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Abstract

Video Situation Recognition (VidSitu) addresses the challeng-
ing problem of “who did what to whom, with what, how, and
where” in a video. It tests thorough video understanding
by requiring identification of salient actions and associated
short descriptions for event roles across multiple events.
Grounding with VidSitu requires spatio-temporal localiza-
tion of key entities across shots and varied appearances.

We posit that coherent video understanding requires con-
sistent identification of entities that play different roles. We
propose Multimodal Entity Coreference (MEC) to unite en-
tity descriptions in text with grounding across the video. To-
wards this, we introduce CineMEC, a multi-stage approach
that unites event role mention groups with visual clusters of
entities, without explicit grounding supervision during train-
ing. Our approach is designed to exploit the synergy between
visual grounding and captioning, where improving one influ-
ences the other and vice versa. For evaluation, we extend the
VidSitu dataset with grounding annotations. While previous
work focuses primarily on descriptions, CineMEC improves
consistency across both: captioning (+2.5% CIDEr, +7%
LEA) and visual grounding (+18% HOTA).

1. Introduction

In The Pursuit of Happyness, a scene features Chris Gardner
watching his son play basketball. Holistic understanding
of this video (Fig. 1) requires going beyond a sequence
of actions such as throw or walk and identifying who is
throwing (the boy), what is being thrown (the basketball),
who is watching (the man), and where is the action happening
(on the rooftop). Humans are naturally good at this and we
also build a narrative around entities (people and objects).
Moreover, by watching entities evolve over time, we are able
to reason about their interactions and answer questions such
as who is doing what and where. However, models struggle
with such compositional associations [52].

A notable step towards the task of video semantic role la-
beling (SRL) is Video Situation Recognition (VidSitu) [51].

Event 1:  0 - 2s

Event 2:  2 - 4s

Event 3:  4 - 6s

Event 4:  6 – 8s

Event 5:  8 - 10s

Verb run play
Arg0 man in suit man in blue suit
Arg1 boy in blue shirt man in blue jacket
Arg2 - man in blue suit
Scn on roof top in a park

Verb throw shoot
Arg0 boy in blue shirt man in blue jacket
Arg1 a basketball a basketball
Arg2 from ground man in blue shirt
Scn on roof top in a park

Verb throw fall
Arg0 boy in blue shirt man in blue suit
Arg1 a basketball -
Arg2 from ground -
Scn on roof top in a park

Verb walk play
Arg0 man in suit man in blue suit
Arg1 - man in blue shirt
Arg2 - man in blue shirt
Scn on roof top in front of building

Verb look play
Arg0 man in suit man in grey suit
Arg1 boy in blue shirt man in blue suit
Scn on roof top on a sidewalk

MEC (Ours) Baseline

Figure 1. Given a video, we present our model’s outputs high-
lighting Multimodal Entity Coreference (MEC) in comparison to a
baseline (GVSR). Each event is tagged with the salient verb and
its corresponding semantic roles (e.g. Arg0, Arg1). MEC enforces
entity-level consistency across events: the boy in blue shirt, man in
suit, and basketball are tracked, linked, and described with a unique
caption across the entire video. In contrast, the baseline produces
erroneous and inconsistent captions while referring to someone.

Here, a video is described using a structured label space
by splitting it into multiple short events, each with a
salient action/verb, and tagging corresponding semantic roles
(e.g. agent, patient) with descriptive arguments. An exten-
sion, Grounded Video Situation Recognition (GVSR) [25],
argues that there are multiple correct ways to describe the
same entity and thus aims to ground them in the video.
Specifically, they identify a single most relevant bounding
box for each SRL. However, in both, SRLs and their ground-
ing are treated independently across events. They overlook
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the entity-centric perspective and do not connect the entity’s
identity with multiple roles the entity plays, neither in SRLs,
nor in the visual appearance across the video. This results in
inconsistent understanding across video events (see Fig. 1).

To highlight this challenge, we formulate a new task
Multimodal Entity Coreference (MEC) that aims to unite
entity descriptions with corresponding visual tracks across
the video. We formalize MEC for VidSitu as 4 sub-tasks:
(i) predict salient verbs for each event; (ii) identify entity
role groups across events; (iii) cluster visual entity mentions
(boxes) throughout the video and link them with role groups;
and (iv) generate entity-centric SRLs. Thus, MEC unites
multimodal entity mentions (event roles, SRLs, and visual
boxes) across the video. For example, Fig. 1 shows that
CineMEC recognizes that the boy in blue shirt takes on the
role of thrower (agent) of the baskbetall (thing), and later
receives the attention (is looked at) from the man in suit.
Simultaneously, all entities are also grounded in the video
with boxes that span across all frames.

Challenges of video MEC. Recently, MEC has been studied
in images [18, 19], where rich image narratives are formed
by linking entity mentions to bounding boxes. However, the
temporal dimension in videos significantly increases com-
plexity as entities interact dynamically over time and take on
different roles. Additional visual and linguistic challenges
make the problem even harder in edited videos (movies):
(i) Visually, identifying the same entity across shots is hard
as their appearance is different from varying viewpoints,
may be (partially) occluded, or even absent from the view.
Addressing these requires incorporating high-level semantic
reasoning about entity roles, context, and their evolution
across events. (ii) Linguistically, the same entity may be
described in multiple ways due to different shot types (e.g.
“man in suit” in a long shot or “man with dark hair” in a
close-up). However, for coherent understanding, it is crucial
to use the same caption for an entity across events. With
multiple entities in a video (typical in movies), generating
consistent and discriminative captions to uniquely identify
entities is even more crucial. Note, these challenges are not
considered by modern grounding-aware approaches [37, 40].

Our approach. We propose CineMEC, a four-stage ap-
proach that follows an entity-centric perspective to address
MEC in VidSitu. (i) We cluster visual entity representations
across video frames on-the-fly and use them to inform entity
role representations. (ii) We group event roles across the
video to promote consistent entity descriptions even when
an entity takes on different roles across events. (iii) A cluster
assignment module facilitates linking visual clusters with
these entity role groups. (iv) Finally, the relevant visual
cluster is fed to the captioner to encourage generation of a
consistent SRL for the entity group throughout the video.

Our approach is not supervised with ground-truth visual
clustering or localization and derives its weak learning signal

purely from SRLs. As the captions are derived from visual
cues of tracked entities, the approach includes a synergistic
loop: supervising SRL captioning improves visual cluster-
ing, and better visual clustering in turn results in improved
entity role grouping and captioning. Empirically, CineMEC
delivers substantial improvements on captioning entities with
consistency and grounding and tracking them across shots.

