InterRVOS: Interaction-aware Referring Video Object Segmentation
— Supplementary Materials —

Overview

In the appendix, we provide additional details and analyses
that further support the results and findings presented in the
main paper.

* Sec. A provides additional analyses on attention mask
loss (AML), including detailed observations of its behav-
ior across layers and heads.

— Layer-head selection for AML (Sec. A.1)

— Attention comparison between interaction-aware spe-
cial tokens (Sec. A.2)

— Attention visualization (Sec. A.3)

* Sec. B presents additional experimental results demon-
strating the effectiveness of ReVIOSa and InterRVOS-
127K.

Quantitative results on RVOS benchmarks (Sec. B.1)

Comparison of training datasets (Sec. B.2)

ReVIOSa with other MLLM (Sec. B.3)

Additional qualitative results (Sec. B.4).

¢ Sec. C provides further details about InterRVOS-127K
— Distribution analysis (Sec. A5)

Data annotation pipeline (Sec. C.2)

Additional dataset samples (Sec. C.3)

Video clip extraction procedure (Sec. C.4)

— Overall dataset statistics (Sec. C.5).

» Sec. D discusses failure cases and outlines potential fu-

ture directions for improving RVOS and our approach.

A. Analysis on AML

In this section, we present our analysis of the attention maps
from the MLLM and the detailed layer-head selection pro-
cess for both the 1B and 4B models. Specifically, Sec. A.1
describes how we select appropriate layer-head pairs based
on special token’s attention to vision tokens, and outlines
the detailed selection strategies across model scales (1B and
4B). Sec. A.2 then compares the attention patterns of the
interaction-aware special tokens, while Sec. A.3 analyzes
the attention maps across various configurations.

A.1. Layer-head selection for AML

The attention weights across layers and heads for both 1B
and 4B models are visualized in Fig. Al, where (a) and

(b) correspond to the 1B model, and (c) and (d) to the 4B
model. As described in the main paper, our layer-head se-
lection strategy for AML first identifies the layer with the
highest head-averaged attention to vision tokens, referred
to as the vision ratio. For the 1B model, this peak appears
at Layer 22 (Fig. A.1 (a)). We then analyze the head-wise
attention scores within this layer (Fig. A.1 (b)), which is
the layer with top-1 vision ratio, and empirically find that
applying AML to the top-4 heads yields the best perfor-
mance, as reported in Tab. Al. For the 4B model, Fig. Al
(c) shows that Layer 33 exhibits the highest vision ratio.
Within this layer, we further analyze the head-wise atten-
tion scores (Fig. Al (d)) and select the top-4 heads, H13,
H12, H14, and HO6, for AML supervision.

By consistently applying AML to layers and heads with
strong attention to vision tokens, we effectively deliver spa-
tial supervision to the most responsive components of the
MLLM.

A.2. Attention comparison between interaction-
aware special tokens

We compare the attention magnitude of the interaction-
aware special tokens, [SEG_ACT] and [SEG_TAR], to ex-
amine whether separate selection strategies are required for
each token. In the main paper, all layer-head selections for
AML were conducted based on the attention maps of the
[SEG_ACT] token. This decision is justified by the obser-
vation that the attention patterns of both tokens are similar.

As shown in Fig. A1 (e), the top row presents the layer-
wise attentions of the [SEG_ACT] token, while the bot-
tom row shows the attentions for the [SEG_TAR] token.
Notably, both tokens exhibit the highest vision attention at
Layer 22, indicating that the same top-1 vision-attending
layer is shared across the two roles. The distributions are
closely aligned across layers, indicating that applying the
selection strategy based on the [SEG_ACT] token is suffi-
cient for effective supervision of both roles, without requir-
ing additional role-specific tuning.

A.3. Attention visualization

Comparison of attention maps with and without AML.
Fig. A2 illustrates the differences in attention maps between
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Figure Al. Attentions across layers and heads. Each figure illustrates the attention patterns from the special token (query) to vision
tokens (key) across different layers and heads of the MLLM. (a) Layer-wise head-averaged attentions for the 1B model. (b) Head-wise
attentions within Layer 22 of the 1B model. (c) Layer-wise head-averaged attentions for the 4B model. (d) Head-wise attentions within
Layer 33 of the 4B model. (e) Layer-wise attention patterns of [ SEG_ACT] (top) and [SEG_TAR] (bottom).

k=1 k=2 k=3 k=4 k=5
(H11) (+HO07) (+H10) (+HO05) (+HO08)

60.7 | 613 605 61.2 62.0 60.6

All Heads

Table Al. Performance comparison of AML applied to top-k
attention heads in layer 22. Empirically, applying AML to the
top-4 heads yields the best performance.

the models trained without AML and with AML, denoted
as w/o AML and w/ AML, respectively. We visualize the
attention maps from the 1B model, focusing on the spe-
cific layer-head pairs where AML supervision was applied.
Without AML, the attention maps are notably sparse and
diffuse, showing limited focus on the relevant object re-
gions. In contrast, with AML, the attention becomes signifi-
cantly sharper and more concentrated within the correct ob-
ject areas. This is evident for both the [ SEG_ACT] (adult’s
hand) and [ SEG_TAR] (child) tokens, each token attending
reliably to the object it is responsible for segmenting. These
results demonstrate that AML enhances the MLLM’s abil-
ity to allocate attention distinctly for each interaction-aware
token, thereby strengthening role-specific segmentation.

