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Abstract

Video Moment Retrieval (VMR) involves locating specific
moments within a video based on natural language queries.
However, existing VMR methods that employ various strate-
gies for cross-modal alignment still face challenges such as
limited understanding of fine-grained semantics, semantic
overlap, and sparse constraints. To address these limitations,
we propose a novel Concept Decomposition Transformer
(CDTR) model for VMR. CDTR introduces a semantic con-
cept decomposition module that disentangles video moments
and sentence queries into concept representations, reflecting
the relevance between various concepts and capturing fine-
grained semantics which is crucial for cross-modal match-
ing. These decomposed concept representations are then used
as pseudo-labels, determined as positive or negative samples
by adaptive concept-specific thresholds. Subsequently, fine-
grained concept alignment is performed in video intra-modal
and textual-visual cross-modal, aligning different conceptual
components within features, enhancing the model’s ability to
distinguish fine-grained semantics, and alleviating issues re-
lated to semantic overlap and sparse constraints. Comprehen-
sive experiments demonstrate the effectiveness of the CDTR,
outperforming state-of-the-art methods on three widely used
datasets: QVHighlights, Charades-STA, and TACoS.

Introduction
Video Moment Retrieval (VMR) refers to the task of lo-
cating specific moments within a video based on natu-
ral language queries (Gao et al. 2017; Jiang et al. 2022).
Specifically, given a query describing a moment within an
untrimmed video, VMR aims to determine the start and end
timestamps of relevant video moments (Qu et al. 2020; Li
et al. 2024a; Moon et al. 2023b). This challenging and mean-
ingful task in the field of video understanding requires accu-
rate comprehension of both the video content and the lan-
guage query, as well as the alignment of their representa-
tions in a cross-modal space (Wang et al. 2022; Liu et al.
2024; Zhu et al. 2022).

Existing VMR methods employ various strategies for
cross-modal alignment (Wei et al. 2023; Liu et al. 2022a;
Qi et al. 2024). Some approaches suggest video moments
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Figure 1: Video and query are decomposed into concept rep-
resentations, indicating concept relevance. Annotated data
facilitates concept space alignment. By using concept repre-
sentations as pseudo-labels, fine-grained concept alignment
is achieved by aligning the conceptual components within
the video intra-modal and textual-visual cross-modal spaces.

and extract features at the moment-level, aligning them with
sentence-level query features and using ranking structures
to identify the best-matched moments (Wang et al. 2022; Li
et al. 2023; Ning et al. 2021). Other approaches use clip-
level video features and word-level query features for cross-
modal interaction, followed by predicting the video mo-
ments through prediction heads (Mun, Cho, and Han 2020;
Liu, Qu, and Hu 2022) or transformer decoder based on
DETR (Jang et al. 2023; Lin et al. 2023; Sun et al. 2024).

Despite significant advancements, these methods still face
several challenges. Firstly, due to the complexity of cross-
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modal semantics, current methods have a limited under-
standing of visual and linguistic elements, failing to ac-
count for various independent concepts within the seman-
tics (Li et al. 2024a; Moon et al. 2023b). They cannot com-
prehend and recognize fine-grained semantics of concepts
(Qu et al. 2020; Fang et al. 2023; Qi et al. 2024). Addition-
ally, previous methods typically use contrastive learning to
pull semantically similar positive samples closer while push-
ing apart semantically dissimilar negative samples. How-
ever, misaligned negative samples often exhibit substantial
semantic overlap, resulting in contradictory feature repre-
sentations that hinder accurate alignment (Liu, Qu, and Hu
2022; Li et al. 2024a; Zhu et al. 2022). Furthermore, the
VMR encounters the issue of sparse constraints, where only
a small portion of moments are annotated, leaving most mo-
ments as unconstrained negative samples (Li et al. 2023;
Jung et al. 2023; Wang et al. 2022).

