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Abstract

Most existing video moment retrieval methods rely on tem-
poral sequences of frame- or clip-level features that primar-
ily encode global visual and semantic information. However,
such representations often fail to capture fine-grained ob-
ject semantics and appearance, which are crucial for local-
izing moments described by object-oriented queries involv-
ing specific entities and their interactions. In particular, tem-
poral dynamics at the object level have been largely over-
looked, limiting the effectiveness of existing approaches in
scenarios requiring detailed object-level reasoning. To ad-
dress this limitation, we propose a novel object-centric frame-
work for moment retrieval. Our method first extracts query-
relevant objects using a scene graph parser and then generates
scene graphs from video frames to represent these objects
and their relationships. Based on the scene graphs, we con-
struct object-level feature sequences that encode rich visual
and semantic information. These sequences are processed
by a relational tracklet transformer, which models spatio-
temporal correlations among objects over time. By explicitly
capturing object-level state changes, our framework enables
more accurate localization of moments aligned with object-
oriented queries. We evaluated our method on three bench-
marks: Charades-STA, QVHighlights, and TACoS. Experi-
mental results demonstrate that our method outperforms ex-
isting state-of-the-art methods across all benchmarks.

1 Introduction
Video moment retrieval, also referred to as video tempo-
ral grounding, aims to localize temporal segments within
a video that correspond to a given natural language query.
Recent advances have primarily focused on enhancing
cross-modal interactions between visual and textual modal-
ities (Xu et al. 2024; Moon et al. 2023b,a), and leveraging
prior knowledge from the large language models (LLMs)
and event boundary cues (Jiang et al. 2024; Jang et al. 2023;
Boris et al. 2024). Among existing architectures, the DETR-
style structure (Carion et al. 2020), which encodes visual
and textual information into a set of learnable queries, has
gained popularity (Lei, Berg, and Bansal 2021). In parallel,
other methods adopt FPN-style models (Lin et al. 2017a) to
produce multi-scale temporal feature sequences (Yan et al.
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Figure 1: Comparison between the previous frame-level
approach and the proposed object-centric approach. The
frame-level approach fails to capture subtle yet critical
state changes—such as the opening or closing of a lap-
top—resulting in inaccurate temporal localization. In con-
trast, the proposed object-centric approach explicitly tracks
the states and interactions of relevant objects over time, en-
abling more precise moment localization.

2023; Mu, Mo, and Li 2024; Liu et al. 2024b). Despite archi-
tectural differences, most prior works rely on frame- or clip-
level (hereafter referred to as frame-level) features extracted
by pre-trained visual encoders such as CLIP (Radford et al.
2021) or I3D (Carreira and Zisserman 2017), which pri-
marily capture global semantics and overlook fine-grained
object-level dynamics.

Despite these advancements, a fundamental question re-
mains underexplored: Are frame-level features truly suffi-
cient for video moment retrieval? In many practical sce-
narios, queries are inherently object-oriented, often describ-
ing actions or events involving state changes at the object
level. Nevertheless, such fine-grained queries have largely
been addressed using object-agnostic approaches based on
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coarse frame-level representations. While powerful visual
encoders may implicitly capture some object-level tempo-
ral cues, frame-level features typically lack explicit local in-
formation—such as object semantics, appearance, and inter-
object relationships—that is critical for accurately localizing
moments described by object-oriented queries. This limita-
tion poses a significant barrier to further performance im-
provement, particularly in cases requiring precise modeling
of object-level dynamics.

To ameliorate the aforementioned limitations, we argue
that object-oriented queries should be handled in an object-
centric manner, with temporal modeling performed explic-
itly at the object level. Fig. 1 illustrates the contrast between
our object-centric approach and the conventional frame-
level approach. The example video depicts a person taking
out a laptop, placing it on a table, and subsequently opening
it. Given the query “person opens the laptop”, the frame-
level approach struggles to capture the crucial state tran-
sition of the laptop—from closed to open—due to its re-
liance on coarse frame-level features. This leads to inaccu-
rate moment localization, especially since the laptop occu-
pies only a small portion of the visual scene. In contrast,
the object-centric approach detects and tracks the relevant
objects (i.e., “person” and “laptop”) and predicts their rela-
tionships throughout the video. Based on this, it constructs
object-level feature sequences that encode semantic and ap-
pearance information for each object. Similarly, for each
pair of related objects, a relational feature sequence is con-
structed to track the evolution of their interaction. Temporal
modeling over these object and relationship sequences en-
ables the model to explicitly capture state transitions aligned
with the query, offering a finer and more accurate under-
standing than modeling over frame-level features alone.