Effect of AML on supervised and non-supervised heads.
Fig. A3 compares the attention maps from (a) heads di-
rectly supervised by AML and (b) non-supervised heads
within the same layer (Layer 22 of the 1B model). The
supervised heads correspond to those explicitly selected for

AML training, while the non-supervised heads did not re-
ceive direct supervision. Notably, we observe that the non-
supervised heads also exhibit improved attention focus on
the corresponding object regions, despite not being explic-
itly trained with AML. This indicates that the supervision
signal from AML can propagate within a layer, positively
influencing other heads and contributing to more consistent
spatial grounding across the entire attention module.

B. Additional experimental results

In this section, we provide further experimental results sup-
porting the impact of our dataset and architecture.

B.1. Quantitative results on RVOS benchmarks

Tab. A4 presents quantitative comparison on standard
RVOS benchmarks [3, 6, 8]. Our training dataset is con-
structed by combining MeViS, Ref-Youtube-VOS, Ref-
DAVIS, and our proposed InterRVOS-127K. ReVIOSa
achieves competitive performance across all benchmarks:
46.8 J&F on MeViS, 71.1 on Ref-Youtube-VOS, and 76.0
on Ref-DAVIS. These results, with 4B model size, demon-
strate that ReVIOSa not only excels on InterRVOS-127k but
also generalizes effectively to standard RVOS benchmarks.

B.2. Comparison of training datasets

Tab. A5 compares the performance of baseline model (same
setting as Tab.3 (i) in the main paper) when trained on dif-
ferent datasets and evaluated on the MeViS [3] benchmark,
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Figure A2. Visualization of attention maps for trained layer-head pairs. Comparison between attention maps of baseline (w/o AML)

and w/ AML.

which is large enough to reliably assess model capability.
Although Ref-SAV [11] is a large-scale dataset with 37K
videos and 72K expressions, our subset training dataset,
with only 2K videos and 28K expressions, achieves bet-
ter performance. Even when controlling for sample size by
matching the number of expressions, models trained on our
dataset (InterRVOS-71K) outperform those trained on Ref-
SAV, with the performance gap being notable in the zero-
shot setting. These results validate the quality of our pro-
posed dataset and the effectiveness of our stage-wise data
annotation pipeline for capturing fine-grained information
within videos.

B.3. ReVIOSa with other MLLM

To examine generalizability, we conduct ablation using
Qwen2.5-VL-3B [1] (Tab. A2, Fig. A4). ReVIOSa with
Qwen2.5-VL-3B consistently improves performance across
InterRVOS-Actor, InterRVOS-Target, and RVOS settings,

Method ‘ InterRVOS-Actor  InterRVOS-Target RVOS
Baseline 64.1 - 55.0

w/ Tokens 69.5 (+1.4) 60.2 (-) 58.7 (+3.7)
w/ AML 70.5 (+1.0) 64.9 (+4.7) 61.5 (+2.8)

Table A2. Ablation with Qwen2.5-VL-3B.

suggesting that our architecture design is not limited to
InternVL-2.5 [2].

B.4. Additional qualitative results

Results on InterRVOS-127K. We present qualitative re-
sults to demonstrate the effectiveness of our proposed
model in handling complex, interaction-centric referring ex-
pressions. Fig. A6 compares our model (ReVIOSa) with a
competitive comparison method (Sa2VA) on the proposed
InterRVOS-127K dataset for the RVOS task. Across a range
of challenging scenarios involving ambiguous appearance,
subtle motion, and fine-grained interactions, ReVIOSa con-
sistently achieves more accurate and temporally consistent
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Figure A3. Effect of AML on supervised vs. non-supervised heads. Attention maps from various heads of Layer 22 of the 1B model.
(a) Heads directly supervised by AML. (b) Non-supervised heads within the same layer. Notably, even without direct supervision, the
non-supervised heads exhibit improved focus, suggesting that the beneficial effect of AML propagates within the layer.
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Figure A4. Qwen2.5-VL-3B Layer-Head Analysis.
segmentation results. Notably, it exhibits strong align- model is also designed to output both actor and target ob-
ment between the visual targets and the language expres- jects when given interaction expressions. As illustrated in

sions. In addition to standard referring segmentation, our Fig. A7 and A8, the model utilizes dedicated [ SEG_ACT]
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Figure AS5. Analysis on the diversity and bias of InterRVOS-
127K.

and [SEG_TAR] tokens to simultaneously localize both the
actor and target described in interaction expressions.

Expression variation. We evaluate ReVIOSa’s ability to
adapt its segmentation according to varying referring ex-
pressions on the same video. Given different expression
types, the model accurately segments the corresponding ob-
jects as specified. Fig. A1l and Fig. A12 show that Re-
VIOSa precisely adjusts its output based on the given ex-
pressions, correctly distinguishing the motion of each ob-
ject. This validates the model’s versatility across both stan-
dard RVOS and InterRVOS settings, demonstrating its fine-
grained capability in understanding complex motions and
disambiguating object roles.

Results on MeViS and Ref-Youtube-VOS. Fig. A9 and
Fig. A10 present qualitative results on MeViS and Ref-
YouTube-VOS, respectively. Across both datasets, Re-
VIOSa consistently captures the correct objects and pro-
duces stable mask predictions, even in scenes with multiple
objects or complex motions. These examples demonstrate
that our model performs robustly not only in the InterRVOS
setting but also in standard RVOS scenarios.