To address these issues, we propose a novel Concept De-
composition Transformer (CDTR) model for VMR. CDTR
explicitly disentangles video moments and queries into se-
mantic concepts through concept decomposition. By map-
ping complex cross-modal data to semantic concepts in nat-
ural language, we effectively capture intrinsic fine-grained
semantics for cross-modal matching. Specifically, the con-
cept decomposition module quantifies the semantic rele-
vance between all semantic concepts from the input data.
As shown in the upper part of Fig. 1, after being processed
by the concept decomposition module, moments and query
are disentangled into relevant vectors of specific concepts,
like teen, girl, and car. Next, the decomposed concepts are
used as pseudo-labels for fine-grained concept alignment,
discerning relevant semantic concepts within different video
moments. By aligning the various conceptual components,
the issue of semantic overlap is effectively mitigated. More-
over, the use of pseudo-labels allows to exploit information
from unlabeled moments, alleviating the sparse constraints.

Fine-grained concept alignment encompasses textual-
visual cross-modal alignment and video intra-modal align-
ment, as shown in the lower part of Fig. 1. For textual-
visual cross-modal alignment, we use the decomposed mo-
ment concepts as pseudo-labels and match them with the
textual concepts, i.e. words in the query. Positive and neg-
ative samples for both tasks are selected based on adaptive
concept-specific thresholds. Subsequently, through similar-
ity evaluation that reflects the relevance of specific concepts
by concept extraction and contrastive learning, conceptual
components are aligned. Similarly, for video intra-modal
alignment, pseudo-labels are used to align the conceptual
components in other moments with the salient concepts in
the annotated video moments.

In summary, the contributions of this paper are as follows:

• We propose a novel CDTR model for VMR that utilizes
semantic concept decomposition to explicitly disentangle
video moments and queries into independent concepts,
effectively capturing intrinsic fine-grained semantics.

• By using the decomposed concepts as pseudo-labels for
fine-grained concept alignment, the model aligns visual
and textual conceptual components, enhancing its ability

to distinguish subtle semantic features.
• We conduct comprehensive experimental analysis on

three widely used datasets, QVHighlight, Charades-STA,
and TACoS, to validate the effectiveness of CDTR.

Related Works
Video Moment Retrieval. Video Moment Retrieval (VMR)
involves identifying the most relevant video moment based
on a given query, a research area rooted in studies by (Gao
et al. 2017; Anne Hendricks et al. 2017; Zhang et al. 2023).
Existing VMR methods are generally classified into two cat-
egories: candidate-based and direct-prediction approaches
(Lan et al. 2023; Chen et al. 2023). Candidate-based meth-
ods typically generate multiple potential moments and eval-
uate their relevance to the query using multimodal feature
fusion, selecting the candidate with the highest relevance
score. Some techniques use multiscale sliding windows to
generate candidates and predict scores through operations
on a two-dimensional matrix (Liu et al. 2021a), with en-
hancements achieved through metrics learning to improve
alignment capabilities (Wang et al. 2022; Li et al. 2023).
Recently, transformer decoder-based methods have been ex-
plored, offering end-to-end solutions that directly output
predictions with notable success (Cao et al. 2021; Lei, Berg,
and Bansal 2021; Moon et al. 2023b,a). Direct-prediction
methods avoid generating explicit candidate segments and
instead focus on predicting the target moments directly by
learning interactions between video and sentence features
(Zhang et al. 2020a; Mun, Cho, and Han 2020). Some
methods improve VMR performance by designing attention
mechanisms (Zeng et al. 2021), analyzing salient feature
(Liu et al. 2022a; Liu, Qu, and Hu 2022), and enhancing
model generalization (Liu et al. 2024; Li et al. 2022; Mun,
Cho, and Han 2020).