As previously stated, this paper proposes a novel object-
centric moment retrieval framework. Specifically, the frame-
work first extracts query-relevant objects by parsing the in-
put query into a scene graph using a scene graph parser (Li
et al. 2023). An open-vocabulary scene graph generation
(OVSGG) model (Chen et al. 2023) is then employed to pro-
duce scene graphs for each video frame, along with associ-
ated object and relationship features. These features are or-
ganized into temporally ordered sequences using a tracking
algorithm (Zhang et al. 2022). To capture object-level state
changes aligned with the query, a relational tracklet trans-
former is applied to the constructed object and relationship
feature sequences. By modeling the spatio-temporal correla-
tions among tracked objects and their interactions, the model
enables more precise localization of moments corresponding
to object-oriented queries.

The key contributions of this paper are as follows:

• We propose a novel object-centric framework for video
moment retrieval, explicitly designed to capture object-
level state changes that are often overlooked by prior
frame-level methods.

• Within this framework, we introduce a scene-graph-
based object-level feature sequence representation that
encodes rich semantic and visual information. In con-
junction, we design a relational tracklet transformer to

model spatio-temporal correlations among objects and
their interactions.

• Extensive experiments on three benchmark
datasets—Charades-STA, QVHighlights, and
TACoS—demonstrate that our method consistently
outperforms state-of-the-art methods, highlighting the
importance of explicit object-level temporal modeling.

2 Related Work
Existing video moment retrieval methods differ in candi-
date generation strategies and can be broadly categorized
into proposal-based two-stage methods (Gao et al. 2017;
Gao and Xu 2021; Soldan et al. 2021; Xiao et al. 2021) and
proposal-free one-stage methods (Lu et al. 2019; Mun, Cho,
and Han 2020; Zeng et al. 2020; Zhang et al. 2020a). Two-
stage methods first generate temporal proposals and then
evaluate their relevance and boundaries, whereas one-stage
methods directly regress the relevant temporal segment. Due
to their superior efficiency and the strong temporal model-
ing capabilities of transformers, recent efforts have primarily
focused on one-stage paradigms.

Most recent methods adopt either a point-based or query-
based framework. The point-based framework (Yan et al.
2023; Mu, Mo, and Li 2024; Liu et al. 2024b) classifies
temporal anchor points and regresses moment boundaries
around them, drawing inspiration from point-based object
detectors such as FCOS (Tian et al. 2019). In contrast, the
query-based framework (Lei, Berg, and Bansal 2021; Moon
et al. 2023b; Xu et al. 2024; Lee and Byun 2025), inspired
by DETR (Carion et al. 2020), introduces learnable queries
into a transformer to jointly encode visual and textual infor-
mation for moment prediction. These DETR-style models
are commonly used for both moment retrieval and highlight
detection tasks, especially under the unified setting of the
QVHighlights dataset (Lei, Berg, and Bansal 2021).

Several recent works extend moment retrieval beyond its
traditional formulation, unifying it with other video under-
standing tasks such as temporal action localization (Zeng
et al. 2025) and video summarization (Lin et al. 2023), aim-
ing for improved generalization. Some works focus on en-
hancing cross-modal interaction: QD-DETR (Moon et al.
2023b) and MH-DETR (Xu et al. 2024) investigate ad-
vanced cross-attention mechanisms, while EaTR (Jang et al.
2023) and LLMEPET (Jiang et al. 2024) incorporate event
boundary information to reduce distraction from irrelevant
segments. Additionally, LLMEPET integrates an LLM en-
coder to refine cross-modal features. Unlike these methods,
which typically adopt frozen backbones, R2-Tuning (Liu
et al. 2024b) enables efficient transfer to video-language
tasks by finetuning CLIP with a lightweight module.