Contributions summary. (i) We propose video Multimodal
Entity Coreference that unifies the identity (textual descrip-
tion) of each entity that plays multiple semantic roles, with
localization and tracking across the entire video. (ii) We
propose CineMEC, a multi-stage architecture for addressing
MEC in video situation recognition. Our approach features
a synergistic improvement loop between visual clustering,
entity role grouping, and captioning while being weakly
supervised only with SRL captions. (iii) We empirically
demonstrate the effectiveness of CineMEC and see perfor-
mance improvements across both vision and language met-
rics: captioning (CIDEr 2.5%), captioning with a unique
description (LEA 7%), localization (IoU@0.5 13%), and
tracking (HOTA 18%). (iv) We present several experiments
showing ablations of each module and highlighting the syn-
ergy between entity role captioning and visual clustering. To
support evaluation, we extend the VidSitu dataset (val, test)
with visual box annotations, released for future work.

2. Related Work

Fine-grained video understanding. Beyond traditional
coarse action recognition [6, 16, 17, 56, 66, 69], text-video
retrieval [3, 38, 70], or video captioning [9, 10, 49, 54],
fine-grained tasks require a structured or localized in-
terpretation of actions, events, and participating entities.
They can be broadly classified as: (i) vision-centric chal-
lenges such as temporal event localization [15, 21, 55, 83],
spatio-temporal action detection [17, 58], and visual track-
ing [4, 11, 12, 47, 74]; and (ii) video-language tasks such as
dense video captioning [22, 72, 84], video question answer-
ing [13, 20, 29, 59, 77], referring expression grounding and
segmentation [24, 32, 41, 50, 71].

In parallel, similar to image scene graphs [27], video
scene graphs have been explored to associate semantic de-
scriptions with visual entities [7, 23, 34, 42, 64, 75]. How-
ever, video scene-graph generation (VidSGG) often lacks
support to generate free-form captions or consistently main-
tain entity identity across repeated instances of the same
class. Another structured and holistic task is video situation
recognition or VidSitu [51], where our work lies.

Video situation recognition. VidSitu involves predicting
salient actions per event and generating SRLs (or captions)
of participating entities in the event roles [51]. A consistent
description across events is desirable to preserve entity iden-
tity and is quantitatively measured with the LEA [39] score.
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Several approaches have worked on VidSitu: HostSG [82],
driven from the VidSGG lens, frames the task as pairwise
mapping of event roles into an entity graph; OME [73] mod-
els verbs as changes in visual states of people; ClipSitu [63]
uses unpooled frame features to describe event roles; and
TypesDev [68] adopts vision-language models and retrieval-
augmented generation to obtain demos during inference.

Closest to our work, GVSR (VideoWhisperer) [25] intro-
duced weakly-supervised grounding of SRLs, but restrict
grounding to one box per role. Further, role captions are
predicted independently and often fail to unite occurrences
of the same entity across events. In contrast, our approach
explicitly groups all entity mentions across the video and per-
forms SRL conditioned on its corresponding visual cluster,
enabling identity-aware and entity-consistent outputs.

Multimodal Entity Coreference. The language community
has extensively studied coreference resolution [5, 14, 60]
and its variants [36]. Recently, it has been extended to image
narratives [18, 19], where textual mentions are linked with
bounding boxes to form coherent, entity-centric descriptions.
However, extending MEC to videos is not trivial and requires
tracking entities across shot changes, resolving changing en-
tity roles, and aligning mentions with visual tracks. Prior
efforts in identity-aware audio description (or multi-video
captioning) [43, 46, 49] focused on characters and coref-
erence, but only in text. Differently, our approach jointly
resolves textual and visual mentions across events, enabling
coherent, entity-aware, and structured video understanding.

Grounding in MLLMs. Early works (e.g. VideoChat-
GPT [35], Video-LLaMA [80]) primarily focused on conver-
sational abilities and used visual features without grounding
mechanisms. More recent advances (e.g. Qwen2.5-VL [45],
VideoLLaMA3 [78]) demonstrate temporal understanding
through dynamic frame-rate sampling or absolute time en-
coding and enable event localization in extended videos.

There is also notable progress in MLLMs developed
for unifying visual segmentation with language [2, 8, 28,
40, 41, 44, 79]. For example, pixel grounding is achieved
through off-the-shelf tracker and grounding modules (PG-
Video-LLaVA [41]), or extensions with dual vision encoders
that emphasize spatio-temporal details (VideoGLaMM [40]).
A complementary approach, Open-o3 Video [37] features
explicit spatio-temporal evidence in text highlighting times-
tamps and bounding boxes to ground responses. How-
ever, the above methods struggle with structured predictions,
grounding multiple entities, and coreference across multiple
text mentions and visual appearances across shots. Our work
differs in multiple ways: (i) we focus on entity coreference
in both text and video as entities take different roles and
appearances across events; (ii) during training, we do not
need costly visual segmentation/tracking annotations as su-
pervision is derived from SRL captions; and (iii) our model
enables structured prediction for VidSitu.

3. CineMEC for Video Situation Recognition

MEC for VidSitu is characterized by four interlinked tasks.
Given a video V with multiple short events S = {si}, the
tasks are defined as follows. (i) Verb prediction recognizes
the action label vi associated with each event si. Next, a set
of rolesRi = {r | r ∈ P(vi)} is obtained via a determinis-
tic verb-role map P defined in VidSitu [51]. (ii) Entity role
grouping identifies a unique set of entities G = {Gj}Jj=1

in the video by creating identity labels for each event role
M = {Mik}. Mik indexes an entity for the kth role of event
si. (iii) Entity cluster assignment maps each entity group
Gj to a visual cluster through attention scores. The cluster
is represented as a subset of boxes among all proposals B
extracted from sub-sampled video frames to form a track.
(iv) Finally, semantic role labeling describes the entity group
Gj with Cj , different from the original formulation that has
independent captions for each event role pair Cik.

Background: GVSR [25]. In contrast to prior works that
focus mainly on verb prediction and SRL, GVSR extends
SRL with weakly supervised grounding, albeit to a single
box for each event role independently. Its architecture, Vide-
oWhisperer, is organized around three key modules. (i) The
Video-Object encoder (VO) is a Transformer encoder that
aligns event-level video features with object features de-
tected across sampled frames, producing contextualized rep-
resentations of both events and entities. VO’s event embed-
dings are used directly for verb prediction (v̂i). (ii) The
Role-Object decoder (RO) is a Transformer decoder where
each event role (query) applies cross-attention to contextu-
alized object embeddings. Grounding is inferred by select-
ing the object with maximum attention, effectively linking
each role to the most relevant entity in one frame. (iii) A
Captioner, also a Transformer decoder, generates SRL cap-
tions conditioned on outputs of the RO decoder.

