a 35.6% mIoU reduction of inactive objects. Evaluation
on VOST and VSCOS datasets indicates that the ActionVOS setting enhances
the segmentation of objects undergoing state changes, by achieving a 3.0% mIoU
increase of state-changed objects. These results confirm that action prompts help
ActionVOS model focus on active objects and enhance the understanding of state
changes.

The main contributions of this work are as follows:

– We propose a novel action-aware setting for referring video object segmen-
tation, ActionVOS. This setting segments active objects in egocentric videos
by employing action narrations as an additional language prompt.

– We develop an action-aware labeling module and an action-guided focal loss
for ActionVOS. This design enables ActionVOS models to segment active
objects with existing readily-available annotations.

– Extensive evaluation results show that ActionVOS significantly reduces the
mis-segmentation of inactive objects, and enhances the segmentation of state-
changed objects.

2 Related Works

2.1 Referring Expression Comprehension

Referring expression comprehension (REC) aims to localize target objects de-
scribed by a referring expression in natural language. Established REC bench-
marks [10, 21, 23, 37, 43, 64, 74] and REC methods [22, 29, 35, 42, 58, 59, 71, 73, 76]
contribute to this fundamental yet challenging task. A new benchmark GREC
[19, 34] introduces generalized referring expression comprehension, extending
REC by permitting expressions to describe any number of target objects.

In addition to REC in images, there has been a growing interest in video-
based REC [5,11,31,61,65,70], which requires both temporal and spatial localiza-
tion of text-referred objects in video frames. Recent works [27, 68, 75] introduce
REC to track and localize active objects in egocentric videos. However, in these
works, the number of target active objects is typically limited to one or two
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in each video. In this work, we not only extend localization to segmentation,
but also aim to identify a broader range of active objects, e.g ., hands, tools,
containers and other entities.

2.2 Referring Video Object Segmentation

Referring video object segmentation (RVOS) aims to segment the target object
indicated by a given expression across the entire video clip. Conventional RVOS
datasets [15, 24, 48, 53, 69] are constructed by adding language expressions to
existing video object segmentation datasets. These datasets often provide an
expression for a single object, which usually describes the static attributes of
the target object. A recent dataset MeViS [12] focuses on segmenting objects
in video content based on a sentence describing their motions. Existing RVOS
methods [2, 6, 13, 30, 44, 53, 62, 66, 67, 71] employ various approaches to address
the RVOS task. Among these works, SLVP [44] is the first to adopt RVOS to
VISOR [9] dataset. Comparing to SLVP, our work incorporates an additional
action narration in the language prompt to describe and segment only active
objects in egocentric videos.

2.3 Action-object Relation

The relations between human actions and objects have been extensively studied
over time. Previous works [3, 9, 14, 20, 36, 54, 75, 77] focus on hand-object inter-
actions as a basic for understanding active objects. Besides hand-objects, many
works have introduced different representations to model action-object relations
across various applications, such as graphical models [17], object-action com-
plexes (OAC) [26], object affordances [25], action-objects [1], active entities [9],
objects undergoing change with tools [68], and action scene graphs [52]. In com-
parison to prior works, our work broadens the range of active objects in Sec. 3.
This includes not only objects described by action narrations but also treats
hands, hand tools, containers, and contents as active objects in human actions.

3 Problem Setting

Input. ActionVOS task is a Referring Video Object Segmentation (RVOS) task
focused on active objects involved in human actions. Its input contains three
parts: 1) A video clip V = {Vt}Tt=1, where Vt ∈ RH×W×3 is an RGB image from
T frames of the video clip. H and W stand for height and width, respectively.
2) An action narration A, which describes the human action in V. 3) A set of
N object names O = {Oi}Ni=1, where Oi is a noun of an object. Note that N
is arbitrary and any object name can be in O, making ActionVOS an open-
vocabulary setting.
Output. ActionVOS aims to predict T segmentation masks M = {Mt}Tt=1,
where Mt ∈ RN×H×W for N objects. We use Mt(Oi) to represent the binary
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Fig. 2: Comparison between ActionVOS and conventional RVOS settings.

“take eggplants” eggplants cutting board“put pan” meat pan spoon

Fig. 3: Examples of positive objects in ActionVOS.

segmentation mask for Oi in frame t, where each pixel belongs to one single
object or background.

