
InterRVOS: Interaction-Aware Referring Video Object Segmentation

Woojeong Jin Seongchan Kim Jaeho Lee Seungryong Kim

KAIST AI

Abstract

Referring video object segmentation (RVOS) aims to
segment objects in a video described by a natural language
expression. However, most existing approaches focus only
on the referred object (typically the actor), even when
the expression clearly describes an interaction involving
multiple objects with distinct roles. In this paper, we
introduce Interaction-Aware Referring Video Object Seg-
mentation (InterRVOS), a novel task that focuses on explicit
interaction modeling by requiring separate segmentation
of actor and target objects. This formulation enables
fine-grained understanding of object relationships, as
many video events are defined by such interactions rather
than individual objects. We present InterRVOS-127K, a
large-scale dataset of over 127K automatically annotated
expressions with distinct actor-target mask pairs, and pro-
pose ReVIOSa, a MLLM-based architecture that introduces
interaction-aware special tokens and attention mask loss
(AML) to enhance interaction-aware segmentation. We
also propose a new evaluation protocol that separately
evaluates actor and target segmentation for more accurate
role distinction. Comprehensive experiments demonstrate
that ReVIOSa outperforms existing baselines on the pro-
posed InterRVOS-127K benchmark, with further analyses
validating the necessity and effectiveness of both ReVIOSa
and InterRVOS-127K. Our project page is available at:
https://cvlab-kaist.github.io/InterRVOS.

1. Introduction
Referring video object segmentation (RVOS) aims to seg-
ment objects in a video that corresponds to a given re-
ferring expression. While earlier works for this task [5,
7, 14, 15, 23, 27, 28] primarily focused on aligning vi-
sual content with language to localize the referred object,
recent advancements [6, 21, 29] have extended the scope
of referring expressions to solve more challenging cases,
such as motion-only cues or reasoning-based segmenta-
tion. These trends highlight a growing interest in captur-
ing fine-grained temporal motions and achieving compre-

“The child in a gray shirt adjusting a backpack”

Standard RVOS : Actor

“Child helping another child with a backpack”

Interaction-aware RVOS : Actor & Target

“Child with glasses wearing backpack”

Input Video

Figure 1. Task definition of InterRVOS. We propose a novel task
aiming to segment both actor and target objects separately from a
given interaction expression, unlike standard RVOS approaches [2,
5, 6, 9, 15, 18, 27, 28, 30] that focus solely on the actor.

hensive video-language alignment.
Despite these advances, one important yet underexplored

aspect of RVOS is the understanding of interactions be-
tween objects. Standard RVOS [2, 5, 6, 9, 15, 18, 27, 28, 30]
focuses on segmenting a single object or group of objects
exhibiting similar motions, even if expressions that describe
interactions with explicit actor and target are given. Such in-
teraction expressions include not only the referred objects
(actor), but also other objects involved in the interaction
(target). For instance, an expression such as “A reaching a
hand towards B” implies distinct semantic roles and spatio-
temporal relationships between objects, where A is the ac-
tor, and B is the target. However, most existing RVOS ap-
proaches segment only the actor (A), neglecting the target
object (B) involved in the interaction. Understanding such
inter-object dynamics and the ability to distinguish between
actor and target roles are essential, as many events in videos
are defined not only by the motion of the object itself, but
also by its relational context between objects.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Datasets Annotation Types Statistics

Single Multiple Actor-Target Video Object Expression Obj/Video Actor-Target

A2D Sentence [7] Manual ✓ ✗ ✗ 3,782 4,825 6,656 1.28 -
J-HMDB Sentence [7] Manual ✓ ✗ ✗ 928 928 928 1.00 -
Ref-DAVIS [14] Manual ✓ ✗ ✗ 90 205 1,544 2.27 -
Ref-Youtube-VOS [23] Manual ✓ ✗ ✗ 3,978 7,451 15,009 1.86 -
MeViS [6] Manual ✓ ✓ ✗ 2,006 8,171 28,570 4.28 -
ReVOS [29] Manual ✓ ✓ ✗ 1,042 5,535 35,074 5.31 -
Ref-SAV [30] Automatic ✓ ✗ ✗ 37,311 72,509 72,509 1.94 -

InterRVOS-127K Automatic ✓ ✓ ✓ 8,738 35,247 127,236 4.03 17,604

Table 1. Comparison of existing RVOS datasets and InterRVOS-127K dataset. Unlike existing datasets, InterRVOS-127K additionally
supports interaction expressions (denoted as Actor-Target), which annotates separate masks of actor and target objects within an interaction.
InterRVOS-127K contains over 127K mask-text pairs, and is the first to explicitly annotate the masks of both actors and targets.

