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Abstract
Partially Relevant Video Retrieval (PRVR) aims to retrieve
untrimmed videos containing relevant moments for a given
text query. This task is extremely challenging, as untrimmed
videos often include numerous actions and objects unrelated
to the query. However, existing methods usually struggle with
fine-grained action-object modeling, limiting their retrieval
performance. To tackle this challenge, we introduce Action-
and-object Aware Alignment for Partially Relevant Video Re-
trieval (A3PRVR), a dual-branch framework designed to en-
hance retrieval by improving the modeling of action-object
relationships. Specifically, we propose a Query-specific De-
formable Temporal Attention (Q-DTA) module to effectively
capture action-relevant object information in video features,
while filtering out irrelevant content. Additionally, we pro-
pose an action-and-object aware alignment module to enable
fine-grained textual understanding and video-text alignment.
It uses action- and object-aware contrastive losses to enhance
the model’s sensitivity to action-object distinctions in the
text query. Compared to state-of-the-art methods, A3PRVR
achieves an average relative gain of 6.5% in SumR across the
Charades-STA, ActivityNet-Caption, and TVR datasets.

Code — https://github.com/chuanshen-chen/A3PRVR

1 Introduction
With the rapid growth of online media, millions of videos
are uploaded daily, driving demand for effective video re-
trieval from large corpora. Text-to-video retrieval (T2VR)
has gained research interest due to applications like con-
tent recommendation (Hanu et al. 2022) and surveillance
analysis (Irene, Prakash, and Uthariaraj 2024; Yuan et al.
2024). Most T2VR methods (Bain et al. 2021; Chen et al.
2020; Jin et al. 2021; Wang et al. 2022b; Li et al. 2020;
Song et al. 2021) assume videos are pre-trimmed, short, and
fully relevant to the query. However, real-world videos are
usually untrimmed, with complex scenes where only parts
are query-relevant. To handle this, Dong et al. (Dong et al.
2022a) proposed Partially Relevant Video Retrieval (PRVR),
focusing on retrieving untrimmed videos that contain mo-
ments relevant to a given text query. The challenge of this
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Figure 1: Comparison between PRVR methods. MS-SL
(Dong et al. 2022a) captures only the action “places” with-
out identifying the correct object (“chair”), while DL-DKD
(Dong et al. 2023) focuses on the “chair” but misses the ac-
tion “places”. Our method focuses on action and object in
the query, thus accurately retrieving the video.

task is that untrimmed videos typically contain numerous
actions and objects unrelated to the text query. As a result,
the PRVR task requires models to develop a fine-grained
perception and understanding of actions, action-relevant ob-
jects, and their nuanced relationships, enabling precise re-
trieval in complex scenes.

Existing partially relevant video retrieval methods (Dong
et al. 2022a; Jiang et al. 2023; Wang et al. 2024b; Dong
et al. 2023) rely on contrastive learning to align visual and
textual features, facilitating the capture of partial relation-
ships between text and video. The perception of actions
and objects differs across different methods. One group of
methods (Dong et al. 2022a; Jiang et al. 2023; Wang et al.
2024b; Cho et al. 2025; Jun et al. 2025) rely on pre-trained
action recognition models (e.g., I3D (Carreira and Zisser-
man 2017)) to extract video features. While effective in
capturing action-related information, these methods strug-
gle to capture detailed object information fully. To fill this
gap, (Dong et al. 2023; Song et al. 2025) uses large-scale
vision-language models like CLIP (Radford et al. 2021) to
guide object-focused learning. This method employs sepa-
rate branches to extract both action patterns and object-level
information. However, since it does not model the relation-
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ship between actions and interacting objects, this method
may focus on action-irrelevant object information, leading
to potential interference. The visualization results in Fig. 1
also support this. For example, for the query “She places the
newly painted chair in a boy’s room.”, MS-SL (Dong et al.
2022a) retrieves a Top-1 video with the action “places” but a
“window” instead of the “chair” in the query, capturing the
action while overlooking the object. Conversely, the Top-1
result of DL-DKD (Dong et al. 2023) includes a “chair” but
misses the action “places”, focusing on an action-irrelevant
object rather than the correct action-object relationship in
the query. To sum up, existing methods lack a fine-grained
visual understanding of actions, objects, and their relation-
ships, which limits retrieval performance.

Beyond the visual understanding issues, most current
methods (Dong et al. 2022a; Jiang et al. 2023; Wang et al.
2024b; Dong et al. 2023; Song et al. 2025) also struggle
with the text query side. They typically form positive and
negative sample pairs by directly matching text queries with
video segments within the same batch. However, the notice-
able action and object distinctions between text queries lead
the model to rely on obvious semantic cues, rather than de-
veloping a fine-grained textual understanding of actions and
relevant objects. This approach fails to establish the fine-
grained alignment between videos and text queries, which is
crucial for the PRVR task.