While GVSR enables role-wise captioning and single-
frame grounding, it does not group multiple roles of a single
entity and its grounding is restricted to one frame. This re-
sults in fragmented identities across roles and disjoint boxes
for the same entity. To overcome these limitations, we extend
GVSR’s architecture with three new modules (Fig. 2): (i) Vi-
sual Clustering groups box proposals into clusters (Sec. 3.1);
(ii) Role Grouping links entity mentions across events into
groups (Sec. 3.2); and (iii) Entity Cluster Assignment as-
signs entity groups to visual clusters using cross-attention
(Sec. 3.3). These additions enable multi-role reasoning, vi-
sual grounding, and captioning, and present an entity-centric
framework for holistic video understanding.

3.1. Entity Visual Clustering (EVC)

Tracking an entity across an entire video is challenging, par-
ticularly due to frequent shot boundaries where conventional
trackers fail. The VidSitu dataset features scenes with 2.89
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Figure 2. CineMEC extends GVSR’s VO encoder , RO decoder , and Captioner modules with entity-specific modules for Visual Clustering
(EVC), Role Grouping (ERG), and Cluster Assignment (ECA). We produce four outputs: (A) verb predictions and mapping to specific
event-role queries, (B) visual clusters derived from object box proposals, (C) event role mention groups, and (D) entity-consistent captions
after assigning entity role groups with the corresponding visual cluster. CineMEC is trained with verb, entity role group, and caption
supervision, and the latter provide weak supervision for visual clustering and cluster assignment. The architecture enables synergy between
vision-language to produce coherent visual clusters and captions across multiple roles played by an entity.

shot changes on average, high for a 10 second video. We ad-
dress this challenge with a local-to-global strategy: a tracker
first links entities across frames within a shot and subsequent
modules cluster tracks on-the-fly.

Similar to GVSR [25], we subsample F = {ft}Ft=1

frames from the video V . Each frame ft has up to L pro-
posal boxes that are linked into within-shot tracks using a
prompt-free object tracker. Together with event features, the
representations of all box proposals are contextualized via
the VO encoder to obtain xo

tl (for box l of frame ft).
Next, we link these within-shot tracks across the video by

clustering xo
tl using the unsupervised FINCH algorithm [53]

(see Appendix E for details). This produces a set of visual
clusters T = {Tn}Nn=1, where each cluster corresponds
to a candidate entity spanning the video. To incorporate
the clustering knowledge for downstream modules, we add
new cluster id embeddings to xo

tl, yielding cluster-aware
box representations x′o

tl . These encourage event role queries
in the RO decoder to attend to visual clusters rather than
fragmented per-frame detections.

The RO decoder produces role-specific representations
zik for event si and role rk. An additional cross-attention
layer (CA1) is used to compute multimodal entity role fea-
tures z′ik and the cross-attention map A ∈ R(i∗k)×(t∗l) cap-
tures the affinity between event roles and box proposals.

3.2. Entity Role Grouping (ERG)
The multimodal entity role features z′ik from CA1 contain
information about roles and visual clusters, unlocking rea-
soning about entity identity in the video. A key challenge
is that the same entity may appear in different roles across
events, setting up the text coreference problem. Here, ERG’s

objective is to link all event role mentions that refer to the
same entity. Unlike EVC, where ground-truth visual clus-
ters are unavailable, we use the SRL annotations to provide
supervision for ERG during training1.

To group event roles, we adopt an auto-regressive formu-
lation framed as a sequence prediction problem [46]. Our
intuition is based on how humans understand a streaming
video. As we encounter new events and roles, we asso-
ciate the actors with previously identified entities or create
new ones. Concretely, we train a Transformer decoder that
takes the sequence z′ik as input and predicts role mention
identifiers M̂ik (a unique id for each predicted entity). The
decoder is trained sequentially with a causal mask so that
future predictions do not influence the current step. During
training, we stabilize learning using teacher forcing.

During inference, the predicted mapping M̂ for each
event role is converted to Ĝ, a set of entity role groups each
mapping to the same entity: Ĝ = {Ĝj}Jj=1, where J is
the number of predicted entity role groups and the group
Ĝj = {(i, k) | M̂ik = j} is the set of event si role rk
indices mapped to the same jth entity. Next, we use these
role groups to compute entity-to-visual cluster assignment.

3.3. Entity Cluster Assignment (ECA)
While ERG consolidates all entity role mentions that refer
to the same entity, this grouping alone does not establish a
consistent link to the visual modality. To bridge this gap, we
introduce Entity Cluster Assignment (ECA) that explicitly
associates each entity role group with a single visual cluster.

1In VidSitu, each entity is annotated with a unique caption across roles.
Thus, we derive gold mention clusters with string matching. However, text
coreference approaches may also be used.
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ECA grounds each entity to the most relevant visual clus-
ter using the attention scores A ∈ R(i∗k)×(t∗l) from CA1.
We compute this assignment by aggregating attention scores
within role groups and visual clusters. First, for each visual
cluster Tn (from EVC), we sum the attention scores of its
constituent boxes. Then, for each predicted entity group Ĝj ,
we accumulate attention scores across its role mentions. The
combined attention map is Â ∈ RJ×N and each element
Âjn =

∑
g∈Ĝj

∑
b∈Tn

A[g, b]. Next, for each entity group,

T̂j = argmaxn Âjn is identified as the maximally attended
visual cluster. Thus, Ĝj ⇔ T̂j complete the MEC objective
of associating each entity role group with a visual cluster.

Updating role embeddings for captioning. Given the
entity-cluster assignments, we revisit the role-specific em-
beddings (zik) to ensure consistency during captioning.
Specifically, all role mentions linked to the same entity group
Ĝj are constrained to attend only to the visual boxes belong-
ing to their assigned cluster T̂j . To enforce this, we reuse
parameters of the CA1 layer but replace its attention map by
a fixed attention map A′ with uniform weights for indices
of mapped role groups and visual clusters and 0 elsewhere.
For simplicity, we refer to this layer as CA2. The outputs of
CA2 are visual cluster restricted entity-aware role embed-
dings z̃ik = CA2(zik,x′o

tl ;A′). As all event roles in group
Ĝj attend only to boxes in T̂j (with equal weight), they are
encouraged to learn entity consistent visual representations.

Captioning. The entity-aware embeddings z̃ik are passed to
the Captioner (a Transformer decoder) to generate the SRLs.
In fact, we can generate them in two ways: (i) independently
for each event role using z̃ik, or (ii) for each entity group
Ĝj by mean pooling entity-aware embeddings within the
group. During training, we observe that the model benefits
from obtaining supervision from both paths, while during
inference, we generate captions directly at the entity level.