In this work, we propose Interaction-Aware Referring
Video Object Segmentation (InterRVOS), a novel task
that focuses on complex interaction scenarios within videos,
requiring the model to segment the actor and target objects
separately, as illustrated in Fig. 1. Importantly, this task ex-
plicitly models role directionality within interactions, cap-
turing the asymmetry between actor and target. This for-
mulation goes beyond segmenting all involved objects as
a whole (i.e., union) by requiring the model to separately
model each object’s temporal behavior and to capture the
inter-object dynamics that arise from their distinct roles.
To enable evaluation under the InterRVOS setting, we in-
troduce a new protocol that assesses segmentation perfor-
mance for actor and target separately, for each interaction
expression.

To support this task, we present InterRVOS-127K, a
large-scale dataset containing over 127K expressions, auto-
matically annotated using our data annotation pipeline. Un-
like previous RVOS datasets [6, 7, 14, 23, 29], InterRVOS-
127K includes separate mask annotations for actor and tar-
get objects for each interaction expression, enabling models
to learn inter-object dynamics effectively. An overall com-
parison of datasets is provided in Tab. 1.

We further propose ReVIOSa, a novel multimodal large
language model (MLLM)-based architecture designed to
solve InterRVOS task. ReVIOSa introduces interaction-
aware special tokens, [SEG ACT] and [SEG TAR], which
are passed to the mask decoder [22], as role-specific
prompts to generate separate segmentation masks for ac-
tor and target objects, respectively. Unlike conventional
approaches [2, 29–31] using only [SEG] token, which is
limited to actor objects, our interaction-aware special to-
kens enable the model to explicitly represent and distin-
guish the asymmetric roles inherent in interactions, mov-
ing beyond single-role (actor-only) segmentation to role-
aware segmentation. To further ensure that these tokens ef-
fectively capture object information, we propose attention
mask loss (AML), which supervises the attention maps of

[SEG ACT] and [SEG TAR] toward their corresponding
object regions. By encouraging such attention localization,
AML helps the model learn more discriminative represen-
tations for each role, leading to improved understanding of
inter-object dynamics and more accurate distinction of in-
dividual motion patterns within interactions.

To summarize, our main contributions are as follows:
• We introduce a new task, InterRVOS, which focuses on

interaction scenarios within videos by requiring distinct
segmentation masks of both actor and target objects. We
also propose an evaluation protocol that assesses segmen-
tation performance separately for actor and target from an
interaction expression.

• We present InterRVOS-127K, a large-scale dataset, con-
taining 127K expressions including interaction expres-
sions with distinct annotations of actor-target.

• We propose ReVIOSa, a novel MLLM-based architec-
ture that incorporates interaction-aware special tokens
and employs attention mask loss to improve role-aware
segmentation required in InterRVOS.

• ReVIOSa achieves state-of-the-art results on InterRVOS-
127K, demonstrating its effectiveness in modeling inter-
actions and precise understanding of complex temporal
motions.

2. Related work

Referring video object segmentation. RVOS aims to
segment a referred object in a video given a natural lan-
guage expression. Early works [3, 5, 7, 15, 19, 27, 28]
mainly focused on appearance-based reasoning through
multimodal fusion, often in single-frame or single-object
settings. The introduction of MeViS [6] emphasized the
importance of motion-aware and spatio-temporal reason-
ing by including motion-only and multi-instance expres-
sions, prompting models to better track objects over time.
Recent approaches [9, 18] adopt lightweight text-encoder-
based frameworks, while others [2, 30, 31] leverage multi-
modal large language models (MLLMs) [16] and use spe-
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Stage 1 : Single Object Information

Stage 3 : Interaction Information

Stage 2 : Single and Multi-instance Referring Expressions

Stage 4 : Interaction-aware Referring Expressions

[Single Referring Expressions]

Object [0]
1)  Appearance + Motion "The person with 

long dark hair frequently turns their 
head to interact with child"

2) Appearance ”The person with long dark 
hair tied up and a black top"

3) Motion ”The seated object that frequently 
turns its head"

Object [1]
...