Comparing with conventional RVOS tasks, ActionVOS focuses on whether
the referring object is interacted in the ongoing human action. We define the
objects interacted in the action as positive OP , while other objects are negative
ON . For the positive objects, all of them should be segmented through all frames.
For the negative objects, their mask predictions should be all-zero since they
do not participate in the action. Fig. 2 compares the inputs and outputs of
ActionVOS with conventional RVOS settings. Compared to RVOS, ActionVOS
incorporates additional action prompts as input, expressed as an action narration
“open tofu container”. In this example, only active objects, i.e., hands, tofu, and
tofu container are segmented in ActionVOS outputs.
Definition of “positive”. One of the most important concepts of ActionVOS
is the definition of positive objects. According to the action prompt, we define
positive objects as follows:

1) Objects described by the action narration.
2) Hands and hand-tools used for the action.
3) Containers and contents interacted in the action.

1) The objects described by action narration are unquestionably defined as posi-
tive. 2) Hand-tools, being operated by human during the action, are thus defined
as positive. 3) Taking the action “put pan” in Fig. 3 as an example, we need to
segment the objects inside the pan as target objects (e.g ., meat, spoon). As the
objects inside the pan are also put down with the “pan” through the action “put”,
they are subjected to the action of “put pan”. Similarly, if an object moving with
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a container is mentioned in the action narration while the container itself is not,
the container should also be subjected to the action. Therefore, we define con-
tainers and contents interacted in the action as positive. As shown in Fig. 3, the
“cutting board” is defined as the positive object for the action “take eggplants”.
On the other hand, if the “cutting board” as a moving vessel of “eggplants” is
not defined as positive, this action becomes non-existent.
Data & annotation. Existing video object segmentation datasets such as VI-
SOR [9], VOST [57] and VSCOS [72] are collected on egocentric videos, provid-
ing both semantic segmentation labels and human action narrations [7,8,16]. As
VOST and VSCOS focus on objects undergoing state changes, they have only
one active object being annotated for each action. We only use the validation
sets of these two datasets to evaluate ActionVOS performance on state-changed
objects. VISOR annotates a set of objects masks for each action, but lack precise
indication of objects’ involvement in actions, i.e., positive and negative classifi-
cation labels. To address this issue, we propose a labeling module in Sec. 4.2 to
generates such classification labels with existing annotations.

ActionVOS
Model

carrot onion
knife cuttingboard

“cut carrot”

Action-aware  
Labeling Module

(Eq.(2))

Action-guided focal loss
𝐹𝐿!"#(Eq.(4))
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Hand-object masks
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Fig. 4: Overview of the proposed method.

4 Proposed Method

As illustrated in Fig. 4, we propose a method for the ActionVOS setting. In
Sec. 4.1, we develop an ActionVOS model S, which is constructed by adding an
extra classification head to an RVOS model. In Sec. 4.2, we propose an action-
aware labeling module Φ. This module generates pseudo-labels of active objects,
addressing the problem that existing datasets lack indication of objects’ involve-
ment in actions. In Sec. 4.3, we propose an action-guided focal loss to reduce
the impact of false positives from the generated pseudo-labels.
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Dataflow. During training, our method takes video V, action narration A,
object names O, object masks M, and hand-object masks Mh−obj as input,
which are all from existing annotations. An ActionVOS model S outputs clas-
sification of objects’ involvement Ĉls ∈ [0, 1] and mask predictions M̂, i.e.,
Ĉls,M̂ = S(V,A,O). Given the input, the action-aware labeling module Φ gen-
erates pseudo-labels correspondingly, i.e., Cls,Mact = Φ(A,O,M,Mh−obj).
Along with the labeling module Φ, a generating function g generates pixel-wise
weights for segmentation loss, i.e., W = g(A,O,M,Mh−obj).

4.1 ActionVOS Model

We construct an ActionVOS model S by adding an extra classification head
to an RVOS model. Following state-of-the-art RVOS models [66, 71], which use
a classification head to enhance segmentation performance, we add this classi-
fication head to distinguish positive and negative objects. This head predicts
Ĉls(Oi) ∈ [0, 1] indicating the probability of object Oi being positive in action
A. During inference, we set a threshold θ to determine an object’s positivity.
Specifically, Ĉls(Oi) is used to adjust segmentation results M̂(Oi) as follows:

M̂(Oi) =

{
M̂(Oi), Ĉls(Oi) ≥ θ

0, Ĉls(Oi) < θ,
(1)

where θ is set as 0.75 according to experiments in Sec. 5.4.