In this paper, we propose a framework called Action-and-
object Aware Alignment for Partially Relevant Video Re-
trieval (A3PRVR), enabling fine-grained action-and-object
aware video-text alignment for precise retrieval. To effec-
tively capture the relationships between actions and rele-
vant objects, we propose a Query-specific Deformable Tem-
poral Attention (Q-DTA) module with dual-branch video
feature extraction. One branch extracts action-focused fea-
tures (e.g., using I3D (Carreira and Zisserman 2017)), while
the other extracts object-focused features (e.g., using CLIP
(Radford et al. 2021)). Our deformable attention mechanism
allows each video segment to attend to nearby but flexi-
ble segments rather than all segments (Vaswani 2017), as
temporally distant ones often lack meaningful action-object
relationships. Additionally, our query-specific approach al-
lows each query video segment to focus on its own action-
object relationships, rather than on shared attention regions
(Xia et al. 2022). Moreover, to achieve fine-grained tex-
tual understanding and video-text alignment, we propose an
action-and-object aware alignment module. This module in-
tegrates temporal-level video-text matching with action- and
object-aware contrastive losses in their respective alignment
branches, where hard negative text samples are generated
by replacing actions (verbs) or objects (nouns) in the text
queries. This enables fine-grained video-text alignment in
an action- and object-aware manner.

Contributions: 1) We propose A3PRVR, a dual-
branch framework that enables fine-grained action-and-
object aware alignment for precise retrieval. Extensive eval-
uations on three benchmarks show A3PRVR achieves an av-
erage relative gain of 6.5% in SumR over SOTA methods.
2) We propose the Q-DTA module to effectively capture
action-object relationships in video features. Empirical re-

sults demonstrate that capturing action-relevant object infor-
mation is crucial for PRVR, as shown in Tab. 4. 3) We pro-
pose the action-and-object-aware alignment module to en-
able fine-grained textual understanding and video-text align-
ment. Beyond quantitative results, we provide visualizations
in the supplementary1 showing how this module enhances
sentence feature sensitivity to action–object distinctions.

2 Related Works
Partially Relevant Video Retrieval (PRVR). PRVR aims
to retrieve untrimmed videos containing relevant moments
for a given query. Existing methods (Dong et al. 2022a;
Jiang et al. 2023; Wang et al. 2024b; Jun et al. 2025; Cho
et al. 2025; Zhang et al. 2025; Li et al. 2025) typically use
pre-trained action recognition models like I3D (Carreira and
Zisserman 2017) to extract video features, while AMDNet
(Song et al. 2025) uses CLIP (Radford et al. 2021) to ex-
tract object features. DL-DKD (Dong et al. 2023), lever-
ages I3D and CLIP for action-focused and object-focused
features but struggles to model the relationship between ac-
tions and relevant objects. Furthermore, the large differences
in action and object content between positive and negative
sample pairs hinder fine-grained alignment. Our A3PRVR
overcomes these limitations by enhancing a fine-grained un-
derstanding of actions, objects, and their relationships in
both visual and textual domains.
Deformable Attention. Introduced by DCN (Dai et al.
2017; Zhu et al. 2019), adjusts the sampling locations of
convolutional kernels, enhancing adaptability to varying
scales and shapes. Deformable Attention (Xia et al. 2022)
extends this idea to Transformers, enabling flexible attention
regions and reducing computational complexity. In video
tasks, Deformable Video Attention (Wang and Torresani
2022) operates in 3D space (T × H × W ), but is less ef-
fective for downstream tasks with pre-trained, frozen video
features, as the spatial dimensions are discarded during fea-
ture extraction, leaving only the temporal dimension (T ). To
address this, we propose a Query-specific Deformable At-
tention (Q-DTA) module that operates along the temporal
dimension (T ). Unlike prior methods (Xia et al. 2022; Wang
and Torresani 2022) that use shared deformable points, our
module selects deformable points independently for each
query, improving attention precision and reducing noise.
This approach is well-suited for PRVR tasks with pre-trained
encoders, retaining the benefits of deformable mechanisms
for temporal modeling.
Action and Object Understanding. In video-language
alignment tasks, understanding actions and objects is essen-
tial. To improve action comprehension, (Wang et al. 2023;
Momeni et al. 2023) propose action-aware losses during
pre-training. For object understanding, (Wang et al. 2022a)
enhances object awareness during pre-training, while (Li
et al. 2022; Han et al. 2022) uses object detection results
for downstream tasks. In text-to-video retrieval, methods (Li
et al. 2023; Song, Chen, and Jiang 2023) prioritize action-
and object-related information through spatio-temporal

1https://github.com/chuanshen-chen/A3PRVR
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modeling to deepen video-text relations. However, for par-
tially relevant video retrieval, where untrimmed videos con-
tain irrelevant moments, extensive spatio-temporal model-
ing becomes inefficient. We focus more on the temporal as-
pect to identify relevant moments matching the text queries.
To address this, we propose a novel action-and-object aware
alignment module that combines temporal-level video-text
matching with action- and object-aware contrastive losses.