[Multi Referring 
Expressions]

if Merge "YES”
"The people turning their 
heads and interacting 
together”

if Merge "NO”
X

Object [0]
"A person with long dark hair tied up, wearing a 
black top. They are seated and frequently turn 
their head to interact and communicate with 
another individual, occasionally making gestures 
with their hands."

Object [1]
"A young child with light hair wearing a red and 
black striped shirt. The child looks up and moves 
slightly as they tilt and turn their head to the 
side."

[Unidirectional]

"Object [0] is touching object [1]"
"Object [1] is being touched by object [0]"

[Bidirectional]

"Object [0] and object [1] are staying close and 
sitting together"

[Interaction-aware Expressions]

”Woman with long hair touching a child with red and black striped shirt"
”Young child with light hair being touched by person with long dark hair”

[Multi Referring Expressions]

”The adult and child are staying close and sitting together"

Object [1]

Object [0]

Figure 2. Data annotation pipeline of InterRVOS-127K dataset. Our proposed automatic data annotation pipeline constructs referring
expressions for single, multi-object, and interaction scenarios in four stages. These stages sequentially extracts object appearance and
motion, detects interactions, and generates detailed expressions grounded in both visual properties and interaction context.

cial tokens (e.g., [SEG]) to guide segmentation.
Despite these advances, existing methods remain actor-

focused, performing segmentation solely on a single object
(or group of objects) even when interaction expressions in-
volve distinct actor and target roles inherently. While tasks
like ReasonVOS [29] and Grounded Conversation Genera-
tion (GCG) [20, 21] move beyond traditional RVOS, they
fall short in modeling interactions with directions between
multiple objects. In particular, GCG treats segmentation as
a noun phrase grounding problem without capturing inter-
action semantics such as role asymmetry.

In contrast, InterRVOS explicitly models the asymmetric
roles within interactions by separating actor and target, de-
manding more precise and role-aware segmentation under
interaction-aware expressions.
Video object interaction. Modeling object interactions
in video requires a role-aware perspective that distinguishes
actors from targets, as the semantics of relational events
(e.g., “person pushing cart”) depend on how one object
acts upon another. To support such modeling, prior works
have introduced several datasets [13, 24, 25] with structured
annotations, which are actor–predicate–target triplets over
time, enabling models to capture visual relationships in dy-
namic contexts. More recent datasets like STAR [26] and
MOMA [17] further incorporate temporal grounding and
causal structure, capturing complex interactions.

These efforts highlight the importance of explicitly mod-
eling inter-object dynamics as a foundation for fine-grained
video understanding. However, existing datasets such as Vi-
dOR [25] or ActionGenome [13], which have been widely
used in video scene graph generation (VSGG), are con-
structed with a closed set of predefined predicates and tem-

plated relation descriptions. As a result, they fundamen-
tally lack the linguistic diversity and compositional expres-
siveness of natural language, making them insufficient for
training models that aim to comprehend open-ended refer-
ring expressions or to address diverse interaction scenarios
as in InterRVOS. To address these limitations, we intro-
duce InterRVOS and dataset InterRVOS-127K, which pro-
vide interaction-aware annotations and require distinct seg-
mentation of actor and target objects described in natural
language interactions.

3. InterRVOS-127K dataset

While InterRVOS requires separate segmentation of actor
and target objects, existing datasets [6, 7, 14, 23, 29, 30]
lack annotations for the target object. To address this, we
introduce InterRVOS-127K, an automatically annotated
large-scale dataset which contains both conventional actor-
only RVOS cases and interaction expressions with distinct
actor-target annotations for both actor and target objects.
Built upon VidOR [25], InterRVOS-127K is constructed
via a stage-wise automatic annotation pipeline that lever-
ages GPT-4o [12] and LLaMA-70B [8] to generate and ver-
ify high-quality captions. Additional details on InterRVOS-
127K are provided in Appendix C.

3.1. Data annotation pipeline
To generate high-quality expressions which capture the pre-
cise interaction between actors and targets, we design a
stage-wise automatic annotation pipeline consisting of four
main stages. The overall data annotation pipeline is illus-
trated in Fig. 2.
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Figure 3. Our proposed architecture. ReVIOSa utilizes [SEG ACT] and [SEG TAR] tokens which explicitly separate the actor and
the target within an interaction. Furthermore, it utilizes attention mask loss (AML) which supervises the attention maps of these tokens to
align with their respective object regions. Together, these components enable ReVIOSa to effectively model interaction.