MMRG (Zeng et al. 2021) is most relevant to our work. It
captures object-level state changes by constructing a multi-
modal relational graph based on interactions among visual
and textual objects. However, MMRG employs a simplified
graph structure that focuses on a single entity for each object
category extracted from the query. In contrast, our object-
centric framework enables fine-grained modeling of spatio-
temporal correlations across multiple objects, allowing bet-
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Figure 2: Overview of our object-centric moment retrieval framework. Given a video and a query, the framework first extracts
query-relevant objects by parsing the query using a scene graph parser. It then constructs object-level feature sequences by
embedding both visual and semantic information of these objects and their relationships into tracklets obtained from scene
graph generation and object tracking. These feature sequences are concatenated with the query’s textual feature and passed to
a relational tracklet transformer, which models the spatio-temporal correlations among objects and relationships. The resulting
representation enables accurate moment classification and localization by capturing query-relevant object state changes.

ter generalization to complex scenarios. Graph-based rep-
resentations have also been explored in highlight detection
and video QA. VH-GNN (Zhang et al. 2020b) constructs
spatial graphs over object nodes within frames and temporal
graphs over frame nodes. However, as spatial graphs are ag-
gregated independently into frames, it only models temporal
dynamics at the frame level. Our method, by contrast, cap-
tures spatio-temporal correlations directly at the object level.
VGT (Xiao et al. 2022) introduces a video graph for ques-
tion answering, but is constrained to short clips and lacks
the long-range modeling capacity required for moment re-
trieval. Moreover, unlike these prior graph-based methods,
our framework leverages explicit relationship information
from scene graphs, enabling a more precise understanding
of object states and their temporal evolution.

3 Object-Centric Framework for Moment
Retrieval

Given a video V represented as a sequence of L frames
[v1,v2, ...,vL], the goal of video moment retrieval is to
identify the temporal segment that corresponds to a natural
language query. Fig. 2 presents an overview of the proposed
object-centric framework. Unlike conventional approaches
that rely solely on frame-level features, our method con-
structs feature sequences for both objects relevant to the

query and their relationships. To model spatial and tempo-
ral correlations among these entities, we design a relational
tracklet transformer that operates over the object-level fea-
ture sequences, enabling the precise localization of moments
involving object-level state changes.

In Section 3.1, we introduce a frame-level baseline that
serves as a comparative foundation. Section 3.2 highlights
the limitations of frame-level representations and motivates
our object-centric approach. We then describe the construc-
tion of object-level inputs in Section 3.3, followed by the
architecture of our object-centric model in Section 3.4.

3.1 Baseline with Frame-Level Features
Following previous works (Yan et al. 2023; Mu, Mo, and
Li 2024), we implement a baseline that utilizes frame-level
feature sequences processed by a transformer model. Given
a video V = [v1,v2, ...,vL], a pre-trained visual encoder
(e.g., CLIP (Radford et al. 2021), I3D (Carreira and Zisser-
man 2017)) is employed to extract a sequence of frame-level
features F ∈ RL×df , denoted as [f1, f2, ..., fL]. When using
a clip-level encoder such as I3D, each vi corresponds to a
short video segment rather than a single frame.

In parallel, a pre-trained text encoder (e.g., CLIP (Rad-
ford et al. 2021), BERT (Kenton and Toutanova 2019)) en-
codes the input query into a sequence of token-level features
T = [t1, t2, ..., tK ] ∈ RK×dt . To enable multimodal fu-
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sion, we aggregate the token embeddings into a single tex-
tual feature vector t̄ ∈ Rdt using a learnable linear atten-
tion mechanism. Specifically, a weight vector w ∈ Rdt×1

computes attention scores a = T · w, which are then used
to derive the aggregated representation t̄ = a⊤ · T via
weighted averaging. This aggregated feature is concatenated
with each frame feature, yielding the fused visual-textual se-
quence F̃ = [f̃1, f̃2, ..., f̃L]

The sequence F̃, augmented with temporal positional em-
beddings, is fed into a transformer consisting of stacked self-
attention blocks. To handle moments of varying temporal
durations, we generate multi-scale temporal features with
resolutions L, L/2, L/4, etc., from intermediate transformer
layers. Each element in the multi-scale sequences is treated
as a moment candidate. A classification head predicts a rel-
evance score p for each candidate, while a localization head
regresses the corresponding start and end times (s, e). The
top-N scoring candidates {(pi, si, ei)}Ni=1 are selected and
post-processed using Soft-NMS (Bodla et al. 2017) to sup-
press redundancy.