3 Method
Problem Formulation and Method Overview
Given a text query, partially relevant video retrieval aims
to retrieve untrimmed videos containing moments seman-
tically relevant to the query. Let the video corpus, consist-
ing of NV videos, be denoted as V = {V1, V2, . . . , VNV

},
where each video Vi consists of T segments, represented
as Vi = {vi,1, vi,2, . . . , vi,T } with vi,j being the j-th seg-
ment of the i-th video. Let the set of text queries, consist-
ing of NU queries, be denoted as U = {U1, U2, . . . , UNU

},
where each text query Ui with R tokens, denotes as Ui =
{ui,1, ui,2, . . . , ui,R} with ui,j being the j-th token of i-th
text query. To simplify notation, and where no ambiguity
arises, we use V and vj to denote a video and its j-th seg-
ment, respectively. Similarly, U and uj are used to repre-
sent a text query and its j-th token. The task of PRVR is ex-
tremely challenging, as untrimmed videos often include nu-
merous actions and objects unrelated to the query. However,
existing PRVR methods usually struggle with fine-grained
action-object modeling, limiting their retrieval performance.

To tackle this, we propose a framework called Action-
and-object Aware Alignment for Partially Relevant Video
Retrieval (A3PRVR) to model action-and-object aware
video-text alignment with two parts. First, we construct a
dual-branch framework to extract visual features, with the
two branches utilizing I3D-based (Carreira and Zisserman
2017) and CLIP-based (Radford et al. 2021) visual encoders
to capture action-aware and object-aware features, respec-
tively. We then introduce a Query-specific Deformable Tem-
poral Attention (Q-DTA) module, enabling action-centric
queries to focus on relevant object features through de-
formable attention, thereby enhancing action-object interac-
tion understanding in video features. Second, we propose an
action-and-object aware alignment module that integrates
temporal-level video-text matching with action- and object-
aware contrastive losses for respective alignment branches.
The framework of our A3PRVR is illustrated in Fig. 2.

Query-specific Deformable Temporal Attention
We first present a dual-branch video feature extraction
framework using I3D- and CLIP-based encoders to ex-
tract action- and object-focused features, respectively. Sub-
sequently, we propose a Query-specific Deformable Tem-
poral Attention (Q-DTA) module that enhances the action-
focused features by integrating action-relevant object fea-
tures, leading to a richer visual representation.
Dual-branch video feature extraction. Given an
untrimmed video V = {v1, v2, . . . , vT }, we extract
action-focused features A ∈ RT×d and object-focused

features O ∈ RT×d using the I3D encoder FI and the CLIP
visual encoder FC , respectively. Each uses a one-layer
Transformer and a ReLU-activated FC layer for dimension
reduction, denoted as ψI and ψC . Specifically:

A = [a1; a2; . . . ; aT ] = Transformer(ψI(FI(V ))),

O = [o1; o2; . . . ; oT ] = Transformer(ψC(FC(V ))),
(1)

where FI(V ) = [FI(v1);FI(v2); . . . ;FI(vT )] and
FC(V ) = [FC(f1);FC(f2); . . . ;FC(fT )], with fj as the
middle frame of segment vj . Here, aj and oj denote the
action- and object-focused features for segment vj .
Query-specific deformable temporal attention module.
Intuitively, feature interaction between the two branches
naturally suits cross-attention (Vaswani 2017). However, in
PRVR, a text is generally relevant to specific contiguous seg-
ments of a video, with weak relationships between tempo-
rally distant segments. Consequently, applying standard at-
tention calculations to segment features that are temporally
distant may introduce noise instead of yielding useful in-
formation. To allow a segment to attend to adjacent yet de-
formable segments, we propose a Query-specific deformable
temporal attention mechanism. Unlike deformable attention
in DAT (Xia et al. 2022) learns shared deformed points for
all queries, our method learns query-specific deformed tem-
poral points. This better suits PRVR, as each query segment
often represents distinct actions and requires its own action-
relevant objects to model diverse temporal relations. Abla-
tion results in Tab. 3 confirm its effectiveness.