Prior to stage-wise processing, we pre-compute mask
tracks for all objects in the video using SAM2 [22]. Stage
1 captures each object’s appearance and motion indepen-
dently. Stage 2 converts this into referring expressions, op-
tionally merging descriptions for objects with similar mo-
tion patterns. Stage 3 detects interactions, determines their
role directionality, and assigns actor and target roles if uni-
directional. Stage 4 generates rich, interaction expressions
by incorporating both class-level and appearance-specific
cues, producing multiple paired expressions by swapping
actor and target roles.

3.2. Training and evaluation set
Using data annotation pipeline, we automatically annotated
8,000 videos for training and 738 videos for evaluation. The
numbers of expressions are 122,188 and 5,048, respectively.
The evaluation set was manually verified and corrected by
human annotators.

4. ReVIOSa architecture
We propose ReVIOSa (Referring Video Interaction-aware
Object Segmentation), a novel MLLM-based framework
designed to effectively address the InterRVOS task. This
task requires understanding asymmetric interactions, where
the model must determine which object acts upon which,
and segment actor and target objects separately based on
their distinct roles in the interaction. To achieve this,
ReVIOSa first introduces interaction-aware special tokens,
[SEG ACT] and [SEG TAR], which serve as explicit role
representations within the MLLM. We further propose an
attention mask loss (AML) that supervises the attention
maps of these tokens to align with their respective object
regions, ensuring that they effectively capture role-specific
visual information. Together, these components enable pre-

cise modeling of inter-object dynamics and reliable role-
aware segmentation. The overall architecture of ReVIOSa
is shown in Fig. 3.

4.1. MLLM-based prompting
Given an input video V = {Ii}Ti=1 ∈ RT×H×W×3 con-
sisting of T frames and a referring expression E, our
model aims to predict binary segmentation mask sequence
M̂ = {M̂t}Tt=1 ∈ RT×H×W , where each mask M̂t ∈
{0, 1}H×W corresponds to the objects at time t. The over-
all framework consists of a LLaVA-based [16] multimodal
large language model (MLLM) and a video segmentation
model, SAM2 [22].

We first extract vision tokens fvision ∈ RNv×Dv from a
uniformly sampled video V ′ consisting of T ′ frames, and
text tokens f̃text ∈ RNt×D from the referring expression E,
using the vision encoder and text tokenizer of the MLLM.
Here, Nv and Nt denote the number of vision and text to-
kens, while Dv and D represent the embedding dimensions
of the vision encoder and the MLLM, respectively. The
vision tokens are projected into a shared embedding space
with text tokens using MLP projection layer:

f̃vision = MLPvision(fvision). (1)

The projected vision tokens f̃vision ∈ RNv×D and text to-
kens f̃text are concatenated and fed into the MLLM F to
produce the output sequence ŷout:

ŷout = F([f̃vision; f̃text]), (2)

where ŷout includes a special segmentation token, i.e.,
[SEG]. We extract the final-layer embedding h̃seg corre-
sponding to the [SEG] token and apply an MLP projec-
tion layer, MLPseg, to obtain the prediction vector pseg ∈
RDdec , where Ddec is the input embedding dimension of
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the SAM2 mask decoder. In parallel, the vision encoder of
SAM2 extracts visual features vseg ∈ RT×Nenc×Nenc×Denc

from the input video V , where Nenc × Nenc denotes the
spatial resolution of the encoder feature map and Denc is
the corresponding feature dimension.

Finally, SAM2 mask decoder Fdec produces the binary
mask sequence M̂. The overall process is formulated as:

pseg = MLPseg(h̃seg), M̂ = Fdec(vseg,pseg). (3)

4.2. Interaction-aware special tokens
To enable role-aware reasoning and segmentation within in-
teractions, we introduce interaction-aware special tokens,
[SEG ACT] and [SEG TAR], which explicitly represent
the actor and target roles by segmenting their correspond-
ing objects. Unlike standard [SEG] token approaches [2,
30, 31] that produce actor-only outputs, our role-specific to-
kens allow the model to represent the actor and target as
distinct participants thus enhancing the model’s ability to
capture their relational context. Serving as explicit semantic
anchors, these tokens provide separate role embeddings that
help the model capture each object’s characteristic motion
and understand how their combined behaviors constitute the
interaction.