Our approach yields multiple advantages: (i) during infer-
ence, an entity-level caption remains consistent across events
and roles played by that entity; (ii) during training, the model
is encouraged to learn similar representations for individual
roles z̃ik within the group Ĝj and the mean pooled represen-
tation z̃j as they have the same target caption; and (iii) by
controlling A′, the captioner is forced to ground its predic-
tions exclusively in the visual evidence of the assigned track.
By avoiding interference from other entities, we improve the
quality of generated captions, and address MEC.

3.4. Training and Inference

Training. CineMEC is trained for verb prediction, en-
tity role grouping, and captioning in a multi-task setup.
For verb prediction, we use the standard cross-entropy loss:
Lv
i = CE(v̂i, vi). For entity role grouping, we leverage

the annotation structure in VidSitu, where an entity is as-
signed the exact same caption across events. This allows

us to derive the ground-truth entity role mappingM. Since
ERG typically features a long-tail distribution, we adopt
the focal loss: Le

ik = FL(M̂ik,Mik). Finally, we supervise
captioning in two ways: First, a single entity group-level
caption is trained using the mean pooled embedding z̃j with
Lgc
j =

∑
w CE(Ĉw

j , Cw
j ), re-weighted by the number of

roles in the group. Second, individual role-level captions are
trained using z̃ik with Lrc

ik =
∑

w CE(Ĉw
ik, C

w
ik). Both cap-

tioning losses are applied autoregressively over each word w.
Finally, the overall training objective is the sum of all losses
with equal weights: L = Lv + Le + Lgc + Lrc.

Notably, we do not supervise the entity visual cluster-
ing (EVC) or entity cluster assignment (ECA) modules, as
ground-truth visual clusters with corresponding captions are
unavailable. Instead, the captioning and entity role grouping
losses act as weak supervision and the model is encouraged
to select clusters that align well with entities automatically as
only those clusters can support generation of the appropriate
caption. In this way, captioning acts as weak supervision for
both clustering and assignment.

A further advantage of our formulation is the synergy
between the linguistic and visual modalities. Accurate role
grouping in language helps the model attend to the correct vi-
sual cluster, making grounding and captioning more reliable.
Conversely, selecting the correct visual cluster reinforces
role grouping, since mentions grounded to the same entity
in RO are more likely to be assigned consistent entity ids.
Thus, improvements in one modality influence the other and
vice versa, tightly coupling multimodal entity coreference.

Inference. At inference time, given a video V , we predict
the salient verb v̂i for each event si. Next, we consider two
options to obtain roles: (i) based on the ground-truth verb
vi, or (ii) based on the predicted verb via the mapper P(v̂i).
Following previous work, we report these as separate exper-
iments. In the next stage, entity visual clustering and role
grouping are performed. We rely on the predicted mention
mappings M̂ to compute entity role groups Ĝ. Finally, we
predict a single caption per entity using the mean-pooled
embeddings. In summary, inference produces: (i) verb pre-
dictions v̂i, (ii) entity coreference across SRLs Ĝj , (iii) as-
sociation between entity role group Ĝj and visual cluster T̂j ,
and (iv) entity-consistent captions Ĉj .

4. Experiments

Implementation details. For a fair comparison to pre-
vious work, we adopt SlowFast [16] as the video back-
bone for |S|=5 events in the videos. We obtain object
tracks within a shot using the YOLOE-11 [65] prompt-free
tracker. Detections in subsampled frames are encoded us-
ing SigLIP2 [61] (with ROIAlign) as the object backbone.
Similar to GVSR [25], we sample frames at 1 fps from a 10
second video, resulting in F=11 frames. We cap box propos-

5



Table 1. Comparing CineMEC against previous work on VidSitu, extended to include localization. Metrics are grouped by subtask. For a fair
comparison, we also highlight the backbones used in each baseline: I3D [6], SlowFast (SF) [16], Motifs-TDE (M-TDE) [57], Faster-RCNN
(FR) [48], YOLOE-11 tracker [65] + SigLIP2 [61] (YS) features, and BLIP2 [30]. Trends on the test set are similar to the validation set.

Method Backbone
Verb Acc. SRL Localization

@1 @5 CIDEr LEA LEA-Soft IoU@0.3 IoU@0.5 HOTA

Va
lid

at
io

n

VidSitu-SlowFast [51] CVPR’21 SF 32.64 69.20 45.52 50.48 31.99 - - -
OME+OIE [73] AAAI’23 I3D 53.36 83.94 47.16 - - - - -
HostSG [82] ACMMM’23 M-TDE 56.15 86.33 55.09 55.70 35.01 - - -
ClipSitu [63] IJCV’25 X-CLIP - - 61.93 37.77 - - - -
TypesDev-ucofia [68] ICMR’25 BLIP2 47.23 - 90.12 38.36 44.02 - - -
VideoWhisperer [25] NeurIPS’22 FR + SF 45.06 75.59 68.23 48.22 43.93 41.29 17.43 11.28
CineMEC (Ours, old backbone) FR + SF 49.86 78.36 68.38 54.93 48.91 46.74 23.02 15.90
VideoWhisperer [25] NeurIPS’22 YS + SF 46.02 76.49 73.73 48.37 48.87 51.49 42.82 16.23
CineMEC (Ours) YS + SF 49.32 79.83 76.34 55.78 52.45 60.15 55.93 34.22
Human - - - 84.85 72.10 70.33 - - -

Te
st

VidSitu-SlowFast [51] CVPR’21 SF 33.94 70.54 47.25 50.88 33.50 - - -
VideoWhisperer [25] NeurIPS’22 FR + SF - - 68.04 48.77 44.57 40.36 16.89 10.81
VideoWhisperer [25] NeurIPS’22 YS + SF - - 73.21 48.61 48.36 51.26 42.13 16.02
CineMEC (Ours) YS + SF - - 75.73 55.06 51.16 59.64 55.33 33.81
Human - - - 83.68 71.77 70.60 - - -

als to L=15 for each frame, resulting in up to |B|=165 box
tokens per video. We support up to 6 roles per event, result-
ing in 30 event role queries, embeddings, entity maps (M)
and captions. We also annotate entity boxes for the val and
test sets, details and resulting statistics are in Appendix F.

All Transformer modules2 have the same configurations
with 3 layers, 8 attention heads, and hidden d=2048. The
ERG decoder is set to 2 layers. Visual clusters are obtained
through two levels of FINCH [53] clustering. The verb clas-
sifier is a single linear layer from d=2048 to 1560 verbs.
The entity id classifier in ERG is also a single linear layer
from d=2048 to a maximum of 30 entity IDs. We only con-
sider coreference for Arg0, Arg1, Arg2, and Location/Scene
roles as suggested in VidSitu [51]. We use the Adam opti-
mizer [26] with a learning rate of 10−4 and train the whole
model end-to-end on a single L40 GPU with batch size 32.