Despite advancements in VMR, challenges like ineffec-
tive fine-grained semantic understanding, semantic overlap,
and sparse constraints remain. To address these, we propose
a model that uses semantic concept decomposition to map
complex multi-modal data into clear semantic concepts. By
leveraging pseudo-labels and adaptive thresholds, we aim
to improve the alignment of visual and linguistic elements,
handle unlabeled moments, and enhance VMR performance.
Cross-modal Alignment. Recently, contrastive learning has
achieved significant success in cross-modal alignment tasks
(Khosla et al. 2020; Wei et al. 2024a), such as text-image
(Luo et al. 2023; Wei et al. 2020, 2024b) and text-video
retrieval (Wang, Zhu, and Yang 2021; Ma et al. 2022; Wei
et al. 2021a), by selecting positive and negative samples or
using data augmentation to learn joint representations of vi-
sual and textual modalities and maximizing mutual informa-
tion between representations (Hjelm et al. 2018). Some ap-
proaches have adopted hierarchical representations to learn
the alignment between video and text (Jin et al. 2023; Chen
et al. 2020), but they mainly rely on analyzing the query. In
the VMR task, some methods improve accuracy by intro-
ducing causal reasoning (Nan et al. 2021), geodesic distance
(Li et al. 2023), or considering the context of moments (Jung
et al. 2023) in contrastive learning.
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Figure 2: Overview of the proposed Concept Decomposition Transformer (CDTR). The model begins by extracting clip-level
and word-level concept representations through the concept decomposition module, while generating query relevance to sparsify
these concept representations. Annotated data is then used to supervise concept space alignment at the moment-query level.
Subsequently, a sparse merge module aggregates features that are focused on the relevant concepts with query relevance. The
concept representations are employed as pseudo-labels for all moments, aiding in the identification of positive and negative
samples for specific concepts. CDTR enables fine-grained concept alignment within both video intra-modal and textual-visual
cross-modal contexts through contrastive learning of the conceptual components obtained via concept extraction.

Methodology
Problem Formulation
Given an untrimmed video, denoted as V , and a sentence
query Q. We represent the video as V = {fi}

Nf

i=1, where Nf

denotes the frame count. The sentence query is expressed
as Q = {wi}Nw

i=1, with Nw representing the word count. The
goal of VMR is to localize the target video moment in V that
semantically aligns with the query Q. This process entails
predicting the start and end timestamps (ts, te).

Overview
Fig. 2 illustrates the architecture of CDTR. First, clip-level
and word-level feature representations are extracted through
text and video encoders. Next, concept representations are
generated through concept decomposition, and query rele-
vance vectors are produced to sparsify the concept represen-
tations, focusing on the most relevant concept dimensions.
Annotated information is used for sentence-moment level
concept space alignment, disentangling the fine-grained se-
mantic concepts within the data. The sparse merge mod-
ule then aggregates the concept representations, and video
intra-modal and text-video cross-modal fine-grained align-
ment are employed to comprehend the fine-grained concepts
within moments and queries. Specifically, the concept repre-
sentations of video moments are used as pseudo-labels to se-
lect positive and negative samples, while concept extraction

isolates the specific conceptual components of feature repre-
sentations. Contrastive learning is employed to bring seman-
tically similar concepts in videos and text closer together.
Cross-modal interaction is achieved through cross-attention,
and the sequential attention mechanism focuses on more sig-
nificant features after the interaction, finally predicting the
target moments through a moment decoder.

Feature Extractors
According to most previous VMR methods (Liu et al. 2024;
Moon et al. 2023b), we employ fixed feature extractors to
obtain pre-obtained features from the raw data to capture the
semantics of the video V and the queryQ, respectively. Gen-
erally, feature encoders are divided into video encoder and
text encoder. We use MLPs to map the extracted video fea-
tures and query features to a common space. The obtained
video features can be represented as Fv ∈ RNt×D, where
Nt represents the number of video clips, D denotes the di-
mension of the features. The query features can be repre-
sented as Q = {qn}Nw

n=1 ∈ RNw×D.

Concept Decomposition
We transform the input into concept space representations
through concept decomposition. For the concepts utilized,
we employ the vocabulary from the BERT tokenizer (Ken-
ton and Toutanova 2019) to represent different concepts, and
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perform spelling checks using the SpellChecker library. The
final concept library is comprised of 17,533 usable words,
denoted as C = {ci}Ns

i=1, where Ns represents ||C||, which
is 17,533. Subsequently, we derive high-dimensional vec-
tors for each word in the concept library using the CLIP text
encoder. The final set of concept vectors is represented as
{S(ci)}Ns

i=1, where S(ci) denotes a E-dimensional concept
vector for query relevance and concept alignment.