During training, the transformer and prediction heads are
jointly optimized using Focal Loss (Lin et al. 2017b) for
classification and Distance-IoU Loss (Zheng et al. 2020) for
localization. We adopt the Center Sampling strategy (Zhang,
Wu, and Li 2022), in which only candidates near ground-
truth moment centers are considered positive. The localiza-
tion loss is computed solely for these positive samples.

3.2 Defects of Frame-Level Approaches
Most existing moment retrieval methods rely on frame-level
features, assuming global representations suffice for align-
ing visual content with textual queries. However, this as-
sumption often breaks down for object-oriented queries. We
identify three core limitations:

Lack of Fine-Grained Visual Detail. Frame-level fea-
tures lack localized visual information. Pre-trained visual
encoders are optimized for image- or video-level objectives,
which prioritize global semantics over local object appear-
ance. As a result, the final-layer features predominantly en-
code high-level concepts while overlooking subtle visual
cues such as an object’s state (e.g., whether a laptop is open
or closed). Since state changes may not be accompanied by
semantic shifts, capturing such transitions requires fine-level
visual detail, which frame-level features often miss.

Insufficient Modeling of Object Relationships. Frame-
level representations also fail to capture inter-object relation-
ships, which are essential for reasoning about object states in
context (e.g., “person opens laptop” implies physical inter-
action). This shortcoming arises because visual encoders are
rarely trained to model structured relations among objects.
Consequently, relational information critical for understand-
ing events and actions is underrepresented.

Inability to Track Multiple Objects. Finally, frame-
level approaches struggle to maintain consistent represen-
tations of multiple objects over time. Even if the dominant
object in a scene is adequately captured, other relevant en-
tities may be spatially small or neglected due to attention
dilution. As a result, modeling the dynamics of multiple ob-

jects becomes infeasible with frame-level features alone.
To overcome these limitations, we propose an object-

centric framework that explicitly models object-level ap-
pearance and relational dynamics. By leveraging scene
graph generation (SGG) to detect objects and relationships
at both the visual and semantic levels, and organizing them
into temporally coherent tracklets, our method provides fine-
grained, structured inputs for downstream modeling.

3.3 Object-Level Input Construction
As illustrated in Fig. 2, the construction of object-level in-
puts begins with parsing the query into a scene graph.
We use a pre-trained scene graph parser (Li et al. 2023),
implemented as a lightweight language model, to ex-
tract object nodes and their relationships from the nat-
ural language query. The resulting object class list is
used to prompt an open-vocabulary scene graph generation
(OVSGG) model (Chen et al. 2023), which detects instances
of the relevant objects and their pairwise relationships in
each video frame. We adopt the OVSGG model pre-trained
on the Visual Genome (VG) dataset (Krishna et al. 2017). In
addition to the object prompt, the OVSGG model requires
a relationship class list as input. Since state-of-the-art mod-
els are still unable to reliably detect open world relation-
ships, we use the fixed set of relationship classes from the
VG dataset rather than deriving them from the query.

The OVSGG model outputs detection results along with
intermediate feature maps from its Swin Transformer (Liu
et al. 2021) backbone. We apply RoIAlign (He et al. 2017) to
extract RoI features for each detected object or relationship.
For relationships, RoI features are computed using the union
of the subject and object bounding boxes. In parallel, we ex-
tract semantic features aligned with the text prompts from
the final output of the OVSGG model. These visual and se-
mantic features are complementary, together capturing both
appearance-level and concept-level aspects of object states.