4.2 Action-aware Labeling Module

To address the problem that existing datasets lack indication of objects’ in-
volvement in actions, we propose an action-aware labeling module Φ to generate
pseudo-labels of objects’ involvement. By using annotations of action narrations,
semantic segmentation and hand-object segmentation, we label three types of
objects as positive based on the guidance of action narrations and hand-object
masks as follows:

1) Objects mentioned in the action narrations.
2) Objects inside hand-object masks.
3) Objects that intersect with hand-object bounding boxes.

These three types correspond to the three definitions of “positive” in Sec. 3. For
type 3), such a design identifies a large number of objects that are potentially
positive, because these objects within close reach are highly likely to be relevant
to the action, such as containers and contents.

Pseudo-labels generated by the labeling module Φ contains two parts: classi-
fication labels Cls and action-aware object masks Mact. For each object Oi, its
pseudo-label is formulated as:
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Cls(Oi) =


1, Oi ∈ A
1, M(Oi) ∈ Mh−obj

1, M(Oi) ∩Bh−obj ̸= ∅
0, otherwise,

Mact(Oi) =

{
M(Oi), Cls(Oi) = 1

0, Cls(Oi) = 0,
(2)

where Bh−obj stands for the minimal bounding box of hand-object mask Mh−obj .
The generated pseudo-labels Cls,Mact are used to train the ActionVOS model.

However, since Eq. (2) provides a more relaxed definition of positive com-
pared to Sec. 3, practical issues may arise. While it correctly identifies many
potential positives, it also introduces multiple false positives simultaneously. To
address this issue, we introduce an action-guided focal loss in Sec. 4.3 aimed at
reducing the impact of false positives.

4.3 Action-guided Focal Loss

To reduce the impact of false positives, action-guided focal loss FLact is proposed
by adding pixel-wise action-guided weights W to segmentation focal loss FL [33].

Fig. 5 (a) analyzes typical mistakes in action-aware object masks generated
from Φ. In the “take container” example, although the object is in contact with
left hand, it is not involved in this action. In the “put down pan” example,
redundant instances of “pan” are not active even though they are mentioned by
the narration.

Action-guided
weights

Action-aware
object masks

redundant instances objects near hands 

“put carrot in bowl”

negative objects

“put down pan” “stir meat”“take container”

object in hand 

(a)

(b)

Fig. 5: Action-aware object masks and action-guided weights. In action-guided weights,
λpos is in red, λnar and λh−obj are in blue, λneg is in yellow.

To address these false positives, we adjust the weight when calculating the
pixel-level segmentation loss, to make the segmentation model aware of inter-
acted positive objects. We establish three rules:

1) Objects in both action narration and hand-object bounding box > those
solely in either.

2) Objects mentioned in action narration or in contact with hands > those only
intersecting with hand-object bounding boxes.

3) Objects labeled as negative are assigned a high weight within their masks.
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Rules 1,2 aim to prioritize objects more likely to be actively involved among all
potential positives, while the last rule penalizes the model for mis-segment neg-
ative objects as positive. As shown in Fig. 5 (b), the “container” (1st column),
both mentioned in narration and in contact with right hand, receives higher
weights than the left-hand object, which is only in contact with left hand (ac-
cording to rule 1). The “pot” (3rd column), held by right hand, receives higher
weight than the “pan” under left hand (according to rule 2).

Following these rules, we propose a generating function of action-guided
weights W. For a pixel (h,w) inside object Oi’s region, i.e., Mt(Oi, h, w) = 1,
its action-guided weight is:

Wt(Oi, h, w) =



λpos, Oi ∈ A and Bh−obj,t(h,w) = 1

λnar, Oi ∈ A and Bh−obj,t(h,w) = 0

λh−obj , Oi /∈ A and Mh−obj,t(h,w) = 1

λneg, Oi /∈ A and Bh−obj,t(h,w) = 0

1, otherwise.

(3)

The relationship of these weights are defined as λ > 1, λpos > λnar, and λpos >
λh−obj . Empirically, we set λpos = 5, λnar = 2, λh−obj = 2, λneg = 5. For pixels
outside Oi’s region, where Mt(Oi, h, w) = 0, the weight is set as 1.