To illustrate our Query-specific Deformable Temporal
Attention, we use action-focused segment features A =
[a1; a2; . . . ; aT ] as input of queries (Q) and object-focused
segment features O = [o1; o2; . . . ; oT ] as input of keys (K)
and values (V). The query matrix is computed as Aq =
AWq , with Wq ∈ Rd×d as a learnable projection. The cal-
culation of keys and values requires a sampling operation
for object-focused segment features. We need to generate
deformable sampling points to sample features O. Given
a uniform grid of points P = [p1, p2, . . . , pT ] ∈ RT as
references, the values of these reference points are linearly
spaced 1D coordinates {1, 2, . . . , T}. The values of the ref-
erence points can be regarded as the indices of queries. To
obtain multiple deformed points for each reference point,
offsets are added to each reference. These offsets are gener-
ated by feeding Aq into a lightweight sub-network θoffset(·):

∆P = [∆p1; ∆p2; . . . ;∆pT ] = θoffset(Aq), (2)

where ∆pj ∈ Rn denotes n offsets of reference point pj ,
and ∆P ∈ RT×n is an offsets matrix. The deformed points
for each reference point can be expressed as δj = Vec(pj)+
∆pj , where δj ∈ Rn represents n deformed sampling points
of pj , and Vec(·) denotes the vectorization operation. The
object-focused features are then sampled at the locations of
the deformed points, expressed as ôj = Φ(O, δj), where
ôj ∈ Rn×d denotes the sampled features obtained using the
deformed points δj . We set the sampling function Φ(·, ·) to
a linear interpolation to make it differentiable:

Φ(O, x) =
[
(1− ϵ(xi))o⌊xi⌋ + ϵ(xi)o⌊xi⌋+1

]n
i=1

,

with ϵ(xi) = xi − ⌊xi⌋,
(3)
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Figure 2: Framework of our A3PRVR. The video encoder uses I3D and CLIP to extract action- and object-focused video
features, refined by the Query-specific Deformable Temporal Attention module to model action-object relationships (Note:
“Query-specific” refers to query (Q) in the attention mechanism, not the text query). Text features are extracted with RoBERTa
(Liu 2019). Fine-grained video-text alignment is achieved in the Action-and-object Aware Alignment module, with video-text
matching scores SA, SO in the action and object branches, respectively. The final score SFusion combines SA and SO with
weighted sum. Action- and object-aware contrastive losses LA,LO enforce action- and object-level alignment, respectively.

where x ∈ Rn is an indices vector, and xi ∈ R denotes the
i-th element of x. The overall sampled features, keys, and
values are obtained as follows:

Ô = [ô1; . . . ; ôT ] = [Φ(O, δ1); . . . ; Φ(O, δT )],

Ôk = ÔWk, Ôv = ÔWv,
(4)

where Ô, Ôk, Ôv ∈ R(T×n)×d are the sampled features,
keys, and values, and Wk,Wv ∈ Rd×d are learnable pro-
jections. Our deformable attention is computed as:

Att(Aq, Ôk, Ôv,M) = softmax(
AqÔ

⊤
k√
d

+M)Ôv,

with Mij =

{
0, if (i− 1)n < j ≤ in,

−∞, otherwise,

(5)

where Att denotes the attention operation, and M ∈
RT×(T×n) is a mask matrix with Mij = −∞ indicating
masked positions and Mij = 0 indicating active ones. The
mask ensures each query attends only to its deformed keys.
To reduce computation, we avoid computing the full at-
tention matrix. Our attention has complexity O(Tn) (with
n≪ T ), significantly lower than the standard O(T 2).

Following (Vaswani 2017), we apply the multi-head atten-
tion (MHA) mechanism, denoted as MHA(Aq, Ôk, Ôv,M),
with details omitted for brevity. Our deformable temporal
cross-attention module is formulated as follows:

A′ = LN(MHA(Aq, Ôk, Ôv,M) +A),

A′′ = LN(FFN(A′) +A′),
(6)

where LN is Layer Normalization (Ba 2016), and FFN is
a two-layer Feed-Forward Network with ReLU activation.
Here,A′, A′′ ∈ RT×d, whereA′′ = Q-DTA(A,O) is the en-
hanced action-focused feature from our Query-specific De-
formable Temporal Attention module. Alternatively, object-
focused features can serve as queries (Q) and action-focused
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Figure 3: Framework of the Query-specific Deformable
Temporal Attention (Q-DTA) module. (a) Q-DTA lets
action-centric queries attend to relevant object features via
deformable attention, with the Masked Attention Matrix en-
suring each query focuses on its point. (b) The Offset Net-
work generates query-specific offsets using 1D convolution,
GELU, and a linear layer for flexible temporal focus.

features as keys/values to obtain O′′ = Q-DTA(O,A).
However, replacing O with O′′ for subsequent video-text
matching does not yield optimal performance (see Tab. 4).
For each text query, actions typically involve specific ob-
jects (e.g., a person using a tool), while objects in the back-
ground are not always related to the action (e.g., scene ob-
jects). Forcing all object information to interact with action
features may introduce noise. Thus, we useA′′ to replaceA,
but not O′′ to replace O, for video-text matching.
Offset generation and grouping. A sub-network generates
offsets by consuming query features and producing offset
values for reference points. The sub-network consists of two
linear layers with a nonlinear activation, as shown in Fig.
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3(b). To stabilize the training process, we normalize the val-
ues of reference points to the range [−1,+1]. We then apply
a corresponding scaling to offsets as ∆P ← γtanh(∆P ),
where γ is a scale factor. We implement index mapping op-
erations during sampling features, which are omitted here
for brevity. To encourage diversity, we follow DAT (Xia
et al. 2022) by splitting features into g groups, each using
a shared sub-network to generate offsets. The number of at-
tention heads h is a multiple of g, ensuring multiple heads
are assigned to one group of deformed keys and values.