Metrics. For verb prediction, we report Acc@K, i.e. event-
level action accuracy against all ground-truth (GT) verb an-
notations. For SRL we report CIDEr [62], and test consistent
captioning of the same entity across roles with LEA [39] and
LEA-Soft [51] (a combination of LEA and CIDEr per en-
tity). A high LEA score is obtained when the same caption is
given to an entity across all its roles. For localization within
a frame we report IoU@θ as defined by GVSR [25]. While
this metric compares box predictions in a frame, we assess
models’ ability to cluster the entity through the entire video
with a tracking metric, HOTA [33]. A detailed discussion of
the metrics is in Appendix A. An ideal approach: (i) identi-
fies multiple roles of the same entity across the video (LEA),

2The VO encoder contains self-attention SA+MLP layers while the RO
decoder has CA+SA+MLP layers and operates in a non-autoregressive man-
ner. The ERG decoder and the Captioner are autoregressive Transformers.

(ii) performs visual clustering and entity cluster assignment
correctly (HOTA), and (iii) generates good captions (CIDEr).

4.1. Comparison to State-of-the-Art
In Tab. 1 we compare CineMEC against previous methods
for VidSitu. Closest to our work is the GVSR task and
VideoWhisperer (VW) model [25]. Here, we reproduce
VW’s results with the original Faster R-CNN (FR) proposal
box features, and also report results with our new YOLOE-11
tracker box proposals and SigLIP2 features (YS). For other
works, we report the scores as provided in their paper while
highlighting diverse feature backbones.

Except VW, other works do not perform localization and
their scores are left blank. As VW focuses on grounding to
a single box per SRL, they do not report metrics for visual
grounding across the entire video (HOTA). We compute
HOTA using a post-hoc entity grouping approach: roles with
identical predicted captions are grouped into entities, and
their detections are merged into visual clusters.

A recent work, TypesDev [68] achieves a high CIDEr
score (90.12) on VidSitu (surpassing human performance).
However, it follows a different retrieval-augmented gener-
ation pipeline to retrieve similar videos and leverage their
annotations during inference for prompting MLLMs. Nev-
ertheless, the poor LEA score (38.36) indicates that even
VLMs and LLMs struggle to describe an entity that plays
multiple roles with a unique caption. Additionally, TypesDev
does not perform grounding.

CineMEC establishes new state-of-the-art results across
multiple metrics. We improve over VW by +9 points on
IoU@0.3 and +12 points on IoU@0.5, and achieve a HOTA
score that is +18 points higher, owing to our role grouping
and visual clustering. For captioning, CineMEC beats VW
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Table 2. Results for the “predicted-verb” setting, where roles are
derived using the verb-role mapping with predicted verb P(v̂i).

Method CIDEr LEA LEA-Soft HOTA

VidSitu [51] 30.33 35.92 - -
TypesDev-ucofia [68] 73.71 30.12 34.97 -
TypesDev-GPT4o [68] 66.56 27.77 31.89 -
VideoWhisperer [25] 51.24 38.00 34.26 8.13
CineMEC (Ours) 60.32 46.21 42.64 24.76

Table 3. Comparing instruction-tuned MLLMs on SRL caption-
ing against smaller models like ClipSitu and CineMEC (Ours).
Experimental setup and results as reported in ClipSitu [63] IJCV’25.

Method VILA Qwen2-VL LLaVA-Video ClipSitu CineMEC
CIDEr 40.44 57.28 60.10 61.93 76.34

Table 4. Impact of various modules (Mod.) and losses compared
to CineMEC (row 10). VideoWhisperer [25] is in row 1 for com-
pleteness. The evaluation metrics from left-to-right are Verb Accu-
racy@1, CIDEr, LEA, LEA-Soft, IoU@0.5, and HOTA.

# Mod. Lv Lrc Lgc Le A@1 C L L-S I.5 H

1 VW ✓ ✓ 46.0 73.7 48.4 48.9 42.8 16.2

2
ERG

✓ ✓ ✓ 47.8 70.1 52.1 47.8 50.3 -
3 ✓ ✓ ✓ 48.8 43.9 51.3 34.5 50.6 -
4 ✓ ✓ ✓ ✓ 49.0 70.9 54.1 49.4 49.4 -

5
EVC

✓ ✓ 50.0 75.9 50.4 48.5 54.2 -
6 ✓ ✓ 50.4 70.6 38.7 41.5 42.8 -
7 ✓ ✓ ✓ 50.7 76.1 45.0 47.2 55.5 -

8 ERG ✓ ✓ ✓ 48.2 75.6 55.0 52.1 53.3 29.1
9 + ✓ ✓ ✓ 49.6 74.6 55.0 54.0 51.5 28.9

10 EVC ✓ ✓ ✓ ✓ 49.3 76.3 55.8 52.5 55.9 34.2

Table 5. Ablations for importance of applying the cross-attention
after ECA with the hard coded attention map (w/o CA2) and using
cluster-aware embeddings as RO’s memory (no clst-emb).

Method Acc@1 CIDEr LEA LEA-S IoU-0.5 HOTA

CineMEC 49.32 76.34 55.78 52.45 55.93 34.22
w/o CA2 49.68 72.16 54.83 49.29 51.40 32.68
no clst-emb 48.37 74.23 54.17 51.62 52.36 33.61

in CIDEr by +2.5 and LEA by a large gap +7.4, reflecting our
approach’s ability to capture entity coreference across SRLs.
Importantly, where prior methods show a trade-off between
high CIDEr (e.g. VW [25]) or high LEA (e.g. HostSG [82]),
our approach achieves the best of both worlds. LEA-Soft,
a metric introduced by VidSitu, reflects this balance, and
CineMEC outperforms the best prior work (VW) by +3.5
points. Thus, CineMEC demonstrates strength in both tasks,
explicit visual grounding of entities and implicit identity
preservation through consistent, identity-aware captions.

Predicted verb–role evaluation. Many prior works on
VidSitu report results only on the ground-truth role setting
(Tab. 1). Here, models predict the verb for each event, but
the set of roles are taken from the GT verb. While this setup

simplifies the task, it does not capture end-to-end perfor-
mance. Towards holistic video understanding, we use the
predicted verb v̂i for each event, and determine roles based
on the verb-role mapping P(v̂i). In this case, the model
must predict the correct verb, and then generate entity-level
captions and visual clusters for identified roles.