The action-guided weights are added to the pixel-level segmentation focal
loss [33]. Let ph,w ∈ [0, 1] be the probability for pixel (h,w)’s positivity, which
is predicted from the model’s output M̂. yh,w ∈ {0, 1} is the generated pseudo-
labels of the pixel on the same location, coming from Mact. The action-guided
focal loss FLact for each frame is expressed as:

pt = ph,w · yh,w + (1− ph,w) · (1− yh,w),

αt = α · yh,w + (1− α) · (1− yh,w),

FLact = − 1

H ∗W

H,W∑
h=1,w=1

Wt(Oi, h, w) · αt · (1− pt)
γ · log(pt),

(4)

where α is a balanced parameter, γ is a focusing parameter. Following previous
work [66], we set α = 0.25 and γ = 2.

As Eqs. (2) and (4) indicates, both the action-guided focal loss and action-
aware labeling module have no trainable parameters. This parameter-free design
allows our method to segment active objects with existing readily-available data.
In addition, as our method’s inputs and outputs align with the conventional
RVOS task, it is compatible with existing RVOS models.

Hand-object masks Mh−obj used in Eqs. (2) and (3) are obtained from the
human annotation in VISOR [9] dataset. Hand-object masks are only used in
training for generating pseudo-labels. During inference, ActionVOS model does
not take hand-object masks as input and has no need to estimate the contact
with hands.
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5 Experiments

5.1 Experiment Settings

Datasets. We use three egocentric video object segmentation datasets, VISOR
[9], VOST [57] and VSCOS [72] in experiments. Note that only VISOR is used
for training the models, and we evaluate the models on three datasets. Details
of the datasets are provided in the supplemental material.
Evaluation Metrics. Following [34], we employ mean IoU (mIoU), cumulative
IoU (cIoU), generalized IoU (gIoU), and accuracy (Acc) as evaluation metrics.
We report mIoU and cIoU separately for positive and negative objects, i.e.,
p-mIoU, n-mIoU, p-cIoU, n-cIoU.
Model Settings. We apply ReferFormer (RF) [66] with different visual back-
bones as baseline RVOS models in our experiments. The backbone of Refer-
Former can be replaced with ResNet-101 [18], Swin-L [39], or Video-Swin-Base
[40]. RoBERTa [38] is employed as the text encoder, where its parameters are re-
trained in our experiment. The extra classification head is a linear layer, which
receives averaged features from the last output layer [4, 81] to predict binary
classification, defined by nn.Linear(256,1) in pytorch [47] implementation.
Training Details. All models are trained from best checkpoints on Refer-
YouTube-VOS [53] benchmarks. We follow training settings of ReferFormer [66],
including epochs, optimizer [41], loss coefficients [33,46,51] and data augmenta-
tions [63]. We replace the segmentation focal loss [33] with our proposed action-
guided focal loss, and introduce a binary cross-entropy loss to train the additional
classification head. The weight for the extra classification loss is set to 2.

5.2 ActionVOS Results

Quantitative results on VISOR. We analyze the segmentation performance
of ActionVOS models. Here, the results of RVOS is provided as the upper bound
of p-mIoU/p-cIoU, as it treats all objects as positive. As shown in Tab. 1, com-
pared to RVOS, ActionVOS offers a significant n-mIoU/n-cIoU decrease while
ensuring there is only a slight decrease in p-mIoU/p-cIoU. This indicates that
ActionVOS significantly reduces the mis-segmentation of non-interacted objects
while keeping the ability of segmenting active objects. We also evaluate our
method by removing action prompts input and training with only object names.
For example, we replace the language input “knife used in the action of cut apple”
with “knife”, while keeping the same pseudo-labels and loss weights. Experimen-
tal results show that the models trained with action prompts achieve much better
performance, confirming that action prompts help ActionVOS models focus on
active objects.

Tab. 1 also shows the results of replacing the backbone network with different
structures, including ResNet-101 [18], Swin-L [39], and Video-Swin-Base [40].
With our proposed setting, all backbones achieve significant improvements on
these metrics. Quantitative results demonstrate that the proposed ActionVOS is
compatible with various existing network structures.
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Table 1: Results of ActionVOS on VISOR. “AP" indicates whether action prompts are
used. * indicates RVOS is the upper bound of p-IoUs under this experimental setting.