Action-and-object Aware Alignment
We first present a dual-branch sentence feature extraction
framework that encodes the text query using RoBERTa (Liu
2019). Specifically, we extract two sentence features: one
corresponding to the action-focused video feature and the
other to the object-focused video feature, for subsequent
video-text matching. We then propose an action-and-object
aware alignment module, which incorporates action- and
object-aware contrastive losses for each branch to enable
more precise and fine-grained video-text alignment.
Dual-branch sentence feature extraction. Given a text
query U = {u1, . . . , uR}, we extract action-sensitive and
object-sensitive features zA, zO ∈ R1×d, corresponding
to the action- and object-focused video features, using
RoBERTa (Liu 2019) followed by a one-layer Transformer:

zA = AttPool(Transformer(ψA(FRo(U)))),

zO = AttPool(Transformer(ψO(FRo(U)))),
(7)

where ψA, ψO are fully connected layers with ReLU activa-
tion. ψA(FR(U)), ψO(FR(U)) ∈ RR×d denote the token-
level features. AttPool(·) denotes the attentive pooling op-
eration, formulated as AttPool(y) = softmax(wy⊤)y,
where y ∈ RR×d represents a 2D feature matrix, and w ∈
R1×d is a learnable vector.
Action-and-object aware alignment module. Given a
video-text pair (V, U), with enhanced action-focused video
feature A′′ = [a′′1 ; . . . ; a

′′
T ], object-focused video feature

O = [o1; . . . ; oT ], action-sensitive sentence feature zA, and
object-sensitive sentence feature zO, we compute the video-
text matching scores, formulated as:

SA(V,U) = Max([cos(a′′1 , z
A), . . . , cos(a′′T , z

A)]),

SO(V,U) = Max([cos(o1, z
O), . . . , cos(oT , z

O)]),
(8)

where cos(·, ·) is the cosine similarity. Max denotes max-
pooling, and SA, SO are the action and object branch match-
ing scores, respectively. Without training, video-text match-
ing scores are low due to feature misalignment. Aligning
them in an action-and-object-aware manner is challenging.

To tackle this, we propose action-aware and object-aware
contrastive losses for respective branches. While the distinct
pre-trained visual encoders emphasize actions or objects,
RoBERTa lacks inherent sensitivity to either. We address
this by constructing action-aware and object-aware negative
video-text pairs for contrastive learning. As shown in Fig. 4,
we use the Stanford Stanza tool (Qi et al. 2020) to substitute
actions (verbs) or objects (nouns) in a text query, generat-
ing action-aware or object-aware negative text samples. We

Figure 4: Hard negative sample generation for LA and LO.
We generate action-aware and object-aware negative sam-
ples by substituting verbs (e.g., “jumps” to “falls”) and
nouns (e.g., “pool” to “sea”) in a text query, enabling the
model to learn fine-grained distinctions.

extract verbs or nouns from the text query and replace them
with others from the dataset to create negative text samples,
excluding subject-related terms like “person” and “woman”.
Each negative is formed by replacing a single verb or noun,
enabling the model to learn fine-grained contextual differ-
ences. The action-aware contrastive loss LA is defined as:

LA = − 1

B

B∑
i=1

log
exp(SA(Vi, Ui)/τ)

exp(SA(Vi, Ui)/τ) + Σi,A
,

with Σi,A =
∑

UA
i ∈Ni,A

exp(SA(Vi, U
A
i )/τ),

(9)

where B is the batch size, τ is a learnable temperature pa-
rameter, and Ni,A represents all action-aware negative text
samples of Ui. UA

i ∈ Ni,A indicates an action-aware neg-
ative sample of Ui. Similarly, the object-aware contrastive
loss LO shares the same structure, with SO, Ni,O, and
UO
i ∈ Ni,O denoting the corresponding object-aware terms.