C. Additional details of InterRVOS-127K
C.1. Distribution Analysis

We further analyzed predicate distributions using the met-
rics in Tab. A3. As shown in Fig. A5, compared with
human-annotated datasets, InterRVOS-127K achieves the
highest diversity, confirming low bias.

C.2. Data annotation pipeline

Our automatic data annotation pipeline consists of four-
stage process. Among these, Stage 1 and Stage 3 utilize
GPT-4o0 [5] to extract accurate object-level and interaction-
level information from video contexts. In contrast, Stage

2 and Stage 4 focus on converting this structured informa-
tion into natural language referring expressions, for which
we employ the quantized version of the LLaMA 3.1 Instruct
model [4].

To complement the overview in the main paper, we pro-
vide a more detailed explanation of the annotation pipeline
here. Our stage-wise design enables a progressive buildup
of annotation complexity, from basic object-level descrip-
tions to more complex interaction-aware expressions.
Stage 1: Single object information. In the first stage,
we focus on individual objects to obtain rich descriptions
encompassing both appearance and motion attributes. We
highlight a single object within the video frame and give
it as an input, then GPT generates comprehensive object-
centric captions that form the foundation for downstream
stages. These descriptions ensure that each object is suffi-
ciently characterized before reasoning about their interac-
tions.

Stage 2: Single and multi-instance referring expres-
sions. In this stage, the captions obtained from Stage 1
are reformulated into referring expressions. We handle both
single object and multi-instance cases: (1) Single object ex-
pressions are generated by separating the original caption
into three distinct types: appearance-only, motion-only, and
combined (appearance and motion), offering finer-grained
reference diversity. (2) Multi-instance expressions are cre-
ated by analyzing motion similarities across objects. If mul-
tiple objects exhibit similar motion patterns, the model de-
cides whether to merge them into a single referring expres-
sion, thereby supporting both atomic and collective object
references.

Stage 3: Interaction information. In the third stage,
we explore potential interactions among multiple objects
within the video. Each object is annotated with an index
label (e.g., [0], [1]1) and fed into GPT to assess whether
interactions are present. If interactions exist, we further dis-
tinguish between two types: (1) Unidirectional interactions,
where a clear actor-target relationship exists (e.g., “Object
[0] is leaning against object [2]”). For each pair, we gen-
erate two pseudo-captions with roles reversed (e.g., “Ob-
ject [2] 1is being leaned on by object [0]”) and extract
structured actor-target mappings. (2) Bidirectional interac-
tions, where objects participate equally (e.g., “Object [0]
and object [1] are standing together with arms around each
other”). In such cases, only the object pair involved is ex-
tracted without role assignment. This stage is crucial for
capturing the relational structure between entities and build-
ing a pool of interaction data that reflects both directionality
and symmetry.

Stage 4: Interaction-aware referring expressions. In
the final stage, we convert structured interaction informa-
tion from Stage 3 into rich referring expressions. Start-
ing from GPT-generated index-based captions (e.g., “Ob-



Methods ‘ MeViS Ref-Youtube-VOS Ref-DAVIS
LISA-7B [7] 394 54.3 64.8
LISA-13B [7] 37.9 54.4 66.0
TrackGPT-7B [12] 40.1 56.4 63.2
TrackGPT-13B [12] 41.2 59.5 66.5
VISA-7B [10] 43.5 61.5 69.4
VISA-13B [10] 44.5 63.0 70.4
Sa2VA-4B [11] 46.2 71.3 73.7
ReVIOSa-4B ‘ 46.8 71.1 76.0

Table A4. Quantitative results on RVOS benchmarks.

Dataset Settin Ref-SAV InterRVOS-28K InterRVOS-71K
atase cting (Videos 37k / Exps. 72K) | (Videos 2k / Exps. 28K)  (Videos 5K / Exps. 71K)
. . Joint Training 46.8 48.5 47.1
MeVi$ valid Zero-shot 328 40.2 418
. . Joint Training 53.0 54.6 54.8
MeViS validu | =7 chot 40.1 50.1 50.5

Table A5. Effectiveness of InterRVOS-127K. Despite using fewer samples, models trained on InterRVOS-28K and InterRVOS-71K
outperform the Ref-SAV dataset [11] (72K) on MeViS [3] benchmark in both the joint training setting (with MeViS [3] train set) and the
zero-shot setting (with only InterRVOS-28K and InterRVOS-71K train sets). This highlights the superior data efficiency and interaction-

centric supervision quality of the InterRVOS-127K dataset.

ject [0] is leaning against object [2]”), we inject class
and appearance description for each object obtained from
stage 2 to produce semantically enriched expressions. This
yields two levels of interaction captions: (1) Class-level,
using coarse object category labels (2) Appearance-level,
incorporating visual attributes from earlier stages.

Throughout the entire data annotation pipeline, the
InterRVOS-127K dataset evolves into a diverse and large-
scale resource that simultaneously provides rich descrip-
tions of object interactions, ranging from simple to highly
detailed expressions.

C.3. Additional examples of InterRVOS-127K

Fig. A14 and Fig. A15 present additional examples from
the InterRVOS-127K dataset. Our dataset covers a broad
range of referring expressions, including challenging cases
like multi-object references and motion-only descriptions,
as well as varying levels of granularity from class-level to
fine-grained appearance-based expressions. It also includes
interaction-focused expressions that clearly distinguish ac-
tor and target roles. The examples illustrate multiple objects
within a single video and their relationships, highlighting
the dataset’s ability to capture object-level interactions in
complex scenes.