Model Setting AP p-mIoU ↑ n-mIoU ↓ p-cIoU ↑ n-cIoU ↓ gIoU ↑ Acc ↑
RVOS* 67.7 54.2 73.2 67.5 43.8 59.1

RF-R101 ActionVOS ✗ 56.3 19.9 61.2 32.8 66.8 72.9
ActionVOS ✓ 65.4 19.0 72.4 32.7 70.9 82.4

RVOS* 71.8 59.7 79.9 73.0 46.8 59.4
RF-SwinL ActionVOS ✗ 64.4 28.2 71.8 47.3 65.1 72.8

ActionVOS ✓ 69.1 24.6 75.7 46.5 70.3 80.7

RVOS* 70.5 58.5 78.1 71.7 45.6 59.2
RF-VSwinB ActionVOS ✗ 61.6 25.2 66.8 44.5 65.7 72.5

ActionVOS ✓ 68.2 22.0 75.0 41.5 70.6 81.2

Table 2: Comparison with RVOS model under scenarios with object state changes.

Setting AP VOST VSCOS
p-mIoU ↑ p-cIoU ↑ p-mIoU ↑ p-cIoU ↑

RVOS ✗ 29.3 17.5 46.4 44.9
ActionVOS ✗ 9.0 8.2 22.5 33.0
ActionVOS ✓ 32.3 22.8 49.4 49.6

Quantitative results under object state changes. We evaluate models on
VOST and VSCOS datasets, which consist of object state changes. As shown in
Tab. 2, ActionVOS model outperforms RVOS across both datasets. This suggests
that our method effectively handles scenarios involving object state changes, with
action prompts providing enhanced understanding of state changes.

Table 3: Comparion with HOS [9] and RVOS [66]+S4.2. RVOS model is RF-R101.

Method p-mIoU ↑ n-mIoU ↓ p-cIoU ↑ n-cIoU ↓ gIoU ↑ Acc ↑ VOST VSCOS
p-mIoU p-cIoU p-mIoU p-cIoU

HOS 56.2 11.4 58.1 16.8 68.8 77.0 19.4 13.1 34.4 24.1
RVOS+S4.2 65.3 35.2 71.5 56.4 60.4 75.1 29.3 17.5 46.4 44.9
ActionVOS 65.4 19.0 72.4 32.7 70.9 82.4 32.3 22.8 49.4 49.6

Comparison with baseline methods. We compare ActionVOS model with
baseline methods on three datasets. The baseline methods are: 1)Hand-object
segmentation (HOS) model. We take the best HOS model in [9] as a base-
line model, which segments hands and hand-objects as positive object masks.
2)RVOS+S4.2. We use Eq. (2) in Sec. 4.2 as a post-process of RVOS model
outputs. Note that Eq. (2) take ground-truth hand-object masks as input. The
comparisons are shown in Tab. 3. ActionVOS model outperforms other baselines
in terms of positive IoUs, gIoU, and accuracy. HOS model has lower negative
IoUs, because it only segment hands and hand-objects. RVOS+S4.2 shows worse
results since S4.2 brings amounts of false positives.
Action Vocabulary. To evaluate the open-vocabulary setting of ActionVOS,
we conduct experiments on unseen action categories. Refer to the supplemental
material for statistics, evaluations and discussions on action vocabulary.
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“open cereal box” “open cupboard” “mix food”“cut potato” “open fridge”

“get meat from pan”“put paneer in pan” “cut eggplant” “pick up lid”

w/o AP

w/ AP

w/o AP

w/ AP

“paint nail”

mis-segmentation of inactive objects

Fig. 6: Visualization results of ActionVOS models trained w/ and w/o action prompts.

“pick up knife” “put down jar” “chop olives” “put olives on pizza”

knife pizza olive
left hand right hand
chopping board jar

Input object names:

“open lid” “pick up spoon” “stir meat” “pick herb”

meat hob pan
left hand right hand
spoon lid herb

Input object names:

Scene (a)

Scene (b)

Fig. 7: Segmentation results of ActionVOS in the same scenes. All frames share the
same input object names.

5.3 Qualitative results

Action prompts. Fig. 6 compares segmentation predictions from models trained
with and without action prompts. Given the same input object names, model
trained with action prompts correctly identifies objects involved in the action. In
contrast, model trained with only object names tend to segment inactive objects,
e.g ., redundant instances.
Effect of action prompts in identical scenes. Fig. 7 shows ActionVOS’s
segmentation results in the same scenes. Even though those actions occur within
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Fig. 9: The effect of the proposed
action-guided focal loss FLact.

Table 4: Ablation
study for the classi-
fication head and its
threshold θ.

p-mIoUn-mIoU gIoU Acc

No head 67.4 31.2 63.2 76.0

θ = 0.25 67.6 32.7 61.8 75.3
θ = 0.50 67.5 30.6 63.5 76.7
θ = 0.75 65.4 19.0 70.9 82.4

Table 5: The impact of language
prompts and fine-tuning text en-
coders.