Specifically, we disentangle the video and text features
into the concept space. For video features, before concept
decomposition, a semantic mining module containing mul-
tiple self-attentions is used to extract semantic information
from the input video Fv , obtaining V = {vt}Nt

t=1 ∈ RNt×D.
Each clip feature of the video is then decomposed into con-
cept representations of dimension Ns using a concept de-
composition, where each value in the concept representa-
tions quantifies its relevance to the corresponding word con-
cept. Similarly, the query features are decomposed into text
concept representations using a concept decomposition.

A concept decomposition module includes normalization,
mapping, and activation layers. For video clips or query fea-
tures, it can be represented as:

Vd =ψ(norm(V) ·Wv),Qd =ψ(norm(Q) ·Wq), (1)

where Vd ∈ RNt×Ns ,Qd ∈ RNw×Ns , norm(·) denotes layer
normalization, Wv,Wq ∈ RD×Ns are learnable mapping
matrixes, and ψ(·) represents the softplus function.
Query Relevance Vector. Typically, the semantics of con-
cepts within the concept set are too rich for queries and
visual features. Therefore, we need to sparsify the ob-
tained concept representations to determine which dimen-
sions should contribute more to evaluate the similarity be-
tween features. Specifically, we generate the query relevance
R based on the query. The query relevance R(Q) ∈ RNs

represents the correlation between the query Q and the cor-
responding words in the concept representation. Since the
words in the query are limited and cannot elicit more related
concepts, we construct a concept set by identifying the most
relevant concepts to the words in the query:

R(Q)[i]=

{
max
cn∈Q

cos(S(cn),S(ci)) ifci∈ topL(cn),∀cn∈Q

0 otherwise
, (2)

where cos(·) denotes cosine similarity, topL(cn) denotes the
top-L concepts most relevant to cn based on cos(·).
Concept Space Alignment. We denote all moments (i.e.,
GT moments and non-GT moments in Vd) containing clip-
level concept representations from a batch as {Mb}Bb=1,
andMg denotes the concept representation of the GT mo-
ment corresponding to the query Q. Using max pooling,
we aggregate the concept representations of moments and
queries into Ns-dimensional global concept representations.
The similarity between moment-level and query-level con-
cept representations in relevant semantics is computed as:

sim(M,Q) = π(M) · π(Q) ·R(Q), (3)

where M and Q represent the concept representation of
moment and query, and π denotes the max pooling opera-
tion. To align the fine-grained concept representations across

modalities, we supervise the model with a contrastive loss
based on the annotated moments:

Lcsa =−
∑
Q∈Q

logp(Mg|Q)−
∑
M∈Mg

logp(Qg|M), (4)

p(Mg|Q) =
exp(sim(Mg,Q)/τ)∑
Mb∈M exp(sim(Mb, Q)/τ)

, (5)

p(Qg|M) =
exp(sim(M,Qg)/τ)∑
Qb∈Q exp(sim(M, Qb)/τ)

, (6)

where M and Q are concept representations of video mo-
ments and sentence queries in a training batch, respectively.
Mg denotes moments from the ground truth set. Mg and
Qg correspond to the video moments and sentence queries
matched to the currentQ andM. Moreover, inactive dimen-
sions are sequentially activated to ensure proper supervision.

Fine-grained Concept Alignment
We aggregate the sparse concept representations through a
sparse merge module as follows:

V̂=MLP(Vd ·R(Q))+V, Q̂=MLP(Qd ·R(Q))+Q. (7)