After detection, we apply a tracking algorithm (Zhang
et al. 2022) to associate detected objects and relationships
across time. Due to the low frame rate used in our setup
(e.g., 1 or 0.5 fps), we perform feature-based matching using
cosine similarity rather than IoU. The resulting object trajec-
tories are organized into object tracklets, while relationships
with confidence scores above a threshold are grouped into
relationship tracklets, each corresponding to a specific ob-
ject pair. Finally, we construct object-level feature sequences
by embedding the concatenation of visual and semantic fea-
tures into the corresponding tracklets. For time steps where
a particular object or relationship is not present, we insert
zero vectors to maintain temporal alignment.

3.4 Object-Centric Model Architecture
The object-level feature sequences introduced in Section 3.3
require a model architecture capable of effectively capturing
spatio-temporal correlations among objects and their inter-
actions. To this end, we propose a relational tracklet trans-
former specifically designed to process temporally ordered
object and relationship tracklets.

Our model builds upon the TimeSformer architec-
ture (Bertasius, Wang, and Torresani 2021), which factorizes
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Figure 3: Comparison between three transformer block vari-
ants. The proposed variant (right) integrates a relational
mask, derived from scene graph information, into the spa-
tial self-attention mechanism, enabling the model to attend
more effectively to semantically relevant object pairs.

joint spatio-temporal self-attention into separate temporal
and spatial attention modules, thereby improving efficiency.
To better understand the differences, Fig. 3 compares our re-
lational tracklet transformer with a vanilla transformer and
TimeSformer. A temporal-only vanilla transformer can be
directly applied to object-level feature sequences but lacks
the capacity to model spatial correlations. While TimeS-
former addresses this by adding spatial attention, it treats
all tracklets equally during spatial modeling, ignoring their
semantic relationships.

To overcome this limitation, we introduce a graph-aware
spatial attention mechanism. Specifically, we construct a bi-
nary attention mask that reflects the underlying scene graph
structure and restricts spatial attention to semantically re-
lated entities. The input to the transformer is a concatenated
sequence of object and relationship tracklets:

[O;R] = [O1,O2, ...,ONO ,R1,R2, ...,RNR ],

where O and R denote the sets of object and relation-
ship feature sequences, respectively. A binary mask m ∈
R(NO+NR)×(NO+NR) is constructed such that mi,NO+j =
mNO+j,i = 1 if object tracklet Oi is the subject or object of
relationship tracklet Rj , and 0 otherwise. Diagonal entries
are set to 1 to preserve self-attention. This mask encodes the
scene graph’s relational structure and is applied during spa-
tial self-attention.

More concretely, for each temporal position j, the spatial
self-attention is computed over the set of feature vectors

[o1,j ,o2,j , ...,oNO,j , r1,j , r2,j , ..., rNR,j ],

where oi,j and ri,j are the object and relationship features at
time j from Oi and Ri, respectively. In contrast, temporal

self-attention is applied independently within each tracklet
across time.

The textual feature aggregator and prediction heads in
the object-centric model adopt the same design as those
in the frame-level baseline (Section 3.1). Since the rela-
tional tracklet transformer produces one feature sequence
per input tracklet, we apply max pooling along the track-
let dimension to obtain a unified temporal feature sequence.
This sequence is then forwarded to the classification and
localization heads. To mitigate potential detection failures
and to leverage the complementary global context provided
by frame-level features, we incorporate an optional paral-
lel branch based on frame-level representations. The outputs
from the object-centric and frame-level branches are fused
via element-wise addition before being passed to the predic-
tion heads. The training objectives remain consistent with
those of the frame-level baseline.

4 Experiments
4.1 Experiment Setup
We evaluate our method on three widely used bench-
marks: Charades-STA (Gao et al. 2017), QVHighlights (Lei,
Berg, and Bansal 2021), and TACoS (Regneri et al. 2013).
Charades-STA contains 6,672 videos (≈30s each) and
16,128 text queries. QVHighlights comprises 10,148 videos
and 10,310 queries, each possibly aligned with multiple mo-
ments. TACoS includes 127 long cooking videos (average
length 4.8 minutes) and 18,818 query-moment pairs.