Prompt Tuned p-mIoU n-mIoU gIoU Acc

NoAction ✗ 54.5 17.7 66.1 71.3
+,Action ✗ 60.4 17.0 70.0 79.5
+sAction ✗ 61.7 16.3 70.6 80.2

NoAction ✓ 56.3 19.9 66.8 72.9
+,Action ✓ 65.1 19.6 70.8 82.4
+sAction ✓ 65.4 19.0 70.9 82.4

Table 6: The effect of
proposed action-guided
focal loss.

p-mIoUn-mIoUgIoU Acc

FL [33] 65.4 20.5 70.6 82.1
FLact 65.4 19.0 70.982.4

the same scene and share identical input object names, our method still correctly
segments active objects. This underscores the model’s comprehension of human-
object interaction, facilitated by action narrations.
Effect of action prompts under state changes. Fig. 8 visualizes the seg-
mentation results of ActionVOS in comparison with RVOS under scenarios with
object state change. RVOS method fails to segment objects after a change of
state, such as broken eggshells and yolks, and sliced lemons. In contrast, our
method successfully identifies these state-changed objects, confirming that ac-
tion prompts help to enhance understanding of state changing. More visualiza-
tion results are provided in the supplemental material.

5.4 Ablations

We perform extensive ablation studies to analyze the impact of components of
ActionVOS. All ablations are conducted on VISOR dataset and RF-R101.
Classification Head. As illustrated in Sec. 4.1, there is an extra classification
head in ActionVOS model to predict objects’ positivity. We compare the seg-
mentation results with and without this classification head, and we also test
different threshold θ of this binary classification during inference (Eq. (1)). As
shown in Tab. 4, using the classification head brings improvements to all met-
rics, indicating that the head has a strong ability to distinguish active objects,
which is a simple yet efficient modification to the model. For the threshold θ,
using a higher threshold significantly reduces the mis-segmentation of negative
objects (decrease in n-mIoU) while ensuring there is only a slight decrease in
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p-mIoU. Considering the best trade-off between positive and negative IoUs, we
set θ = 0.75 for all the experiments.
Text Prompts. We compare three types of language prompts, as the design of
language prompts is important in language and vision-language tasks [45,50,55,
56,79]. These three types are as follows:

– NoAction. The text prompt is the object class name. e.g ., “knife”.
– +,Action. The text prompt is the object class name and the action narration

combined with a comma. e.g ., “knife, cut apple”.
– +sAction. The text prompt is a natrual sentence consisting of the object

class name and action narration, e.g ., “knife used in the action of cut apple”.

We compare these three types with a text decoder frozen and tuned. As Tab. 5
shows, no matter if the text encoder is tuned, +sAction enhances the segmenta-
tion results most. This indicates that using a natural language description helps
the segmentation model better understand the action. In other experiments, the
text encoder is tuned and the language prompt is +sAction.
Action-guided Focal Loss. In Sec. 4.3, the action-guided focal loss FLact is
proposed to reduce the impact of false positives, prioritize truly active objects.
We compare the proposed FLact with focal loss FL [33] in Tab. 6. The proposed
loss function offers improvements to the gIoU and Acc, and decrease in n-mIoU.
This indicates that the impact of false positives have been reduced. Visualization
in Fig. 9 shows the segmentation results when there are objects in both hands.
The model trained with the proposed action-guided focal loss well prioritizes
truly active objects and ignores those false positives. In the “put olive oil” ex-
ample, a bottle of olive oil is in the left hand while a bottle of salt is in the right
hand. The model trained without action-guided focal loss failed to segment the
olive oil and predicted the salt as positive. In contrast, the model trained with
our proposed loss successfully segments the olive oil as the only active object.

6 Conclusion

In this paper, we propose ActionVOS, a novel action-aware setting for referring
video object segmentation. This setting segments active objects in egocentric
videos by employing action narrations as an additional language prompt. Specif-
ically, we develop an action-aware labeling module and an action-guided focal
loss for ActionVOS. This design enables ActionVOS models to segment active ob-
jects with existing readily-available annotations. As for future work, we consider
extending ActionVOS by incorporating various action-object relations, reduc-
ing the heavy reliance on the availability of dense annotations, and adapting
ActionVOS in open-world applications.
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