To fully exploit the fine-grained semantic content in videos,
we use the obtained fine-grained concept representations as
pseudo-labels to align individual semantic concept compo-
nents of the features V̂ and Q̂. This fine-grained concept
alignment is divided into two parts: video intra-modal align-
ment and textual-visual cross-modal alignment.
Video Intra-modal Alignment. We first select the top-K
highest value semantic concepts from π(Mg), denoted as
Cg = {cgk}Kk=1. We use the global concept representations
of other video moments (non-GT and other video moments)
as pseudo-labels to select positive and negative samples for
the specific concept cgk. We adopt adaptive concept-specific
thresholds: if the corresponding video moment exceeds the
threshold ρ+(cgk), the moment is a positive sample for the se-
mantic cgk; if it falls below the threshold ρ−(cgk), it is a nega-
tive sample. Adaptive concept-specific thresholds are set by
analyzing global concept representations of all video mo-
ments in each epoch. For each concept, samples greater than
the mean plus one standard deviation are positive samples,
while those lower than the mean minus one standard devi-
ation are negative samples. Ambiguous pseudo-labels due
to classification difficulties can lead to semantic confusion,
making it necessary to disregard the intermediate part.

Next, we extract the clip features corresponding to all mo-
ments from V̂ , and apply linear mapping followed by pool-
ing to obtain the E-dimensional global representation of all
moments, denoted as {M̂ b}Bb=1. We then calculate the con-
trastive loss of these features concerning the concepts in Cg

to achieve fine-grained concept alignment, expressed as:

Lvia =−
∑
c∈Cg

log

(∑
M̂i+∈Pcexp(csim(M̂g,M̂i+,S(c))/τ)∑
M̂b∈Pc+Ncexp(csim(M̂g,M̂b,S(c))/τ)

)
, (8)

csim(M̂g,M̂ b,S(c))=
(M̂g�S(c)) · (M̂ b�S(c))

‖M̂g�S(c)‖2 · ‖M̂ b�S(c)‖2
, (9)
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where csim(·) denotes the similarity based on concept ex-
traction, and� represents the Hadamard product for concept
extraction (Wei et al. 2021b; Ge et al. 2021), which is used
to evaluate the similarity of two input features concerning
specific semantics. Pc and Nc represent the positive and neg-
ative moments for concept c, respectively. S(c) refers to the
concept vectors mentioned earlier. The τ denotes the tem-
perature parameter of contrastive loss.
Textual-visual Cross-modal Alignment. We align the fine-
grained concepts of video moments with sentence queries.
Since the words in the query are sparse and explicit, all
words in the queryQ = {wi}Nw

i=1 are directly used as seman-
tic concepts to be aligned. We determine the positive and
negative samples of moments by adaptive concept-specific
threshold (the GT moment corresponding to the query is
the positive sample for all concepts) and calculate the cross-
modal contrastive loss:

Ltca=−
∑
w∈Q

log

(∑
M̂i+∈Pwexp(csim(Q̂(w), M̂i+,S(w))/τ)∑
M̂b∈Pw+Nwexp(csim(Q̂(w),M̂b,S(w))/τ)

)
,(10)

where Q̂(w) represents the textual feature at the correspond-
ing position of the concept w in the query.

Fusion and Prediction
The video features V̂ and text features Q̂ are fused through a
cross-attention mechanism, resulting in aggregated features
F ∈ RNt×D. A self-attention is applied to obtain features
Fa, and a sequential attention module is used to focus more
on query-relevant features, as represented by:

α = σ(MLP(Fa)) ∈ RNt ,

Fex = α · Fa,
(11)

where σ(·) represents the sigmoid function. Fex ∈ RNt×D

is the temporal feature after adding sequential attention. We
use binary cross-entropy to constrain the attention α to focus
more on query-aligned content:

Lsa =− 1

Nt

Nt∑
i=1

(ᾱi logαi + (1− ᾱi) log(1− αi)) , (12)

where ᾱi is set to 1 if the clip is in the GT moment corre-
sponding to the query, otherwise it is set to 0.

Finally, the features Fex are fed into a moment decoder
for video moment prediction. We introduce learnable spans
(Liu et al. 2021b) to effectively use multimodal features dur-
ing moment prediction. The moment decoder directly uses
moment embedding as queries, effectively utilizing Fex to
predict target moments by updating spans. The moment re-
trieval loss can be represented as:

Lmr =λiouLiou(m,m̄)+λL1‖m−m̄‖1+λceLce(y, ȳ), (13)

where m and m̄ represent the predicted and ground truth
moments, respectively. Liou uses the generalized IoU loss
(Rezatofighi et al. 2019), and y and ŷ denote the confidence
scores for the foreground and background of the predicted
and ground truth moments (Carion et al. 2020), respectively.
The λiou, λL1, and λce are the balancing hyper-parameters.