Depending on the type of referring expression E, the
model dynamically determines whether to generate one or
two special tokens. At inference time, the model first de-
termines whether the input expression involves an interac-
tion. If so, it outputs both the [SEG ACT] and [SEG TAR]
tokens for distinct segmentation. Otherwise, only the
[SEG ACT] token is generated for actor segmentation. In
this new setting, the output of the MLLM ŷout can now in-
clude interaction-aware special tokens.

The corresponding hidden states for each special token
h̃act and h̃tar at the last layer of the MLLM are projected
into SAM2’s prompt embedding space:

pact = MLPseg(h̃act), ptar = MLPseg(h̃tar), (4)

where ptar is used only when [SEG TAR] is generated.
Finally, the segmentation mask outputs are computed as:

M̂act = Fdec(vseg,pact), M̂tar = Fdec(vseg,ptar).
(5)

4.3. Attention mask loss
While the interaction-aware special tokens provide explicit
role representations, it is crucial to ensure that these to-
kens effectively capture their corresponding object infor-
mation for accurate interaction-aware segmentation. To
achieve this, we propose an attention mask loss (AML) that
supervises the visual attention maps of [SEG ACT] and
[SEG TAR] tokens within MLLMs to align with their re-
spective object regions. The brief concept of AML is illus-
trated in Fig. 4.

GT mask track (Patch-level resized)

L
2

2
 H

0
7

w/ Attention Mask Loss

L
2

2
 H

0
7

w/o Attention Mask Loss

“Adult lifting a child”

Figure 4. Effectiveness of our proposed AML. AML increases
the proportion of attention with which the special token attends to
the corresponding object region. L22H07 denotes the 7th head of
the 22nd layer (indices start at 0).

During the generation of special tokens, the MLLM pro-
duces self-attention weight matrices at each transformer
layer and head. Each attention map is of size (Nv +Nt)×
(Nv + Nt), where Nv = T ′ × P × P denotes the number
of vision tokens and Nt is the number of text tokens. Here,
P × P represents the number of patches per frame. From
each attention map, we extract the vision attention weights
from the special segmentation token (i.e., the query tokens
[SEG ACT] or [SEG TAR]) to all vision tokens. These
weights are then reshaped into a spatio-temporal attention
map A(l,h) ∈ [0, 1]T

′×P×P for each layer l and head h,
aligning with the patch layout of the input video frames.

We first identify a set of specific layer-head pairs H us-
ing a selection protocol based on vision attention. For each
selected (l, h) ∈ H, we supervise the attention map A(l,h)

using the ground-truth binary mask M′ ∈ {0, 1}T ′×H×W ,
which is resized to the patch resolution, resulting in G′ ∈
{0, 1}T ′×P×P . Since our method distinguishes between ac-
tor and target objects, we apply supervision to each type
jointly. Specifically, the AML is defined as:

LAML =
∑

r∈{act,tar}

∑
(l,h)∈H

BCE
(
A(l,h)

r ,G′
r

)
. (6)

The summation over r ∈ {act, tar} applies only to the roles
present in the expression; if an expression contains only
[SEG ACT], the term for [SEG TAR] is dismissed.

By guiding each token’s attention toward its corre-
sponding object region, AML encourages [SEG ACT] and
[SEG TAR] to learn accurate role-aware representations.
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Methods InterRVOS-Actor InterRVOS-Target RVOS

J F J&F J F J&F J F J&F
Referformer [28] 59.1 59.9 59.5 - - - 52.0 53.2 52.6
LMPM [6] 51.1 54.1 52.6 - - - 45.1 48.3 46.7
VISA-7B [29] 57.8 57.6 57.7 - - - 49.2 50.4 49.8
VideoLISA-3.8B [2] 68.4 68.0 68.2 - - - 61.5 61.9 61.7
Sa2VA-1B [30] 69.9 72.6 71.3 - - - 55.4 58.7 57.0
Sa2VA-4B [30] 69.6 72.3 71.0 - - - 58.1 61.0 59.5

ReVIOSa-1B 71.8 74.7 73.3 65.9 68.9 67.4 60.2 63.8 62.0
ReVIOSa-4B 73.2 75.8 74.5 67.1 69.5 68.3 63.0 66.1 64.5

Table 2. Quantitative results on InterRVOS-127K dataset. ReVIOSa achieves the best performance on both interaction-aware
(InterRVOS-Actor and InterRVOS-Target) and standard RVOS settings, highlighting its ability to effectively model complex motions.
The best-performing results are presented in bold, while the second-best results are underlined.