Video frames are extracted at 1 fps for Charades-STA and
TACoS, and at 0.5 fps for QVHighlights. For Charades-STA
and TACoS, we report Recall@1 (R1) at various tempo-
ral IoU (tIoU) thresholds and mean IoU (mIoU) between
the top-1 prediction and ground truth. For QVHighlights,
where queries can correspond to multiple segments, we fol-
low prior works and use mean Average Precision (mAP)
across tIoU thresholds from 0.5 to 0.95.

In all experiments, we use CLIP-B (Radford et al. 2021)
as the text encoder. For the frame-level visual encoder,
we evaluate two settings: (1) a combination of SlowFast-
R50 (Feichtenhofer et al. 2019) and CLIP-B’s visual branch,
and (2) VideoMAEv2-b (Wang et al. 2023). Additional im-
plementation details are provided in Appendix A.

4.2 Comparison with State-of-the-Art Methods
Tab. 1 reports performance comparisons between our
method and recent state-of-the-art methods across the three
benchmarks. Most prior methods operate on frame-level fea-
tures extracted using encoders such as CLIP (Radford et al.
2021), SlowFast (Feichtenhofer et al. 2019), I3D (Carreira
and Zisserman 2017), or C3D (Tran et al. 2015). Our object-
centric framework alone outperforms existing methods on
all datasets. When combined with the frame-level baseline
(as described in Section 3.4), further improvements are ob-
served on Charades-STA and QVHighlights, though a per-
formance drop occurs on TACoS.

On Charades-STA, the combined model (“Ours (w/
frame-level)”) surpasses prior methods by at least 4.2% in
R1@0.7, 2.2% in R1@0.5, and 1.7% in R1@0.3. It also
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Method
Charades-STA TACoS QVHighlights

R1 mIoU R1 mIoU R1 mAP

@0.3 @0.5 @0.7 @0.3 @0.5 @0.7 @0.5 @0.7 @0.5 @0.75 Avg.

MMRG (Zeng et al. 2021) 71.6 44.3 - - 57.8 39.3 - - - - - - -
UnLoc (Yan et al. 2023) - 60.8 38.4 - - - - - 66.1 46.7 - - -
UniVTG (Lin et al. 2023) 72.6 60.2 38.6 52.2 56.1 43.4 24.3 38.6 65.4 50.1 64.1 45.0 43.6
MH-DETR (Xu et al. 2024) - 56.4 36.0 - - - - - 60.1 42.5 60.8 38.1 38.4
QD-DETR (Moon et al. 2023b) - 57.3 32.6 - - - - - 62.4 45.0 62.5 39.9 39.9
CG-DETR (Moon et al. 2023a) 70.4 58.4 36.3 50.1 54.4 39.5 23.4 37.4 65.4 48.4 64.5 42.8 42.9
UVCOM (Xiao et al. 2024) - 59.3 36.6 - - 36.4 23.3 - 63.6 47.5 63.4 42.7 43.2
LLMEPET (Jiang et al. 2024) 70.9 - 36.5 50.3 52.7 - 22.8 36.6 66.7 49.9 65.8 43.9 44.1
SnAG∗ (Mu, Mo, and Li 2024) 73.8 62.9 41.9 54.1 50.9 41.2 30.9 38.6 - - - - -
BAM-DETR (Lee and Byun 2025) 72.9 60.0 39.4 52.3 56.7 41.5 26.8 39.3 62.7 48.6 64.4 46.3 45.4
R2-Tuning (Liu et al. 2024b) 70.9 59.8 37.0 50.9 49.7 38.7 25.1 35.9 68.0 49.4 69.0 47.6 46.2

Ours (w/o frame-level) 75.1 64.6 44.4 55.7 58.5 47.7 34.1 43.1 65.1 50.6 68.4 47.8 46.4
Ours (w/ frame-level) 75.5 65.1 46.1 56.2 56.3 45.2 33.6 41.9 66.2 52.3 70.1 50.8 49.2

Table 1: Experimental results on Charades-STA (Gao et al. 2017), TACoS (Regneri et al. 2013), and QVHighlights (test
split) (Lei, Berg, and Bansal 2021). The best and second-best values are highlighted in bold and underlined, respectively.
“Ours (w/o frame-level)” denotes the object-centric framework without the frame-level branch, while “Ours (w/ frame-level)”
includes the integration of a frame-level branch. For the latter, frame-level features are extracted using a combination of CLIP-B
and SlowFast, following the common practice adopted by most previous methods. ∗For fair comparison, SnAG is re-evaluated
on Charades-STA and TACoS using the same feature lengths as those used in our method and most of the previous methods.