C.4. Video clip extraction procedure

The InterRVOS-127K dataset is constructed using source
videos from the VidOR dataset [9], which contains a large

number of long-form videos, many exceeding 1,000 frames
in length. To generate more diverse and effective video
clips for referring video object segmentation, we apply a
systematic clip extraction strategy. Specifically, each orig-
inal source video is divided into non-overlapping temporal
bins of 1,000 frames. From these, we select only the first
and last bins to increase the likelihood of capturing distinct
scenes or transitions within a single video. Within each
selected bin, we extract only the first 500 frames to form
a video clip. This approach allows us to generate a wide
range of video segments while ensuring sufficient temporal
context and diverse scenes required for RVOS. As a result,
we obtain high-quality video clips that are both temporally
coherent and suitable for dense language grounding and in-
teraction modeling.

C.5. Dataset statistics

The overall statistics of the InterRVOS-127K dataset are
presented in Fig. A16.

The word frequency distribution (a) reveals that com-
monly used terms such as object, person, child, side, po-
sition, and right frequently appear in the referring expres-
sions. This indicates that the dataset captures not only static
appearance information but also emphasizes spatial rela-
tions and interactive contexts involving everyday entities.
In terms of temporal characteristics, (b) shows that most
videos fall within the 10 to 20 second range, providing suffi-



cient temporal context for modeling object-level dynamics.
Additionally, (c) illustrates the distribution of video frames:
the training set mostly consists of 500 frames, while the val-
idation set is composed of shorter clips with frame counts
aligned in increments of 5.

The dataset also exhibits significant linguistic density
and visual complexity. As shown in (d), most videos are
annotated with 5 to 20 referring expressions, peaking at
the 10 to 15 range, which enables dense language ground-
ing for each clip. Moreover, (e) indicates that a large
portion of videos contain 0 to 5 annotated objects, with
a smaller but meaningful subset containing more than 5.
This diversity in object count allows the dataset to cover
a broad range of scene complexities, from simple to highly
interactive scenarios. Collectively, these statistics confirm
that the InterRVOS-127K dataset is well-suited for advanc-
ing research in referring video object segmentation and
interaction-centric video understanding.

Furthermore, (f), (g), and (h) provide an overall
interaction-focused statistics within InterRVOS-127K. In
(f), we observe that approximately 65% of videos contain
at least one interaction-based referring expression, indicat-
ing that interaction scenarios are prevalent throughout the
dataset. (g) further illustrates the distribution of the num-
ber of interaction expressions per video, and (h) shows the
number of objects involved in each interaction; while most
interactions involve two objects, a notable 20.3% involve
three, suggesting a considerable portion of the dataset cov-
ers more complex, multi-object interactions.

D. Failure cases and future works

Despite its strong interaction modeling capability, Re-
VIOSa exhibits a few remaining limitations, as illustrated
in Fig. A13. One issue arises when the objects to segment
appear at relatively small scales within the frames, mak-
ing precise localization and segmentation challenging (top).
Another difficulty occurs when interactions involve a large
number of entities, such as cases with three or more objects
to segment, the model faces difficulties in generating con-
sistent mask tracks across frames (bottom).

In future work, we aim to extend ReVIOSa to handle
role switching over longer video sequences, enabling the
model to track how actor-target relationships change over-
time. Another promising direction is part-level segmenta-
tion, allowing the model to segment only the specific part
of an object involved in the interaction, for example, seg-
menting just the right arm of a person when the referring
expression is “the right arm holding the table”. Advancing
in these directions would support richer interaction reason-
ing and further push the boundaries of RVOS beyond its
current capabilities.



User: Please segment “the stationary object on the floor”.

Sa2VA: Sure, [SEG].

User: Please segment “the object kneeling on the ground, slightly adjusting its position behind a green
barrier”.

Sa2VA: Sure, [SEG].
User: Please segment “the seated object, mostly still with occasional slight shifts in the chair”.
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.

ReVIOSa: Sure, [SEG_ACT]

Sa2VA: Sure, [SEG].

User: Please segment “the large white dog with fluffv, dense fur that remains mostly stationary while

slightly shifting its position, occasionally turning its head”.

Figure A6. Qualitative results on InterRVOS-127K: RVOS Setting. Qualitative comparisons between our model (ReVIOSa) and a
strong comparison model (Sa2VA) on the proposed InterRVOS-127K dataset for the RVOS task. ReVIOSa consistently produces more
accurate and temporally consistent segmentation masks, especially in challenging scenarios involving fine-grained interactions, appearance
ambiguity, or motion.



User: Please segment “black dog with a white marking being led by person in a dark jacket and gloves™.

Sa2VA: Sure, [SEG].

User: Please segment “dish feeding person and child”.

=8

Sa2VA Sure, [SEG].

User: Please segment “person walking a dog”.

Sa2VA: Sure, [SEG].

User: Please segment “striped child having his blue cup taken by a pink-shirt child”.

ReVIOSa: Sure, [SEG_ACT] and [SEG_TAR].

Sa2VA: Sure, [SEG].