Together with the interaction-aware tokens, AML strength-
ens their semantic roles to the correct visual regions, re-
inforcing role distinction and enabling precise modeling
of inter-object dynamics. This auxiliary loss is optimized
jointly with the segmentation loss during training.

4.4. Overall training loss
We apply standard pixel-wise cross-entropy loss and dice
loss between the predicted mask M̂ and ground-truth mask
track M:

Lseg =
∑

r∈{act,tar}

LCE(M̂r,Mr) + LDice(M̂r,Mr).

(7)
When the referring expression describes an interaction, the
segmentation loss is computed for both masks, M̂act and
M̂tar. Otherwise, it is computed only on M̂act. We also
include a text loss Ltext, defined as the cross-entropy loss
over the predicted and ground-truth answer. Consequently,
the total training loss is defined as:

Ltotal = Lseg + λAML · LAML + λtext · Ltext, (8)

where λAML and λtext are weighting coefficients for the
attention mask loss and text loss, respectively.

5. Experiments
In this section, we first outline the implementation details
and training setup of our framework in Section 5.1. We then
report quantitative, qualitative, and ablation results of Re-
VIOSa on the InterRVOS-127K benchmark in Section 5.2.
Finally, we present analysis experiments that examine the
necessity of the InterRVOS task and validate the effective-
ness of both ReVIOSa and InterRVOS-127K, along with ad-
ditional in-depth analyses on AML in Section 5.3. Further
experimental details are provided in the Appendix, includ-
ing extended analysis of the proposed AML (Appendix A)
and quantitative as well as qualitative results on standard
RVOS benchmarks (Appendix B).

All evaluations follow standard RVOS metrics [6, 14,
23], using the average of region similarity J and contour
accuracy F , denoted as J&F .

5.1. Implementation details
For the proposed architecture ReVIOSa, we utilize
InternVL-2.5 [4] as the base model for multimodal large
language model (MLLM), applying LoRA [10] tuning
exclusively. For the segmentation module, we adopt
SAM2 [22] and fine-tune only its decoder while keeping the
image encoder frozen. The model is trained for 10 epochs
with a batch size of 128. We report results using two model
scales: 1B and 4B which are trained on 4 NVIDIA RTX
3090 GPUs for 12 hours and 4 NVIDIA A6000 GPUs for 16
hours, respectively. For loss weighting, we set λAML = 1.0
and λtext = 1.0 for all experiments.

5.2. Experimental results
Quantitative results. Tab. 2 presents the quantitative re-
sults under three evaluation settings: InterRVOS-Actor,
InterRVOS-Target, and RVOS. The first two are newly in-
troduced evaluation protocols for InterRVOS, designed to
assess the role-specific segmentation of actor and target
objects for each interaction expression. RVOS represents
the standard setting which only segments the referred (ac-
tor) objects, which incorporates all expression samples. In
these evaluation settings, the input prompt is formatted as
“Please segment {expression} in this video.” and ReVIOSa
is trained to output interaction-aware special tokens when
the referring expression includes interaction. For ReVIOSa,
we use the [SEG ACT] token for InterRVOS-Actor and
RVOS, and the [SEG TAR] token for InterRVOS-Target.
All other baseline models are evaluated with a single con-
ventional [SEG] token.

Importantly, previous RVOS approaches [6, 28–30] are
designed to segment only the actor, and thus are not ap-
plicable to the InterRVOS-Target setting, highlighting the
novelty and necessity of our proposed task. Even so, our
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User: Please segment “light-skinned hand touching striped cat”.
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ReVIOSa: It’s [SEG_ACT] and [SEG_TAR].

Sa2VA: It’s [SEG].

User: Please segment “brown dog being approached by pale hand”.

R
e
V
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S
a

S
a2

V
A

ReVIOSa: It’s [SEG_ACT] and [SEG_TAR].

Sa2VA: It’s [SEG].

Figure 5. Qualitative results. Compared to the previous RVOS
method, Sa2VA [30], ReVIOSa accurately segments both the ac-
tor and the target objects when given an interaction expression,
demonstrating its ability to distinguish object roles.