Method R1 mAP
@0.5 @0.7 @0.5 @0.75 Avg.

Results on Test Split

MCN 11.41 2.72 24.94 8.22 10.67
CAL 25.49 11.54 23.40 7.65 9.89
XML 41.83 30.35 44.63 31.73 32.14
XML+ 46.69 33.46 47.89 34.67 34.90
M-DETR 52.89 33.02 54.82 29.40 30.73
UMT 56.23 41.18 53.83 37.01 36.12
QD-DETR 62.40 44.98 62.52 39.88 39.86
UniVTG 58.86 40.86 57.60 35.59 35.47
MomentDiff 57.42 39.66 54.02 35.73 35.95
BM-DETR 60.12 43.05 63.08 40.18 40.08
MESM 62.78 45.20 62.64 41.45 40.68
UVCOM 63.55 47.47 63.37 42.67 43.18
CDTR(Ours) 65.79 49.60 66.44 45.96 44.37

Results on Val Split

M-DETR 53.94 34.84 - - 32.20
UMT 60.26 44.26 - - 38.59
QD-DETR 62.68 46.66 62.23 41.82 41.22
EaTR 61.36 45.79 61.86 41.91 41.74
UniVTG 59.74 - - - 36.13
UVCOM 65.10 51.81 - - 45.79
TaskWeave 64.26 50.06 65.39 46.47 45.38
CDTR(Ours) 68.03 52.68 66.62 46.97 45.85

Table 1: Performance comparison on QVHighlights test split
and val split with C+SF features.

Therefore, the final loss of the CDTR can be expressed as:

L=Lmr+λhlLhl+λcsaLcsa+λfa(Lvia+Ltca)+λsaLsa, (14)

where λcsa,λhl, λfa, and λsa are hyper-parameters.

Experiments
Datasets and Evaluation
Datasets. We evaluate the proposed method on three widely
used datasets: QVHighlights (Lei, Berg, and Bansal 2021),
Charades-STA (Sigurdsson et al. 2016), and TACoS (Reg-
neri et al. 2013). The QVHighlights dataset consists of
10,148 content-rich YouTube videos, each accompanied by
at least one manually annotated text query that highlights
specific moments. For a fair evaluation, the test set anno-
tations are inaccessible and predictions must be uploaded
to the QVHighlights CodaLab competition platform for as-
sessment. The Charades-STA dataset, derived from the Cha-
rades dataset, contains 9,848 videos capturing daily indoor
activities along with 16,128 human-tagged query texts. We
use 12,408 samples for training and 3,720 for testing. The
TACoS dataset includes long-term videos of cooking activi-
ties, providing a diverse range of scenarios for evaluation.
Evaluation Metrics. Our evaluation uses Recall@1 (IoU
∈ {0.5, 0.7}), mean Average Precision (mAP) at different
thresholds, and mean Intersection over Union (mIoU). Re-
call@1 measures the percentage of top-1 predicted moments
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Method R1 mIoU@0.3 @0.5 @0.7

2D-TAN 58.76 46.02 27.50 41.25
VSLNet 60.30 42.69 24.14 41.58
M-DETR 65.83 52.07 30.59 45.54
MomentDiff - 55.57 32.42 -
QD-DETR - 57.31 32.55 -
UniVTG 70.81 58.01 35.65 50.10
TR-DETR - 57.61 33.52 -
UVCOM - 59.25 36.64 -
CDTR(Ours) 71.16 60.39 37.24 50.65

Table 2: Comparison on Charades-STA with C+SF features.