Figure A7. Qualitative results on InterRVOS-127K: InterRVOS setting. Qualitative results of ReVIOSa on InterRVOS-127K. By using
interaction-aware special tokens ([ SEG_ACT] and [SEG-TAR]) and AML, our model separately segments actor (pink) and target (bluc)
objects, effectively capturing their distinct roles and behaviors within interactions. This demonstrates ReVIOSa’s ability to understand
asymmetric inter-object relationships and model the dynamics that define video interactions.



User: Please segment “child reaching out to man”.

Sa2VA: Sure, [SEG].

User: Please segment “hand reaching towards child”.
- . ,“' e 'f

ReVIOSa: Sure, [SEG ACT] and [SEG_TAR].

Sa2VA: Sure, [SEG].

User: Please segment “glossy black toy with blue element held by young baby”.

Sa2VA: Sure, [SEG].

User: Please segment “pink bottle being held by baby with giraffe diaper”.
. T D

ReVIOSa: Sure, it is [SEG_ACT] and [SEG_TAR].
il £ A 2 ool
il ¥ .

Sa2VA: Sure, [SEG].

Figure A8. Qualitative results on InterRVOS-127K: InterRVOS setting. Qualitative results of ReVIOSa on InterRVOS-127K. By using
interaction-aware special tokens ([ SEG_-ACT] and [SEG_TAR]) and AML, our model separately segments actor (pink) and target (blue)
objects, effectively capturing their distinct roles and behaviors within interactions. This demonstrates ReVIOSa’s ability to understand
asymmetric inter-object relationships and model the dynamics that define video interactions.



User: Please segment “dog circling on green plate”.

ReVIOSa: Sure, it is [SEG_ACT].

User: Please segment “The bear that had been pinned down by the other bear”.

A,,!"'-ﬁ(vu;_ v
ReVIOSa: Sure, it is [SEG_ACT].

User: Please segment “cat lying on the ground ™.

prem——

ReVIOSa: Sure, it is [SEG

ACT].

Figure A9. Qualitative results on MeViS dataset.
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User: Please segment “a black and white zebra is on the right eating the grass”.

ReVIOSa: Sure, it is [SEG_ACT].

User: Please segment “a rabbit is weighed on a weighing machine”.

’Ab,"" R —

ReVIOSa: Sure, it is [SEG_ACT].

User: Please segment “a blue and white colored surfboard in the right hand of dark blue swim suit”.
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Figure A10. Qualitative results on Ref-Youtube-VOS dataset.



User: Please segment “The adult wearing a black jacket and blue jeans with shoulder-length hair, walking alongside a child
on a bicycle and then raising their arms as the child cycles away independently”.
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ReVIOSa: Sure, it is [SEG_ACT].

User: Please segment “the child in a pink jacket and white helmet riding a blue bicycle and moving forward while
maintaining balance”.

ReVIOSa: Sure, it is [SEG_ACT] and [SEG_TAR].

Figure A11. Qualitative results with diverse expression variations. As the given expression changes, ReVIOSa precisely localizes
the corresponding objects accordingly, demonstrating robust and fine-grained understanding across both standard RVOS and InterRVOS
setting.



User: Please segment “Object leaning forward and slightly shifting weight”.

ReVIOSa: Sure, it is [SEG ACT].

User: Please segment “Object moving gently back and forth, shifting slightly in position as it is held and manipulated”.

ReVIOSa: Sure, it is [SEG_ACT].

User: Please segment “The green, rectangular sofa with a smooth texture that remains stationary in the room”.

ReVIOSa: Sure, it is [SEG ACT].

User: Please segment “adult handing toy to child”.

ReVIOSa: Sure, it is [SEG ACT] and [SEG TAR]

User: Please segment “Toy being handed by adult to child”.

ReVIOSa: Sure, it is [SEG_ACT] and [SEG_TAR].

User: Please segment “Child receiving toy from adult”.

ReVIOSa: Sure, it is [SEG ACT] and [SEG TAR]

Figure A12. Qualitative results with diverse expression variations. As the given expression changes, ReVIOSa precisely localizes
the corresponding objects accordingly, demonstrating robust and fine-grained understanding across both standard RVOS and InterRVOS
setting.



“A light-colored stool with a yellow toy on top
being reached for by a child in a blue shirt”

Stool 0

Toy 0 (Small Object)

child

“Hand offering a treat to dogs” Hand O Treat o (Small object) Dogs o (Inconsistent Masks)

o

“fluffy light brown dog being offered by hand
with light-colored food item” Brown Dog Hand O Food Item 0 (Small object)
- - ; e i ? 2,« " -

e

Figure A13. Failure cases.



[Referring Expressions]

Object [0]

"The person wearing a plaid shirt and gloves reaching toward and unwrapping the foil-wrapped object with their hands"
Object [1]

"The object moving around the space, handling a metal bowl wrapped in foil before walking towards a table and setting it down"
"The person wearing a dark blue patterned long-sleeve shirt and jeans"

Object [2]

"Object standing in place with a hand in pocket"

"Adult wearing a red long-sleeved shirt, blue jeans, and white shoes"

Objects [0], [1]

"People working together to unwrap foil"

"The one in plaid shirt and the one in dark blue patterned shirt working together to unwrap foil"

[Actor-Target Expressions]

Actor [0] / Target [1]

"person handing to person"

"person in plaid shirt handing to person in dark blue pattered long-sleeve shirt"
Actor [1] / Target [0]

"Person receiving item from person"

[Referring Expressions]
Object [0]
"Young child with light brown hair and a red shirt featuring a superhero logo"

"Object moving arms back and forth while drawing"

Object [1]

"The man wearing a bright red sweater, with short hair and a focused expression, interacting with a child"
Objects [0], [1]

"The child and the man interacting at the table"

[Actor-Target Expressions]

Actor [0] / Target [1]

"child being assisted by man in drawing"

"young child with red superhero shirt being assisted by man in bright red sweater in drawing"
Actor [1] / Target [0]

"Man helping a child"

"Man in bright red sweater helping child with superhero shirt"

Figure A14. Examples of InterRVOS-127K.