[SEG ACT] AML J F J&F
[SEG TAR]

(i) ✗ ✗ 55.4 58.7 57.0
(ii) ✗ ✓ 57.4 59.6 58.5
(iii) ✓ ✗ 57.8 61.3 59.6
(iv) ✓ ✓ 60.2 63.8 62.0

Table 3. Ablation study on ReVIOSa architecture. Both (ii)
AML and (iii) the interaction-aware special tokens contribute per-
formance gains over (i) the baseline. (iv) ReVIOSa achieves the
highest performance among all configurations.

proposed ReVIOSa demonstrates competitive performance
on both the InterRVOS-Actor and RVOS. The 1B model al-
ready surpasses previous methods on most metrics, while
the 4B model achieves state-of-the-art performance across
all metrics. This indicates that role-specific supervision in
our framework not only facilitates interaction modeling for
segmenting the actor in interaction expressions but also im-
proves performance on conventional RVOS, demonstrating
its broad benefit in relational understanding and complex
motion reasoning.
Qualitative results. Fig. 5 compares qualitative results
under the InterRVOS setting, where both the input video
and expression involve multiple interacting objects. In these
complex cases, the previous state-of-the-art RVOS method,
Sa2VA [30], fails to identify the referred object under in-
teraction. In contrast, ReVIOSa is explicitly trained to dis-
tinguish object roles, enabling more precise recognition and
segmentation of both actor and target objects.
Ablation studies. We perform an ablation study to assess
the individual and combined contributions of two core com-

Methods InterRVOS-Target

J F J&F
VISA-7B [29] 14.2 24.2 19.2
VideoLISA-3.8B [2] 8.5 17.7 13.1
Sa2VA-4B [30] 21.2 27.2 24.2

Table 4. Zero-shot evaluation of existing RVOS models on
InterRVOS-Target setting. The results show that current RVOS
methods fail to generalize to interaction-centric scenarios, high-
lighting the necessity of our InterRVOS task formulation, the
InterRVOS-127K dataset, and the ReVIOSa architecture.

ponents: the interaction-aware special tokens ([SEG ACT]
and [SEG TAR]) and the proposed attention mask loss
(AML). As presented in Tab. 3, each component inde-
pendently improves model performance over the (i) base-
line (57.0 J&F ), which uses conventional [SEG] and
no AML. Specifically, AML contributes +1.5, while the
interaction-aware tokens add +2.6. When combined, the
model achieves a performance of 62.0 on the InterRVOS-
127K evaluation set. This improvement demonstrates that
semantic role separation through special tokens and direct
attention supervision through AML complement each other
effectively, resulting in better interaction modeling and the
best overall performance.

5.3. Analysis
Necessity of InterRVOS. To assess whether existing re-
ferring video object segmentation (RVOS) models can han-
dle interaction expressions, we evaluate several MLLM-
based baselines [2, 29, 30] using a modified prompt that in-
structs the models to reason about the target objects. Specif-
ically, we use “Please segment the object that is directly in-
teracting with {expression} in the image.”. This requires
the model to distinguish between the actor (the referred
object) and the target (the object being interacted with),
and to correctly infer the directionality of interaction. As
shown in Tab. 4, despite MLLM’s strong reasoning capabil-
ity acquired from large-scale multimodal training [1, 11],
all baseline models perform poorly under this setting, fail-
ing to identify the corresponding target object involved in
the interaction and revealing their limited ability to capture
the directionality and semantics of inter-object dynamics.
These results clearly indicate the necessity of InterRVOS,
which explicitly supervises interaction modeling.
Effectiveness of dataset and model. Tab. 5 presents
zero-shot evaluation results of models trained on differ-
ent datasets, ReVOS [29], Ref-SAV [30], and InterRVOS-
127K, on three standard RVOS benchmarks: MeViS [6],
Ref-Youtube-VOS [23], and Ref-DAVIS [14]. These results
illustrate how much transferable video understanding each
training dataset provides. The baseline matches the setting
used in Tab. 3 (i). Notably, the baseline model trained on our
large-scale and well-curated InterRVOS-127K, constructed
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(a) Correlation between attention and J&F (c) Layer-wise impact of AML(b) Layer-wise Vision/Text Attentions

Mask Region Attention Vision/Text Token Attention Vision Token Attention and J&F

Figure 6. Motivation and verification of AML. (a) Segmentation accuracy increases when the segmentation token attends more strongly
to the ground-truth mask region. (b) Layers exhibit varying degrees of vision attention. (c) Applying AML to layers with high vision
attention yields clear gains, with Layer 22 achieving the largest improvement (+2.4 J&F).