Overall Optimization
Beyond action-aware and object-aware contrastive losses, it
is crucial for the model to capture diverse overall semantics
in text queries for effective video-text alignment. Following
MS-SL (Dong et al. 2022a), we also jointly use the triplet
ranking loss (Dong et al. 2021; Faghri et al. 2017) and In-
foNCE loss (Miech et al. 2020; Zhang et al. 2021a), which
are widely used in retrieval tasks. Given a positive video-
text pair (Vi, Ui) in a batch, all other video and text samples
serve as negative examples. We denote the triplet ranking
losses for the action and object branches as Lt

A and Lt
O, and

the InfoNCE losses as LI
A and LI

O. Detailed formulas are
provided in the Supplementary. Finally, the model is trained
by minimizing the overall loss function defined as follows:

L =
λ(LA + LO) + η(Lt

A + Lt
O) + σ(LI

A + LI
O)

2
, (10)

where λ, η, σ are positive hyper-parameters, respectively.
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Method Visual
Backbone

Text
Backbone

Charades-STA ActivityNet-Caption TVR
R@1 R@5 R@10 R@100 SumR R@1 R@5 R@10 R@100 SumR R@1 R@5 R@10 R@100 SumR

CE I R 1.3 4.5 7.3 36.0 49.1 5.5 19.1 29.9 71.1 125.6 3.7 12.8 20.1 64.5 101.1
DE++ I R 1.7 5.6 9.6 37.1 54.1 5.3 18.4 29.2 68.0 121.0 8.8 21.9 30.2 67.4 128.3

RIVRL I R 1.6 5.6 9.4 37.7 54.3 5.2 18.0 28.2 66.4 117.8 9.4 23.4 32.2 70.6 135.6
XML I R 1.6 6.0 10.1 46.9 64.6 5.3 19.4 30.6 73.1 128.4 10.0 26.5 37.3 81.3 155.1

ReLoCLNet I R 1.2 5.4 10.0 45.6 62.3 5.7 18.9 30.0 72.0 126.6 10.0 26.5 37.3 81.3 155.1
CONQUER I R 1.8 6.3 10.3 47.5 66.0 6.5 20.4 31.8 74.3 133.1 11.0 28.9 39.6 81.3 160.8

MS-SL I R 1.8 7.1 11.8 47.7 68.4 7.1 22.5 34.7 75.8 140.1 13.5 32.1 43.4 83.4 172.4
GMMFormer I R 2.1 7.8 12.5 50.6 72.9 8.3 24.9 36.7 76.1 146.0 13.9 33.3 44.5 84.9 176.6

PEAN I R 2.7 8.1 13.5 50.3 74.7 7.4 23.0 35.5 75.9 141.8 13.5 32.8 44.1 83.9 174.2
HLFormer I R 2.6 8.5 13.7 54.0 78.7 8.7 27.1 40.1 79.0 154.9 15.7 37.1 48.5 86.4 187.7

ARL I R - - - - - 8.3 24.6 37.4 78.0 148.3 15.6 36.3 47.7 86.3 185.9
MGAKD I R - - - - - 7.9 25.7 38.3 77.8 149.6 16.0 37.8 49.2 87.5 190.5
Jun et al. I R - - - - - 9.1 27.3 40.4 79.8 156.6 17.4 39.7 51.4 87.9 196.4

CLIP4Clip CV CT 1.8 6.5 10.9 44.2 63.4 5.9 19.3 30.4 71.6 127.3 9.9 24.3 34.3 72.5 141.0
InternVideo2 CV Llama-2 1.9 7.5 12.3 49.2 70.9 7.5 23.4 36.1 76.5 143.5 13.8 32.9 44.4 84.2 175.3

MS-SL CV CT - - - - - 11.3 30.7 43.5 81.7 167.2 17.8 39.4 50.7 88.2 196.1
GMMFormer CV CT - - - - - 10.6 29.5 42.6 79.7 162.4 18.1 40.2 51.7 89.0 199.1

AMDNet CV CT - - - - - 12.3 32.5 45.9 82.1 172.8 19.7 42.4 54.1 88.9 205.1

DL-DKD I+CV R - - - - - 8.0 25.0 37.5 77.1 147.6 14.4 34.9 45.8 84.9 180.0
MS-SL* I+CV R 2.3 8.4 13.7 52.3 76.8 10.7 31.5 44.8 82.1 169.1 25.4 50.0 61.4 92.1 228.9

GMMFormer* I+CV R 2.0 7.4 12.4 51.6 73.4 11.3 31.2 44.5 80.8 167.8 24.9 49.6 61.2 92.3 228.0
AMDNet* I+CV R 1.3 6.4 11.3 48.3 67.3 8.3 25.6 37.4 77.3 148.6 17.0 39.0 50.0 87.1 193.0

A3PRVR (Ours) I+CV R 2.9 9.6 15.5 54.3 82.3 11.8 32.9 46.2 82.3 173.2 27.0 52.4 63.6 92.3 235.3

Table 1: Comparison with state-of-the-art methods on the Charades-STA, ActivityNet-Caption, and TVR datasets. The best
performance is highlighted in bold, while the second-best of our results is underlined. “-” indicates that the corresponding
results are unavailable in the original publication. “*” indicates our reimplementation using dual visual features and RoBERTa-
Base text features. In this table, “I”, “CV”, “CT”, and “R” denote the I3D visual encoder, CLIP-B/32 visual encoder, CLIP-B/32
text encoder, and RoBERTa-Base text encoder, respectively.