achieves a 2.1% gain in mIoU, indicating better overall lo-
calization accuracy. On TACoS, our object-centric frame-
work significantly outperforms prior methods, with mar-
gins of 3.2% (R1@0.7), 4.3% (R1@0.5), and 3.8% (mIoU).
However, integrating frame-level features results in de-
graded performance. We hypothesize that this is due to the
limited visual variance in TACoS, which consists mostly
of static-camera recordings. In such cases, frame-level fea-
tures struggle to capture subtle changes in small or rare ob-
jects, failing to complement the object-centric representa-
tion. On QVHighlights, our method achieves the highest av-
erage mAP, leading the second-best method by 3.0%. Al-
though several prior methods outperform ours in R1@0.5,
they lag behind in all other metrics.

4.3 Analysis of Feature Efficacy
To assess the impact of object-level and frame-level fea-
tures, we conduct ablation studies summarized in Tab. 2.
In addition to SlowFast+CLIP-B (SF+C), we also evaluate
VideoMAEv2-b, a powerful video encoder capable of mod-
eling motion through multi-frame inputs.

The first two rows in Tab. 2 show results for the
frame-level baseline. VideoMAEv2 consistently outper-
forms SF+C, especially on Charades-STA, where motion
understanding is critical. The smaller gap on QVHighlights
reflects its greater emphasis on object semantics rather than
motion. Results in the next three rows demonstrate the im-
portance of both visual and semantic features in the object-
centric framework: removing either component leads to no-
ticeable drops in performance, confirming their complemen-
tary roles in modeling object state changes.

The final two rows evaluate the combined model (object-

centric + frame-level), which achieves consistent improve-
ments over the object-centric model alone on both datasets.
Notably, on Charades-STA, adding VideoMAEv2 features
boosts mIoU by 5.6%, compared to only 0.5% with SF+C.
In contrast, QVHighlights shows comparable mAP gains
(2.8% vs. 3.7%).

Comparing the last two rows to the first two highlights the
overall value of the object-centric framework. On Charades-
STA, incorporating it yields mIoU improvements of 2.8%
(SF+C) and 1.4% (VideoMAEv2). The smaller gain for
VideoMAEv2 reflects its strong performance in person-
centric videos, where motion modeling alone suffices. On
QVHighlights, however, the object-centric framework con-
sistently enhances both baselines, with mAP (Avg.) in-
creases of 5.8% and 4.7%, further validating its contribution.

4.4 Impact of Scene Graph Quality
Since the object-centric framework relies on scene graphs,
we investigate how scene graph quality affects performance.
We train an OVSGG model on the Action Genome (AG)
dataset (Ji et al. 2020), which provides scene graph annota-
tions for keyframes in Charades-STA. This model achieves
better accuracy on Charades-STA than the Visual Genome
(VG)-trained version and produces more reliable scene
graphs. We also experiment with ground-truth (GT) scene
graphs from AG to approximate the upper bound, although
they are temporally sparse and limited in vocabulary.

Tab. 3 compares results using scene graphs from three
sources: VG, AG, and GT. Without frame-level features, us-
ing AG and GT graphs yields mIoU improvements of 0.3%
and 11.7%, respectively, over VG. When frame-level fea-
tures are included, consistent gains are observed: +0.9% and
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Object-level features Frame-level features Charades-STA QVHighlights

Visual Semantic SF+C VideoMAEv2 R1 mIoU R1 mAP

@0.3 @0.5 @0.7 @0.5 @0.7 @0.5 @0.75 Avg.