Tab. 2 reports results for this predicted-verb setting. De-
spite the added difficulty and missing oracle roles, our
method consistently outperforms VW (and other approaches)
across all metrics (+9 CIDEr, +8 LEA, +18 HOTA). This
highlights the strength of our approach to generate reliable
captions and clusters in a fully end-to-end setting.

Comparison to captioning with MLLMs. Tab. 3 reports
performance of multiple MLLMs [31, 67, 76, 81] instruction-
tuned for structured captioning. We observe poor perfor-
mance than a simple approach that uses CLIP features (Clip-
Situ [63]) and a gap of over 15 points CIDEr to CineMEC. A
possible reason is that auto-regressive generation is not ideal
as event roles are related to each other. Instead, CineMEC
benefits from learning entity-specific representations.

4.2. Ablations

Impact of modules. We study the effects of excluding
visual clustering (EVC) or role grouping (ERG) modules
and related losses against the VW baseline in Tab. 4.

When using only ERG (rows 2-4), visual clusters are
unavailable, and we generate captions using mean-pooled
embeddings of each event-role group. While this builds
coreference across event roles, errors in role-mention group-
ing cause captions of one entity to be incorrectly assigned to
another, resulting in a lower CIDEr and LEA score.

In contrast, when using only EVC (rows 5-7), we treat
each role as a separate entity and generate captions from
holistic visual clusters. While CIDEr improves as captions
are grounded in coherent visual information, LEA remains
low as role mentions of the same entity are not linked.

Finally, combining both ERG and EVC (rows 8-10) pro-
vides complementary benefits. Referencing the correct vi-
sual clusters improves role grouping, while stronger role
grouping in turn improves clustering. As a result, both
CIDEr and LEA improve over the baseline.

Dual captioning losses for role and group complement each
other. Comparing row 3-4, 6-7, 9-10, we see a performance
drop in CIDEr and LEA when Lrc is removed.

Modified attention map in CA2. We replace the fixed
attention map of CA2 with the original one from CA1. Re-
call, CA2 constrains the input embedding to the captioner
to boxes that are associated with the entity group. Tab. 5
“w/o CA2” results in weaker grounding and lower CIDEr,
highlighting that entity-constrained attention is helpful.

Memory design in RO decoder. In EVC, we added cluster
id embeddings to bbox representations xo

tl from the VO
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Figure 3. Evolution of Ground-truth Intra-Entity Distance (GIED)
for visual clustering and CIDEr during training. Across epochs,
GIED decreases and CIDEr increases showing the synergistic be-
havior of visual clustering with captioning.

encoder. Ignoring these cluster id embeddings results in a
small performance drop (Tab. 5 “no clst-emb”) in CIDEr and
highlights the benefit of incorporating cluster information in
the RO decoder’s memory representation.

4.3. Analysis and Discussion
We refer readers to Appendix B in the supplement for quali-
tative analysis and example videos. We also include some
qualitative outputs from the textual grounding model Open-
o3 Video [37] showcasing challenges of MLLMs. Next, we
present some diagnostic analyses of CineMEC to understand
how individual modules contribute to the approach.
Visual clustering and captioning improve together. We
study how the captioning metric CIDEr correlates with vi-
sual clustering quality by analyzing how proposal boxes that
belong to the same entity evolve during training. Specifi-
cally, we measure if proposal boxes corresponding to the
same entity move closer together in the embedding space as
training progresses. We compute ground-truth intra-entity
distance (GIED) by associating proposal boxes with the GT
entity boxes based on validation annotations with IoU > 0.3.

To achieve this, at each frame, we match the GT entity
box to the closest proposal box (within a fixed threshold),
resulting in a oracle visual cluster based on proposal boxes.
Given a cluster with n matched boxes, we compute the aver-
age pairwise distance across all n · (n− 1)/2 box pairs and
average this across all entities to obtain GIED. A lower value
indicates that boxes belonging to the same entity cluster are
coming closer in the learned representation space.

Fig. 3 shows that GIED decreases consistently and corre-
lates with an increase in CIDEr across training epochs. This
confirms the synergistic loop: improved visual clustering
benefits captioning quality and the weak learning signal of
captions is able to improve clustering.
Analyzing entity role grouping. We evaluate the contri-
bution of the ERG module by comparing inference without
grouping or using ground-truth grouping. The experiments
with different ERG inference strategies are performed on
the same model. As seen in Fig. 4, we compare: (i) no
event-role grouping, where each event-role is captioned inde-
pendently; (ii) predicted grouping, using our ERG decoder

No Grouping Pred Grouping GT Grouping
70

75

80

85

90

CI
DE

r

Human

78.46
76.34

84.79

40

50

60

70

80

LE
A

45.79

55.78

72.62
CIDEr
LEA

Figure 4. ERG strategies: no grouping, predicted grouping, and
ground-truth grouping of event role mentions. Perfect grouping
yields high CIDEr and LEA, meeting human performance.

(default CineMEC); and (iii) ground-truth grouping, using
the SRL string matched annotations.

Without grouping, LEA drops sharply (-10 points) as
captions are generated independently for each role without
any consistency across mentions of the same entity. With
predicted grouping, LEA improves, as all entity mentions
are captioned consistently. Interestingly, CIDEr decreases
slightly (-2 points) due to erroneous entity id predictions
in ERG resulting in incorrect grouping of some event roles.
Finally, with ground-truth grouping, both CIDEr (+8 points)
and LEA (+17 points) jump significantly, indicating that
our captioning module is capable of producing captions that
match human-level performance of CIDEr and LEA.

ERG module’s performance is limited by the long-tail
nature of the role grouping problem since: (i) the average
number of entities per video (5.2) is relatively small but the
spread is high, and (ii) few entities (3-5) appear frequently
across the video and dominate re-occurrences, also resulting
in a skewed distribution. We present additional results and
discuss inference speed in Appendix C. Further limitations
are discussed in Appendix D in the supplement.

5. Conclusion
We proposed Multimodal Entity Coreference (MEC) as a
solution for holistic understanding of videos with structured
language descriptions and visual grounding. We introduced
CineMEC, a multi-stage framework that integrates MEC
into video situation recognition (VidSitu) and learns with-
out costly visual grounding supervision. By unifying entity
role mention groups with visual clusters, CineMEC enabled
consistent identity tracking and entity-aware captions across
events, advancing previous role-independent approaches. Ex-
tensive experiments on VidSitu and comparison against task-
specific works or instruction-tuned MLLMs demonstrated
substantial improvements across captioning, localization,
and tracking; highlighting the synergy between visual clus-
tering and role grouping.
Acknowledgments. We thank funding support from a Google India
Faculty Award and SERB SRG/2023/002544 for compute. Amazon
did not fund, direct, or influence this research work and all work
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One Identity, Many Roles: Multimodal Entity Coreference
for Enhanced Video Situation Recognition

Supplementary Material

In this section, we first provide a detailed discussion of
the metrics (A), followed by qualitative (B) and quantitative
analyses (C). We then outline the limitations of our method
(D), describe the FINCH clustering algorithm used in the
EVC module (E), and present our annotation pipeline and
dataset statistics (F).