Model inference. The video-text matching score is the
weighted sum of action and object branch scores:

SFusion(V,U) = ωSA(V,U) + (1− ω)SO(V,U), (11)

where ω ∈ [0, 1] balances the two matching scores. For each
text query, videos are ranked by descending matching score.

4 Experiments
Datasets: We evaluate A3PRVR on Charades-STA (Gao
et al. 2017), ActivityNet-Caption (Krishna et al. 2017), and
TVR (Lei et al. 2020) (dataset details in the supplementary).
Evaluation Setting: Following (Dong et al. 2022a), we use
rank-based metrics R@K (K = 1, 5, 10, 100), reporting the
percentage of queries with correct results in the top K. Sum
of Recalls (SumR) is also used to assess overall perfor-
mance, with higher values indicating better retrieval.
Implementation Details: Our method follows (Dong et al.
2022a), adopting the same data preprocessing, optimizer,
learning rate, number of epochs, batch size, and loss weights
η and σ (for triplet ranking and InfoNCE), as well as early
stopping. The main difference lies in our use of I3D and
CLIP-B/32 as the visual backbone. In the Q-DTA module,
we set the number of attention heads to h = 8, offset groups
to g = 8, offsets per query to n = 8, and the scale factor
to γ = 64. For the losses LA and LO, we use 12 action-
and object-aware negative samples with a loss weight of
λ = 0.1. The final matching scores from both branches are
fused with equal weights, using ω = 0.5 in Eq. (11).

Comparison with the State-of-the-Art
We compare our method with state-of-the-art methods in
three categories: Text-to-Video Retrieval (T2VR), Video
Corpus Moment Retrieval (VCMR, without moment local-
ization), and Partially Relevant Video Retrieval (PRVR).
1) T2VR: We compare with CE (Liu et al. 2019), DE++
(Dong et al. 2021), RIVRL (Dong et al. 2022b), CLIP4Clip
(Luo et al. 2022), and InternVideo2 (Wang et al. 2024a). 2)
VCMR: We include XML (Lei et al. 2020), ReLoCLNet
(Zhang et al. 2021b), and CONQUER (Hou, Ngo, and Chan
2021). 3) PRVR: We evaluate against MS-SL (Dong et al.
2022a), PEAN (Jiang et al. 2023), GMMFormer (Wang et al.
2024b), DL-DKD (Dong et al. 2023), Jun et al. (Jun et al.
2025), MGAKD (Zhang et al. 2025), ARL (Cho et al. 2025),
HLFormer (Li et al. 2025), and AMDNet (Song et al. 2025).

As shown in Tab. 1, our A3PRVR outperforms existing
methods across all datasets. Compared to state-of-the-art
PRVR methods HLFormer and AMDNet, A3PRVR achieves
an average improvement of 6.5% in SumR, with relative
gains of +4.6% (82.3 vs. 78.7), +0.2% (173.2 vs. 172.8), and
+14.7% (235.3 vs. 205.1) on Charades-STA, ActivityNet-
Caption and TVR datasets, respectively.

To ensure a fairer comparison, we reimplement classic
(MS-SL, GMMFormer) and recent (AMDNet) open-source
PRVR methods using the same visual/text backbones as
ours. As shown in Tab. 1, AMDNet performs worse than
its original results, likely due to its heavier reliance on pre-
aligned CLIP visual and text features. While MS-SL per-
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Method R@1 R@5 R@10 R@100 SumR

Action Branch 1.3 5.6 10.0 47.8 64.7
Object Branch 1.2 5.2 8.8 43.7 59.0
A3PRVR-Base 1.9 7.0 12.3 51.9 73.1

A3PRVR-Base w/ Q-DTA 2.3 8.6 13.7 53.7 78.2
A3PRVR-Base w/ LA,LO 2.4 8.7 13.2 51.9 76.3

A3PRVR 2.9 9.6 15.5 54.3 82.3

Table 2: Effect of the Query-specific Deformable Temporal
Attention (Q-DTA) and action- and object-aware contrastive
losses LA,LO. “Action Branch” and “Object Branch” rep-
resent predictions using only action- and object-focused fea-
tures for video-text matching, respectively. “A3PRVR-Base”
denotes our base model, which fuses matching scores from
the above two branches, the same as in Tabs. 3, 4 and 5.