Method Feat R1
@0.5 @0.7

2D-TAN VGG 40.94 22.85
DRN VGG 42.90 23.68
CBLN VGG 47.94 28.22
FVMR VGG 42.36 24.14
SSRN VGG 46.72 27.98
DCM VGG 47.80 28.00
UMT VGG 48.31 29.25
QD-DETR VGG 52.77 31.13
BM-DETR VGG 56.91 36.24
TR-DETR VGG 53.47 30.81
CDTR(Ours) VGG 56.93 36.20

Table 3: Comparison on Charades-STA with VGG features.

with IoU above a threshold. mAP computes the mean preci-
sion across IoU thresholds, and mIoU calculates the average
IoU with ground-truth annotations over all test samples.
Implementation Details. Experiments use CLIP + Slow-
Fast (C+SF) (Radford et al. 2021; Feichtenhofer et al. 2019),
VGG (Simonyan and Zisserman 2014) for video features,
and CLIP (Radford et al. 2021) for query features. The
hidden dimension is set to 256. For QVHighlights and
Charades-STA, we use a batch size of 32, 300 training
epochs, and a learning rate of 1e-4. For TACoS, the batch
size is 32, epochs are 300, and the learning rate is 2e-4.
Parameters L and K are set to 10 and 5. Add fine-grained
loss after training for 60 epochs. The Adam optimizer with
weight decay of 1e-4 is used.

Comparison with the State-of-the-Art Methods
The state-of-the-art methods include: 2D-TAN (Zhang et al.
2020b), VSLNet (Zhang et al. 2020a), MCN (Anne Hen-
dricks et al. 2017), CAL (Victor et al. 2019), XML (Lei et al.
2020), XML+ (Lei et al. 2020), DRN (Zeng et al. 2020),
CBLN (Liu et al. 2021a), FVMR (Gao and Xu 2021), SSRN
(Zhu et al. 2022), DCM (Yang et al. 2021), M-DETR (Lei,
Berg, and Bansal 2021), UMT (Liu et al. 2022b), QD-DETR
(Moon et al. 2023b), UniVTG (Lin et al. 2023), MomentDiff
(Li et al. 2024b), BM-DETR (Jung et al. 2023), MESM (Liu
et al. 2024), UVCOM (Xiao et al. 2024), TaskWeave (Yang

Method R1 mIoU@0.3 @0.5 @0.7

2D-TAN 40.01 27.99 12.92 27.22
VSLNet 35.54 23.54 13.15 24.99
M-DETR 37.97 24.67 11.97 25.49
MomentDiff 44.78 33.68 - -
UniVTG 51.44 34.97 17.35 33.60
UVCOM - 36.39 23.32 -
CDTR(Ours) 53.41 40.26 23.43 37.28

Table 4: Comparison on TACoS with C+SF features.

CD VIA TCA SAT R1 R1 mAP@0.5 @0.7

59.35 44.28 38.05
3 62.19 47.22 41.06
3 3 62.74 48.77 42.51
3 3 63.99 49.19 43.02
3 3 3 64.72 50.59 43.57
3 3 63.98 48.94 42.65
3 3 3 64.49 50.27 43.01
3 3 3 65.24 50.39 44.52
3 3 3 3 68.03 52.68 45.85

Table 5: Ablation study of concept decomposition (CD),
video intra-modal alignment (VIA), textual-visual cross-
modal alignment (TCA), and sequential attention (SAT).

et al. 2024), and TR-DETR (Sun et al. 2024).

QVHighlights. Our method’s performance on the QVHigh-
lights dataset is shown in Table 1. Thanks to a comprehen-
sive understanding of fine-grained concepts in the video,
our CDTR model achieves new state-of-the-art performance,
showing significant advantages across all metrics. Specifi-
cally, on the test split, CDTR surpasses UVCOM by an av-
erage of 2.38% across all metrics. On the val split, CDTR
also outperforms the TaskWeave in all metrics, particularly
exceeding by 3.77% in R1@0.5 and 2.62% in R1@0.7.

Charades-STA. We report the results on the Charades-STA
benchmark, as shown in Table 2. CDTR surpasses the state-
of-the-art methods using CLIP + SlowFast features across all
metrics. Notably, it exceeds UVCOM by 0.80% in R1@0.7.
Additionally, we evaluate the performance of our model us-
ing VGG features, as shown in Table 3. CDTR achieves
state-of-the-art results in R1@0.5 and is the second best in
R1@0.7, slightly behind BM-DETR.