A. Metrics

LEA [39] is a link-based coreference evaluation metric that
weights entities by their importance and measures how well
predicted mention clusters align with ground-truth clusters.
The final score is computed as an F1 over precision and
recall of entity links. In our setup, links are obtained by
exact string matching: if two event roles share the same
caption, they are treated as belonging to the same cluster.

LEA-Soft [51] extends LEA by incorporating semantic sim-
ilarity of role captions, measured using CIDEr. This ensures
that even when coreference links are correct, poor or incor-
rect captions reduce the score.

IoU [25] adapts Intersection-over-Union to VidSitu ground-
ing by computing it at the role level and averaging across
all semantic roles in the video. For each role, a single pre-
dicted box is compared with the ground-truth box in the
corresponding frame, and IoU@0.5 counts cases with at
least 50% overlap.

HOTA [33], Higher Order Tracking Accuracy, evaluates
tracking by jointly considering detection, association, and lo-
calization. It balances precision and recall across trajectories,
offering a unified measure of overall tracking quality.

B. Qualitative Analysis

MEC in VidSitu is a challenging problem that requires
identifying actions, disambiguating roles, clustering entity
tracks across shot boundaries with significant visual changes,
grouping event roles by their mentions, and finally generat-
ing descriptive captions for each entity. The videos, drawn
from complex movie scenes with fast motion, shot changes,
and diverse contexts, make this even harder. Each video
contains five events. Since we obtain YOLO tracks within
each shot, our Entity Visual Clustering module associates
and clusters these tracks across shots, extending them to
full-video entity tracks. These final tracks are paired with
event-role captions and entity mentions to provide coherent
role assignments throughout the video. It is important to note
that the model operates only on sub-sampled frames, but the

clusters can be extended throughout the video with the help
of shot level tracks. Each event is represented as a table
updated every two seconds. We present four representative
samples in qualitativeresults.mp4 for full-video visualiza-
tions with tracks obtained without any explicit training.
Open-o3 Video results. Open-o3 Video [37] is a recently re-
leased open-source framework that performs grounding and
object localization in videos using a large vision-language
model. It associates textual queries with visual regions and
outputs grounded predictions on selected frames. For quali-
tative comparison, we run the official Open-o3 Video infer-
ence pipeline on the same VidSitu samples used in our own
qualitative analysis, following the authors’ default configura-
tion.3 For clarity of visualization, we present only the frames
that Open-o3 chooses to ground, rather than every frame in
the video, allowing its grounding behavior to be viewed
more clearly. The resulting visualizations are provided in
openo3results.mp4.

Despite being one of the most recent models for open-
world video grounding, Open-o3 Video exhibits several limi-
tations in the context of fine-grained video entity tracking.
First, it performs grounding on only a single frame per video,
preventing it from capturing entities that appear across mul-
tiple moments or scenes. Second, even within that selected
frame, the model often detects only a subset of the relevant
objects, leading to incomplete grounding. Third, it lacks
fine-grained temporal dynamics—capabilities that are core
to the VidSitu task that we target. These constraints high-
light the gap that remains in current open-source grounded
conversation models. Our method directly addresses these
challenges by producing dense, fine-grained, and temporally
continuous entity tracks across the entire video.

C. Additional Quantitative Results

Multiple metrics. In Tab. 1, we present the results of Cine-
MEC across multiple metrics. For brevity, only the primary
metrics are reported in the main paper; however, Tab. 6 pro-
vides additional results on other commonly used metrics
for the SRL task in the VidSitu benchmark. We show clear
improvements over prior methods in these metrics as well.
Videos with many entities. Video models struggle with
tracking and association of actions and entities as the number
of entities increases. To systematically analyze this effect,
we construct a subset of validation videos with ≥ 4 entities
and report results in Tab. 7. As expected, performance drops

3https://github.com/marinero4972/Open-o3-Video
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Table 6. CineMEC: Results for SRL on VidSitu Validation Set.
R@5: Recall at 5, C: CIDEr, R-L: ROUGE-L, C-Vb: CIDEr
scores averaged across verbs, C-Arg: CIDEr scores averaged over
arguments.

Method R@5 C R-L C-Vb C-Arg

VAL SET
VidSitu-SlowFast [51] CVPR’21 23.38 45.52 42.66 55.47 42.82
OME+OIE [73] AAAI’23 28.72 47.16 40.86 53.96 42.78
HostSG [82] ACMMM’23 29.38 55.09 43.13 64.24 47.68
TypesDev [68] ICMR’25 25.67 90.12 48.08 100.9 81.14
VideoWhisperer [25] NeurIPS’22 25.25 73.73 46.21 82.99 65.52
CineMEC (Ours) 27.14 76.34 46.83 86.01 69.91
Human - 84.85 39.77 91.7 80.15

Table 7. Comparision of models performance on samples from the
validation set with ≥ 4 entities (n=359 of 1324).

Method Acc@1 CIDEr LEA L-Soft IoU@0.5 HOTA

VideoWhisperer [25] 40.7 60.3 43.3 37.8 37.5 7.1
CineMEC (Ours) 44.9 61.5 46.1 40.1 51.0 31.7

for all methods due to the increased complexity and long-tail
nature of these samples. However, CineMEC consistently
outperforms GVSR [25] across all metrics. This suggests
that CineMEC better enforces entity-centric understanding
of videos. Thus, while ERG is still affected by the long-
tail problem, it handles such challenging scenarios more
effectively than the baseline.
Clustering purity of ERG. We analyze the clustering purity
of entity role groups predicted by the ERG module. We
first identify correct and wrong event-roles in each predicted
entity cluster (purity 76%). When captions are generated
independently (no grouping), CIDEr is (mostly) unaffected:
76.2 and 75.0. However, with predicted grouping, CIDEr for
correct roles goes up to 82.3 i.e. close to human performance
(83.7) and that for wrong roles reduces to 67.8. This causes
the overall CIDEr to reduce by 2 points compared to no-
grouping in Fig. 4.
Compute cost. Inference time for CineMEC is only 0.65 s
per video on 1× A6000 GPU. FINCH is a fast algorithm
with O(N logN) complexity [53] and running it on the fly
is fast. The preprocessing time to extract Yolo + Siglip2,
SlowFast visual features is 3.7 s per video. Our model has
245M parameters as compared to GVSR’s 220M.