Method R@1 R@5 R@10 R@100 SumR

A3PRVR-Base 1.9 7.0 12.3 51.9 73.1

+ vanilla cross-attention 2.0 6.9 12.8 53.2 74.9
+ Q-DTA w/ SDP 2.0 7.4 12.4 53.0 74.8
+ Q-DTA (Ours) 2.3 8.6 13.7 53.7 78.2

Table 3: Effect of different attention mechanisms in our Q-
DTA. “Q-DTA w/ SDP” refers to our Q-DTA using shared
deformed points (SDP) (Xia et al. 2022) instead of query-
specific deformed points.

forms best among them, A3PRVR still achieves improve-
ments of +7.2% (82.3 vs. 76.8) on Charades-STA, +2.4%
(173.2 vs. 169.1) on ActivityNet-Caption, and +2.8% (235.3
vs. 228.9) on TVR, demonstrating its effectiveness.

Ablation Studies
We carefully evaluate the effect of key components of our
A3PRVR on the most challenging dataset Charades-STA.
Effect of Q-DTA and LA,LO. As shown in the first three
rows of Tab. 2, using only action- or object-focused features
for video-text matching achieves limited performance, while
our A3PRVR-Base achieves superior performance through
a dual-branch architecture. Rows 4–5 show that while both
the Q-DTA module and LA,LO enhance the model’s perfor-
mance, with Q-DTA contributing more. Specifically, Q-DTA
improves the focus on action-relevant objects in visual fea-
tures, whereasLA andLO increase the model’s sensitivity to
actions (verbs) and objects (nouns) in text. Their combina-
tion leads to a 9.2 SumR improvement over A3PRVR-Base.
Effect of different attention mechanisms in our Q-DTA.
Tab. 3 shows interacting video features from the action
and object branches using vanilla cross-attention (Vaswani
2017) is effective (SumR: 73.1 → 74.9). By allowing each
video segment to attend to nearby, flexible segments in-
stead of distant ones with weak action-object relationships,
our query-specific deformable temporal attention achieves
more competitive results (SumR: 73.1 → 78.2). However,
replacing our query-specific deformable points with shared

Video Features for Matching R@1 R@5 R@10 R@100 SumR

A3PRVR-Base: A,O 1.9 7.0 12.3 51.9 73.1
A′′, O 2.3 8.6 13.7 53.7 78.2
A,O′′ 2.0 7.1 11.7 49.0 69.9
A′′, O′′ 1.9 7.1 11.9 49.2 70.1

Table 4: Effect of enhanced action-/object-focused features.

Method R@1 R@5 R@10 R@100 SumR

A3PRVR-Base 1.9 7.0 12.3 51.9 73.1

+ LO 1.9 7.6 12.6 52.6 74.7
+ LA 1.9 7.2 12.1 53.2 74.4

+ LA,LO (mismatch) 1.9 7.4 12.6 52.6 74.4
+ LA,LO 2.4 8.7 13.2 51.9 76.3

Table 5: Effect of different combinations of action- and
object-aware contrastive losses LA,LO on the Action and
Object branches. “mismatch” indicates LA applied to the
Object Branch and LO to the Action Branch.

deformable points for all queries (Xia et al. 2022) harms
RPVR, dropping performance (SumR: 78.2 → 74.8).
Effect of enhanced action- and object-focused video fea-
tures A′′, O′′ in video-text matching. As mentioned in
Sec. 3.2, we obtain enhanced features A′′ = Q-DTA(A,O)
and O′′ = Q-DTA(O,A) by using A or O as queries. To as-
sess their impact on video-text matching, we evaluate three
combinations: {A′′, O}, {A,O′′}, and {A′′, O′′}. As shown
in Tab. 4, using the enhanced action-focused featureA′′ with
O yields the best retrieval, highlighting the importance of
capturing action-relevant object information. In contrast, in-
corporating O′′, whether combined with A or A′′, leads to
a significant performance drop. This is because actions in-
herently involve certain objects, while not all objects in the
video are directly related to the action (e.g., background ob-
jects). Forcing all object information to interact with action
features may introduce unnecessary noise.
Effect of LA,LO in dual branches. Tab. 5 shows that
applying LA to the Action Branch and LO to the Ob-
ject Branch yields similar gains, making sentence fea-
tures “action-sensitive” and “object-sensitive,” respectively.
Matching each loss to its branch improves SumR from 73.1
to 76.3, while mismatching them (row 4) degrades perfor-
mance, confirming I3D’s action and CLIP’s object strength.

5 Conclusion
We propose A3PRVR, a dual-branch framework that en-
hances retrieval via better action-object modeling. By com-
bining action- and object-focused video features with our
Q-DTA module, A3PRVR focuses on action-relevant ob-
jects and reduces the noise from irrelevant objects. Addition-
ally, our action-and-object aware alignment module enables
fine-grained textual understanding and video-text alignment.
Compared to SOTA PRVR methods, our A3PRVR achieves
a 6.5% average SumR gain across three benchmarks.
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