TACoS. The performance of the CDTR on the TACoS
dataset using CLIP + SlowFast features is shown in Ta-
ble 4. CDTR achieves significant improvements across all
metrics, particularly leading the UVCOM model by 3.87%
in R1@0.5. CDTR outperforms existing methods across
all metrics, demonstrating its effectiveness in fine-grained
alignment and cross-modal matching.
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Query: A girl talking 
and preparing beans and 
eggs for her breakfast.

Ground Truth:

MESM:

CDTR:

54.0s – 98.0s

48.0s – 90.0s

52.00s – 96.0s

Figure 3: Visualization of results and word clouds for concept representations of query and clips.

Concept Extraction R1 R1 mAP@0.5 @0.7

No Extraction 61.98 43.42 39.63
Vector Projection 65.31 51.71 42.40

Hadamard Product 68.03 52.68 45.85

Table 6: Ablation study on concept extraction.

Method R1 R1 mAP@0.5 @0.7

w/o Query Relevance 65.12 50.43 43.71
w/o Semantic Mining 66.85 51.78 44.05

Full Model 68.03 52.68 45.85

Table 7: The ablation study of other components.

Ablation Study
To validate the effectiveness of each component, we con-
ducted an ablation study on the QVHighlights val split.
Main Ablation. We constructed several baseline models in-
corporating different components of our model, with the re-
sults presented in Table 5. Specifically, the use of concept
decomposition and its associated loss functions resulted in a
significant improvement, enhancing the R1@0.5 by 2.84%
compared to the baseline. For fine-grained concept align-
ments such as VIA and TCA, their inclusion also led to sub-
stantial performance gains. Notably, cross-modal TCA con-
tributed more to the improvement; for instance, comparing
rows six, seven, and eight for R1@0.5, the addition of TCA
yielded a 1.26% increase, while VIA added 0.51%. This sug-
gests that fine-grained information in cross-modal contexts
is more critical. Sequential attention enhanced the model’s
focus on relevant content, improving performance. The best
results were achieved when all modules were incorporated.
Concept Extraction. In fine-grained concept alignment, we
employ the Hadamard product for feature extraction. Table
6 compares methods, including dot product projection and

no processing. The Hadamard product enhances semantic
concept representation, achieving superior performance. Dot
product lacks multi-dimensional representation, leading to
weaker results, while no processing causes semantic confu-
sion and significant performance drops.
Other Components. Table 7 reports the impact of query
relevance vectors and semantic mining after the video en-
coder on performance. Clearly, adding query relevance vec-
tors during merging and similarity computation improves
accuracy by focusing on relevant semantic concepts. Addi-
tionally, semantic mining after the video encoder captures
complex temporal semantics in videos, enhancing the accu-
racy of concept decomposition and overall performance.

Qualitative Analysis
In Fig. 3, we visualize a result and word clouds for concept
representations of queries and clips. The proposed model ef-
fectively focuses on relevant concepts within both the video
and the query. Additionally, the ground truth clips contain
more concepts related to the query, demonstrating that the
proposed concept decomposition and fine-grained matching
effectively decouple complex video semantics. For perfor-
mance, CDTR aligns closer to the ground truth than MESM.

Conclusion
This paper proposes a novel Concept Decomposition Trans-
former (CDTR) model for VMR. The CDTR model ad-
dresses several critical challenges in existing VMR meth-
ods by introducing a semantic concept decomposition mod-
ule that decouples video moments and sentence queries
into independent concept representations. This approach en-
ables the capture of fine-grained semantics, which is cru-
cial for accurate cross-modal alignment. Using these decom-
posed concept representations as pseudo-labels, our model
effectively performs fine-grained concept alignment within
the video modality and across modalities, thereby miti-
gating issues related to semantic overlap and sparse con-
straints. Through comprehensive experimental analysis of
the QVHighlight, Charades-STA, and TACoS datasets, we
demonstrated the effectiveness of CDTR in performance.
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