D. Limitations

Semantic Role Labeling. Entity Role Grouping. The long-
tail distribution also affects grouping: entities appearing
early in a video or more frequently across events dominate ID
assignments, while rare entities are clustered wrongly. This
makes grouping harder and constrains downstream tasks. As

shown in our second analysis, improving grouping accuracy
could substantially benefit both coreference and captioning.
Visual Clustering. The object proposal boxes occasionally
miss relevant entities, leading to incomplete clusters and
weaker grounding and captioning. This limitation arises not
just from our framework but also from the underlying object
proposal model.

E. FINCH-based Clustering

Input. We begin by describing how the box representations
used for clustering are obtained. For each shot in the video,
we apply a prompt-free tracker (YOLOE [65]) to generate
short per-shot tracklets. From these tracklets, we collect the
proposals corresponding to our sub-sampled frames. Each
proposal is then passed through the VO encoder, yielding
contextualised object features x′o

tl for box l of frame ft.
Overview of FINCH. FINCH [53] is a hierarchical cluster-
ing algorithm that forms partitions purely from first-order
nearest-neighbor relations. At every level, each point is
linked to its closest neighbor, and clusters naturally emerge
without the need for specifying the number of clusters or
setting a distance threshold. The algorithm operates on a pair-
wise distance matrix that captures how dissimilar the feature
representations of any two points are, and uses this matrix
to determine nearest-neighbor links. In our case, FINCH
clusters the set of contextualised box features x′o

t,l into long,
video-level entity tracks, which requires constructing such a
distance matrix over these features.
Why the Standard FINCH Matrix Requires Adaptation.
Directly applying FINCH assumes that all points are indepen-
dent, which is violated in video-based tracking. Our boxes
exhibit two domain-specific constraints that, if ignored, lead
to invalid cluster assignments. We therefore modify the
FINCH distance matrix to respect these constraints.

Constraint 1: Boxes from the same frame cannot be-
long to the same cluster. In frame t, multiple proposals
x′o
t,l may appear simultaneously, but a valid temporal track

may contain only one box per frame. Standard FINCH may
incorrectly merge same-frame proposals into a single cluster.
We enforce a hard exclusion by setting

D(x′o
tl , x

′o
tl′) =∞ for all l ̸= l′. (1)

thereby preventing any clustering between proposals origi-
nating from the same frame.

Constraint 2: Boxes within the same shot-level track-
let must remain together. The tracker provides reliable
identity continuity within each shot. Thus, all proposals
belonging to the same shot-level tracklet correspond to the
same underlying entity. Standard FINCH does not utilize this
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Table 8. Statistics of our grounding annotations on the VidSitu
dataset (together for validation and test sets).

Statistic Value

Number of videos 2810
Number of unique captions 8157
Total boxes annotated 48026
Avg. boxes per unique caption 5.89
Avg. boxes per video 17.09

structural cue and may split such proposals across clusters.
For any feature pair drawn from the same shot-tracklet, we
strongly encourage early merging by scaling their distances:

D(x′o
tl , x

′o
t′l′) ← 10−5D(x′o

tl , x
′o
t′l′) . (2)

where for all (t,l),(t’,l’) in the same shot-level tracklet. This
ensures that shot-consistent proposals cluster together before
FINCH proceeds to merge across different shots.

With these modifications, FINCH produces clusters that
extend shot-level tracklets into coherent, video-level entity
trajectories. We employ a two-level hierarchy to achieve
this: the first level groups boxes into stable intra-shot tracks
while preventing same-frame overlaps, and the second level
merges these shot-level groups across the full video to form
long-range entity tracks.
Summary. Our modified FINCH pipeline (i) enforces frame-
wise constraints and (ii) clusters tracks within shots. To-
gether, these steps yield continuous visual clusters across
shots, tightly integrating clustering with downstream video-
language grounding.

F. Annotation Pipeline
Annotation Platform Setup. For a 10-second video con-
taining 5 events, we sample frames at 1 fps, F = {ft}Ft=1,
resulting in 11 frames, following the protocol in GVSR [25].
From the SRL annotations, we collect captions for the pri-
marily visual roles agent (Arg0), patient (Arg1), and instru-
ment (Arg2) across all events. The unique captions from
these roles are retained and treated as ground-truth labels for
the video V . Each video is then used to create a dedicated
annotation task in the CVAT tool [1], with video-specific
labels as illustrated in Fig. 5. We annotated bounding boxes
for videos in the validation and test splits of the VidSitu
dataset, with overall statistics reported in Tab. 8.

F.1. Annotation Process
The annotation process begins with annotators first watching
the complete video along with its associated role captions-
Fig. 6. This initial pass provides a global understanding
of the scene and helps identify entities and their continuity
across shot changes. Annotators then return to the CVAT

Figure 5. Example annotation task for a video. There are a total
of 11 frames sub-sampled at T=1 second from a 10 second video.
Text highlighted in colors represent different labels.

Figure 6. Example visualization of ground truth semantic role
labels for each event of a video. Annotators first go through the
video and identify associations between captions and visual entities
accurately.

Figure 7. Choose a label that can be visually identified, then draw
a bounding box around it or extend the existing track of the recog-
nized entity. Label boy in blue is visible in frame 05.

tool [1] to assign each caption to its corresponding entity
by drawing bounding boxes in the sampled 11 frames (see
Fig. 7, 8).

While most captions can be localized visually, certain
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Figure 8. Identifying and linking entities to their captions becomes
particularly challenging during shot changes like the one above. In
such cases, association requires more than a simple object match;
it demands a compositional understanding of semantic cues and
spatial positioning within the scene to correctly distinguish between
entities and assign the appropriate caption.

Figure 9. Label back is a non-visual role, hence it is not grounded.

cases are inherently non-annotatable, such as abstract ex-
pressions (e.g., back in Fig. 9). In other cases, annotation
is non-trivial due to complex shot transitions. For example,
in the Forest Gump sequence, multiple shot changes require
viewing the full video to ensure consistent tracking of people.
Similarly, Fig. 8 highlights a particularly challenging case,
where multiple boys with bicycles must be distinguished
and grounded. Here, visual cues such as dress color and
spatial positioning, rather than faces, enable correct identi-
fication. These examples illustrate how annotating VidSitu
requires not only bounding-box labeling but also a deeper
semantic understanding of context and continuity. We assess
potential annotator bias and observe a 92% inter-annotator
agreement, measured using pairwise F1 (IoU@0.5) on 10
sampled videos, indicating strong consistency and minimal
bias across annotations.

Compensation. We fairly compensated the annotators for
their efforts.
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