[Referring Expressions]
Object [0]
"Person wearing a white T-shirt with a logo on the back and red pants, standing with hands on hips, moving towards the open car

trunk, bending slightly forward, and returning to a standing position facing the car"

"Object standing with hands on hips, moving towards the open car trunk, bending slightly forward, and returning to a standing
position facing the car"

Object [1]

"Adult in a light-colored shirt, dark knee-length shorts, and sneakers with red and white detailing"

Object [2]

"Object shifting position slightly and gesturing with a hand as it moves towards the back of a car"

"Adult in a white short-sleeved shirt, dark shorts, and dark shoes, shifting position slightly and gesturing with their hand as they
move towards the back of a car"

Object [3]

"The sporty white car with various decals and a prominent spoiler that remains stationary with its rear compartment opened and
inspected"

Objects [0], [2]

"People moving around a car"

[Actor-Target Expressions]

Actor [0] / Target [3]

"person working on car"

"person with logo on back working on sporty white car with decals"

Actor [3] / Target [0]

"Car being worked on by person"

Actor [1] / Target [2], [3]

"Person listening to person and looking at car"

"Man in light-colored shirt listening to man in white shirt and looking at sporty white car"
Actor [2] / Target [1], [3]

"Person explaining to person and car"

"Adult in white shirt explaining to adult in light-colored shirt and sporty white car"
Actor [3] / Target [1], [2]

"Car being discussed by people"

"Sporty white car with decals being discussed by light-shirt person and white-shirt person"

Figure A15. Examples of InterRVOS-127K.
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Stage 1 : Single object information (GPT-40)

<task>
You are given a video where specific objects are highlighted. Your task is to describe only the highlighted object, focusing
on both its visual appearance and how it moves or changes position throughout the video.
</task>
<objectives>
1. Provide a localized caption that describes:
- The visual appearance (color, shape, texture, category, etc.) of the highlighted object.
- The object's motion or spatial movement (e.g., moving left, jumping, rotating).
2. Do not mention any other objects that are not highlighted.
3. Use only the information that can be visually confirmed from the video. Do not infer or assume anything that is not
clearly visible (e.g., names of people, unobservable intent or unseen background).
4. Do not refer to the red highlight, colored contour, or any visual marking used to identify the object. Focus only on
the object’s inherent visual and behavioral properties.
5. Use clear, concise language that reflects what is visually and spatially observable from the highlighted object only.
6. The object's motion description must refer to the same highlighted object whose appearance you just described. Do
not describe movement of unrelated objects, background elements, or the overall scene.
7. If the highlighted object is stationary or only slightly moving, describe that accurately. Do not fabricate or exaggerate
movement based on nearby motion.
</objectives>
<inputDetails>
- The input is a short video clip containing multiple objects.
- One or more objects are highlighted using a colored contour around their boundary.
- The video is designed to preserve the object's appearance and provide visual cues for its motion across frames.
- Focus only on the object with the colored boundary, but do not describe the boundary or outline itself in your output.
</inputDetails>
<objectClass>
- The object class is "{kwargs["obj_class"]1}"
- Use this information only to support your understanding of what kind of object to describe.
- However, you must describe the object that is visually highlighted in the video (e.g., marked with a red boundary or
mask).
- If there are multiple objects of the same class in the scene, focus solely on the highlighted one, even if others appear
more salient or central.
</objectClass>
<outputFormat>
Provide two distinct sentences in a single paragraph form:
1. Describe what the object looks like (e.g., "A small brown dog with curly fur and a blue collar.")
2. Describe how the object moves or behaves in the video (e.g., "It runs from left to right across the grassy field,
occasionally looking back.")
Avoid describing things that cannot be visually confirmed from the video.

</outputFormat>

Figure A17. Stage 1: Input prompts to GPT-40. We provide GPT-40 with preprocessed video frames in which objects are highlighted
using labels and colored masks. This stage aims to extract localized information for each object, including both appearance and motion
attributes.



Stage 2 : Single and multi-instance referring expressions (LLaMA-70B)

Stage 2-1 : Single object referring expressions

"role": "system",
"content": (
You are an assistant that generates referring captions for a single object in a video.
You will be given two descriptions of the object:
- An appearance description (what it looks like)
- A motion description (how it moves or changes position)
Your task is to convert these descriptions into natural referring expressions, while preserving as much information as
possible.
Generate three outputs:
1. A caption that combines both appearance and motion (key: 'all')
2. A caption that uses only the motion (key: 'motion")
3. A caption that uses only the appearance (key: 'appearance')
IMPORTANT RULES:
- Rewrite each caption as a referring expression, not a full sentence.
- Use singular form only. Never use plural expressions like 'they' or 'their'. Assume the object is a single entity.
- Do not use the word ‘figure’. Use an alternative. Especially for the “motion’ description, use terms like ‘object’ or others
that do not imply appearance.
- Do not omit details from the input descriptions. Keep the meaning and key attributes intact.
- Rephrase only as needed to make the output sound like a natural referring phrase.
- Do NOT add new information or hallucinate.
- Avoid phrases like 'The object is' or 'This is'.
Output must be in the following strict JSON format: {
"all": "<caption combining appearance and motion>",
"motion": "<caption using only motion>",

"appearance": "<caption using only appearance>"

}

"role": "user",

"content": (

f"appearance_caption: {gpt_appearance_caption},

f"motion_caption: {gpt_motion_caption}

Please generate the referring captions in the specified JSON format, following the rules above.