✓ 72.5 61.8 43.1 53.4 59.4 46.1 63.8 45.4 44.1
✓ 79.1 69.5 52.1 59.9 60.7 47.6 65.2 47.9 46.1

✓ 72.5 61.8 42.0 53.4 61.8 48.5 65.2 46.6 44.8
✓ 72.6 60.9 39.4 52.3 61.0 47.6 64.8 45.7 44.1

✓ ✓ 75.1 64.6 44.4 55.7 66.1 51.4 68.5 49.1 47.1

✓ ✓ ✓ 75.5 65.1 46.1 56.2 67.4 54.9 69.7 52.1 49.9
✓ ✓ ✓ 80.9 70.3 52.9 61.3 67.7 55.7 69.7 52.4 50.8

Table 2: Ablation study on object-level and frame-level features on Charades-STA and QVHighlights (val split). Frame-level
features are extracted using two settings: (1) a combination of SlowFast and CLIP-B (SF+C), and (2) VideoMAEv2-b.

Visual encoder Scene graph R1 mIoU
SF+C VMAE VG AG GT @0.3 @0.5 @0.7

✓ 75.1 64.6 44.4 55.7
✓ 75.4 65.2 45.2 56.0

✓ 86.6 78.4 59.9 67.4

✓ ✓ 75.5 65.1 46.1 56.2
✓ ✓ 76.4 66.4 47.4 57.1
✓ ✓ 87.6 80.3 63.6 69.1

✓ ✓ 80.9 70.3 52.9 61.3
✓ ✓ 80.8 72.0 54.4 61.8
✓ ✓ 88.0 81.1 64.9 69.8

Table 3: Impact of scene graph quality on performance on
Charades-STA. We evaluate the effect of different scene
graph sources: pre-trained models on Visual Genome (VG)
and Action Genome (AG), as well as ground-truth (GT)
scene graphs. Frame-level features are extracted using two
settings: (1) a combination of SlowFast and CLIP-B (SF+C),
and (2) VideoMAEv2-b (VMAE).

+12.9% for SF+C, and +0.5% and +8.5% for VideoMAEv2.
These results highlight the strong potential of our framework
to further improve as better scene graph generation models
become available.

4.5 Computational Cost Analysis
The object-centric framework introduces additional com-
ponents beyond frame-level methods, increasing computa-
tional cost. We analyze inference-time processing time and
GPU memory usage of each major module on Charades-
STA, as summarized in Tab. 4. The main source of over-
head lies in the scene graph generator, which consumes more
GPU memory than the visual encoder but keeps total usage
around 10.7 GB—acceptable for most practical settings. In
terms of processing time, the scene graph generator is about
2.76× slower than the visual encoder, mainly due to its re-
liance on a heavy object detector. We expect this overhead
can be mitigated by future OVSGG models based on real-

Module Time cost
(seconds/video)

GPU memory
usage (Mb)

Scene graph parser 0.142 1549
Text encoder 0.005 885
Visual encoder 2.290 2886
Scene graph generator 6.321 3413
Tracklet transformer 0.115 1932

Table 4: Computational cost of major modules during in-
ference on Charades-STA (measured on a single NVIDIA
L40S GPU). The scene graph parser is FACTUAL (Flan-T5-
base); the visual encoder is a combination of CLIP-B and
SlowFast-R50; the text encoder is CLIP-B; and the scene
graph generator is OvSGTR (Swin-B). The cost of the track-
ing process and the RoIAlign operation is negligible and ac-
counted for in the runtime of the relational tracklet trans-
former and scene graph generator, respectively.

time detectors such as YOLO-World (Cheng et al. 2024),
which are significantly faster than GroundingDINO (Liu
et al. 2024a), used in our current setup. The costs of previ-
ous methods (Lee and Byun 2025; Jiang et al. 2024) mainly
come from the visual encoder which is the same as ours,
while their transformer modules are generally less costly.
Therefore, Tab. 4 allows a rough cost comparison between
previous methods and our method.

5 Conclusion

We proposed a novel object-centric framework for video
moment retrieval that addresses the limitations of prior
frame-level approaches in modeling object-level state
changes. Our method constructs object-level feature se-
quences and captures their spatio-temporal dynamics via a
relational tracklet transformer. Experiments on three bench-
marks demonstrate that our method outperforms state-of-
the-art methods. Additionally, we show that the framework’s
performance can be further improved as open-vocabulary
scene graph generation models continue to advance.
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