Dataset
Baseline ReVIOSa

ReVOS [29] Ref-SAV [30] InterRVOS-127K InterRVOS-127K

MeViS valid [6] 39.6 32.8 40.4 42.4
MeViS valid u [6] 49.1 40.1 49.5 50.1

Ref-Youtube-VOS [23] 57.5 54.2 61.2 60.3
Ref-DAVIS [14] 62.8 62.1 65.9 66.2

Table 5. Zero-shot evaluation on standard RVOS bench-
marks. Baseline results show that training on our InterRVOS-
127K dataset yields stronger transferability than ReVOS [29] or
Ref-SAV [30]. Combining our dataset with the proposed Re-
VIOSa architecture further achieves the best performance across
all benchmarks.

through a fully automatic generation pipeline, achieves
the highest performance across all benchmarks, outper-
forming the same model trained on ReVOS or Ref-SAV.
We also evaluate our proposed architecture, ReVIOSa-1B,
trained on InterRVOS-127K. By explicitly modeling inter-
action, ReVIOSa-1B achieves the best performance across
all benchmarks, surpassing the baseline model trained on
the same dataset. This demonstrates that combining our
interaction-centric dataset with our interaction-aware archi-
tecture yields the most effective transferability to standard
RVOS benchmarks.
Motivation of AML. For the analysis of AML, all results
in Fig. 6 are generated using the ReVIOSa-1B model on
the InterRVOS-127K benchmark with [SEG ACT] token
(details in the Appendix A). We analyze how the token’s at-
tention patterns across different layers relate to performance
and inform our design choices for AML. For this analysis,
attention values at each layer are computed by averaging
across all attention heads. Additional details and head-wise
analyses for head selection are provided in Appendix A.

As shown in Fig. 6 (a), we observe a clear correlation be-
tween segmentation performance and the [SEG ACT] to-
ken’s attention to the ground-truth mask region (denoted as
Mask-Region Attention). Samples in which the token at-
tends more strongly to the corresponding object region con-
sistently achieve higher J&F scores. This suggests that
segmentation accuracy, which reflects the model’s under-
standing toward the object, depends on how well the to-

ken attends to mask-relevant regions. Building on this ob-
servation, we hypothesize that guiding attention behavior
may benefit interaction modeling when jointly used with
[SEG ACT] and [SEG TAR] we proposed. Specifically,
when each token attends to the object region, it can develop
a more focused understanding of the object’s visual features
and motion patterns, which leads to better distinction be-
tween actor and target roles and more accurate modeling of
their interaction.

Layer selection for AML. We investigate where to ap-
ply AML within the MLLM. We hypothesize that the effec-
tiveness of AML depends on how much the token relies on
visual information at each layer. To investigate this, we an-
alyze the layer-wise attention to vision and text tokens (de-
noted as Vision/Text Token Attention). As shown in Fig. 6
(b), different layers exhibit varying degrees of vision atten-
tion. To validate the layer choice, we apply AML to top-3
and bottom-3 layers. As illustrated in Fig. 6 (c), the top-3
layers (L22, L23, L21) consistently outperform the bottom-
3 layers (L09, L08, L07), confirming that AML is effec-
tive when applied to layers where the token attends more
strongly to vision tokens. Among these, Layer 22 yields the
highest gain of +2.4 in J&F over the baseline.

6. Conclusion

We present InterRVOS, a novel task that focuses on the
complex interaction cases by requiring the segmentation
of both actor and target objects from a single interac-
tion expression, thereby explicitly modeling inter-object dy-
namics. To support this, we present InterRVOS-127K, a
large-scale dataset with over 127K expressions and dis-
tinct actor-target annotations for interaction expressions.
We also propose ReVIOSa, a novel MLLM-based model
with interaction-aware tokens and attention mask loss
for precise role-specific segmentation. Extensive experi-
ments validate the effectiveness of modeling interaction,
with ReVIOSa achieving state-of-the-art performance on
InterRVOS-127K.
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