)

Figure A18. Stage 2 (Single-object case): Input prompts to LLaMA. Using the object-level descriptions generated in Stage 1, we prompt
LLaMA to produce diverse referring expressions. For single-object cases, we decompose the description into three types: appearance-only,
motion-only, and combined expressions.



Stage 2 : Single and multi-instance referring expressions (LLaMA-70B)

Stage 2-2 : Multi-instance referring expressions

"role": "system",

"content": (

You are an assistant that analyzes multiple objects in a video based on their motion captions.

Your task is to determine whether any objects can be grouped together into a  single referring caption, based on whether
they:

1. Belong to the similar object class (e.g., person, hand, cup, phone)

2. Share semantically similar motion behaviors

3. Are describing the same primary object (not just interacting with the same object)

IMPORTANT RULES:

- For each object, only consider the main object being described in its motion caption.

Do NOT merge objects that describe different entities, even if similar objects are mentioned in the background.

- For example, 'A hand holding a phone' and 'A phone moving near the face’ describe different main subjects (hand vs.
phone) and should NOT be merged.

- If the motion captions indicate that the objects are stationary or show no meaningful movement, then do NOT merge
them.

Only merge objects that share clear and active motion behaviors (e.g., crawling, lowering, walking, waving, spinning,
moving around, sitting at a couch, watching TV).

Output Format (JSON only):

- 'merged': 'YES' or NO'

- 'merged_objects': List of object IDs that were merged (or null if no merge)

- 'merged_caption': Referring caption describing the shared motion (or null if no merge)

Stylistic Rules for merged_caption:

- Use explicit object class (e.g., 'the people', 'the cups') — do not use pronouns like ‘they'.

- Write a referring-style phrase, not an explanatory sentence. Example: 'People walking side by side', not 'The people are
walking...'

- Your output must be valid JSON. No extra text or commentary.

)

"role": "user",

"content": (

f"obj_captions: {video_objs_caption_dict}

Please determine if any objects can be merged based on object class and motion similarity and return the result in the
specified JSON format.

)

Figure A19. Stage 2 (Multi-instance case): Input prompts to LLaMA. For videos containing multiple objects with similar motion, we
prompt LLaMA to determine whether they should be merged into a single referring expression. The decision is made based on motion
similarity.



Stage 3 : Interaction information (GPT-40)
—V —

<task>
You are given a video in which multiple labeled objects appear. Your task is to identify any visible interaction between the
labeled objects, determine the type and direction of interaction, and describe it appropriately.
</task>
<objectives>
1. Determine whether any interaction is visually observable between the labeled objects.
2. If yes, classify the interaction as:
- "bidirectional" (e.g., mutual interaction like "[2] and [3] are dancing together")
- "unidirectional" (e.g., directional interaction like "[0] is handing something to [1]")
3. For each interaction:
- If bidirectional — provide one sentence describing the mutual interaction.
- If unidirectional — provide two sentences:
- One where the initiator is the subject
- One where the receiver is the subject (in passive form)
- Include all objects that are directly or indirectly involved in the interaction in the "object_pair" list.
- If the interaction is "unidirectional’, provide one sentence for each object in “object_pair’, using that object as
the grammatical subject.
- For example, if “object_pair is ["[0]", "[1]", "[7]"]", there should be three sentences:
- One with [0] as the subject
- One with [1] as the subject
- One with [7] as the subject
4. Interactions involving more than two objects (e.g., [0], [1], [2]) should be described as a group if they jointly participate
in the same action.
5. Always refer to objects using their exact labels like "[1]", "[2]", etc.
6. Only describe interactions that are visually verifiable—do not infer hidden intentions, emotions, or relationships.
</objectives>
<inputDetails>
- The input video contains labeled objects with the following identifiers:
{kwargs["valid_obj_ids"]}
- These are the only valid object labels. You must not use or invent any other object identifiers.
- Each object is highlighted with a colored outline.
</inputDetails>
<additionallnput>
The following object categories are provided as prior knowledge:
obj_categories = {kwargs["obj_categories"]}
These categories may guide your understanding of plausible interactions, but your final decisions must rely strictly on
visual evidence.

</additionallnput>

(continue)

Figure A20. Stage 3: Input prompts to GPT-40. We provide GPT-40 with preprocessed frames highlighting all objects with labels and
colored masks. This stage focuses on detecting interactions between objects and generating detailed descriptions of their relationships.



Stage 3 : Interaction information (GPT-40)
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<reasoningSteps>
Step-by-step reasoning:
1. Consider only the labeled objects: {kwargs["valid_obj_ids"1}
2. Do not assume the existence of any other object labels (e.g., [0], [3] are invalid).
3. Examine all valid pairs and groups of the provided objects.
4. For each candidate interaction:
a. Observe their motion, spatial alignment, and relative timing.
b. If interaction occurs:
i. Classify it as bidirectional or unidirectional.
ii. For unidirectional, determine initiator and receiver based on visual cues.
c. After writing the descriptions:
- Ensure that every object in ‘object_pair’ appears as the grammatical subject of at least one sentence.
5. Construct appropriate descriptions accordingly.

6. If no interactions are observed, return interaction = "NO".

</reasoningSteps>
<outputFormat>
{
"interaction": "YES" or "NO",
"interactions": [
{{
"object_pair": [v-[l]n’ n[z]u]'
"type": "bidirectional",

"descriptions": [
"Object [1] and object [2] are shaking hands."
]
1t
{{
"object_pair": ["[8]", "[2]"],
"type": "unidirectional",
"descriptions": [
"Object [8] is pointing at object [2].",
"Object [2] is being pointed at by object [8]."
]
1}
1 or None
1}
</outputFormat>
<selfCheck>
Before finalizing your output:
- Double-check that every object mentioned in the descriptions is present in the object_pair.
- Double-check that each object in the object pair appears as the grammatical subject in at least one sentence.

</selfCheck>

Figure A21. Stage 3 : Input prompts to GPT-40. We provide GPT-40 with preprocessed frames highlighting all objects with labels and
colored masks. This stage focuses on detecting interactions between objects and generating detailed descriptions of their relationships.



Stage 4 : Interaction referring expressions (LLaMA-70B)

Stage 4-1 : Bidirectional

"role": "system",
"content": (
You are an assistant that generates referring captions describing interactions between objects in a video.
Input:
-'obj_captions" a dictionary of object IDs mapped to their appearance descriptions
- 'interaction_description': a natural language sentence involving object IDs (e.g., 'Object [0] and object [1] are
sparring.")
Your task is to generate two types of referring captions by replacing the object references in the
interaction_description with natural expressions that identify them:
1. class_level: Use high-level object class names only (e.g., 'person’, 'child')
2. appearance_level: Use short, distinguishing appearance descriptions (not full captions, just enough to tell them apart)
Output Format:
- Return a dictionary in JSON format with the following two keys:
- class_level
- appearance_level
Stylistic Rules:
- Referring captions must be concise and natural phrases (not explanatory sentences)
- Do NOT write full explanatory sentences like 'The A is doing B with the C'
Instead, write expressions like 'A doing B with C' or 'The one in red jacket sparring with the one in white shirt'
- You may omit verbs like 'is' or 'are' to keep the sentence minimal and referential in style
- Do NOT use pronouns like 'they' or 'their’.
- Do NOT write full sentences like 'The people are...". Instead, write: 'People sparring with each other'.
- If both objects belong to the same class, you may use a plural collective form like 'People’, 'Children’, etc.
- The appearance-level caption should reflect just enough visual detail from obj_captions to distinguish the two objects
naturally.

)

"role": "user",

"content": (

f"obj_captions: {obj_captions}
f'interaction_description: {interaction_description}

"Please return your response as a JSON dictionary containing the referring captions.”

)

Figure A22. Stage 4 (Bidirectional case): Input prompts to LLaMA. We prompt LLaMA using interaction-level descriptions generated
in Stage 3. Appearance and class information from Stage 2 are injected into each entity, indicated by labeled placeholders (e.g., [0]).



Stage 4 : Interaction referring expressions (LLaMA-70B)

Stage 4-2 : Unidirectional

"role": "system",
"content": (
You are an assistant that generates referring captions describing interactions between objects in a video.
Input:
- obj_captions: a dictionary of object IDs mapped to their appearance descriptions
- interaction_description: a natural language sentence involving object IDs (e.g., 'Object [0] is hugging object [1]')
- subject_id: the ID of the object performing the action
- object_id": the ID of the object receiving the action
Your task is to generate two types of referring captions:
1. class_level: Use object class names only (e.g., 'person’, 'cup', 'bear")
2. appearance_level: Use short, distinguishing appearance descriptions (not the full description — just enough to
distinguish the object)
Output Format:
- Return a JSON dictionary with keys:

- class_level

- appearance_level
Important Rules:
- Carefully reflect the subject (agent) and object (recipient) roles as provided in subject_id and object_id.
- Do NOT follow the order in the sentence — follow the subject-object mapping explicitly.
- The referring captions must be short, descriptive, and in the form of natural referring phrases — not full explanatory
sentences.\n"
- Avoid structures like 'The A is doing B to the C'. Instead, use expressions like:

- 'Parrot watching at person'
- 'Person feeding a rabbit'

- Do NOT use pronouns like 'they' or 'their".
- The appearance-level caption should reflect just enough visual detail from obj_captions to distinguish the two objects
naturally.

)

"role": "user",

"content": (

f"obj_captions: {obj_captions}

f"interaction_description: {interaction_description}

f"subject_id: {subject_id}

f"object_id: {object_id}

Please return your response as a JSON dictionary containing the referring captions.

Do not include any other description, explanation, or formatting — just the JSON dictionary.

)

Figure A23. Stage 4 (Unidirectional case): Input prompts to LLaMA. In cases where the interaction is classified as unidirectional,
LLaMA additionally predicts actor object and target object identifiers. This enables us to assign distinct segmentation mask tracks to each
role.
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