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Abstract

Partially Relevant Video Retrieval (PRVR) addresses the
challenges of text-to-video retrieval in real-world scenarios
where untrimmed videos are prevalent. Traditional PRVR
methods encode videos at two feature scales: (1) frame-level
to capture fine details, and (2) clip-level to recognize broader
content. However, these approaches align both scales with a
single sentence representation, leading to suboptimal perfor-
mance. In particular, we point out the level mismatch in align-
ing frame-level video features with a sentence representa-
tion, as the entire meaning of a sentence contains broader and
more diverse content than what frame-level features can en-
code. This misalignment causes frame-level features to cap-
ture broader contexts and overlook local fine details. To tackle
this issue, we propose a framework that represents a sen-
tence as a set of multiple components, where each compo-
nent aligns with frame-level semantics. Specifically, we in-
troduce Semantic-Decomposed Matching (SDM) to adjust
the granularity of the text description to match them with
frame-level video features. In addition to the matching pro-
cess, we develop the Adaptive Local Aggregator (ALA) to en-
hance video encoding in capturing finer local details, ensuring
precise text-video alignment at the frame level. ALA adap-
tively integrates multi-scale local details within short tempo-
ral spans obtained by enforcing a strict temporal aggregation
range. Finally, we reinforce detailed encoding at the frame
level with newly designed objectives for both modalities. Ex-
tensive experiments integrating our framework with existing
clip branches demonstrate its effectiveness and applicability,
highlighting significant improvements in PRVR performance.

1 Introduction

With the growing demand and supply of videos, text-to-
video retrieval has drawn significant attention in research
communities. Given a text query as input, text-to-video re-
trieval aims to retrieve the video most relevant to the query in
the video database (Luo et al. 2022; Deng et al. 2023; Wang
et al. 2024a; Tian et al. 2024; Wang et al. 2023; Gorti et al.
2022; Chen et al. 2020; Dong, Li, and Snoek 2018; Miech
et al. 2019; Liu et al. 2019a). The conventional paradigm
of text-to-video retrieval operates under the assumption that
videos are trimmed so that every frame is relevant to the
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Figure 1: Comparison of the matching process in the frame-
level branch. (a) Existing methods match the entire sentence
query to frame features, leading to a mismatch in content
granularity. (b) Our approach decomposes the broad seman-
tics of a sentence into smaller units that each frame feature
can fully encompass. This aligns the content granularity in
the matching process, allowing the frame-level branch to fo-
cus on capturing fine details.

query. However, real-world videos are often lengthy and
untrimmed, containing diverse content. Consequently, typ-
ical text-to-video retrieval methods struggle to achieve opti-
mal performance when applied to untrimmed videos, as they
are ill-equipped to identify the relevant segments.

To address this, Partially Relevant Video Re-
trieval (PRVR) has been proposed (Dong et al. 2022a).
PRVR aims to retrieve an untrimmed video from the storage
that contains the most relevant segment corresponding to
a given text query. The core challenges in PRVR lie in 1)
precisely encoding all varying lengths of contents in long
untrimmed videos and 2) aligning the features of the text
query with the video features in a joint representation space.
Traditional PRVR approaches (Dong et al. 2022a; Wang
et al. 2024c,b) primarily focus on the former challenge by
implementing dual encoding strategies to handle varying



contextual lengths within untrimmed videos. Typically,
dual branches are organized with frame-level and clip-level
branches. Frame-level features are designed to capture
content at short temporal intervals, while clip-level features
encapsulate broader content within the videos. These
features are then aligned with a single-sentence query
representation to match the video with the text.

Although the multi-stream strategy has shown promising
progress, we argue that the role of the frame branch is am-
biguously designed. Specifically, the matching process be-
tween video features and a sentence representation may not
be suitable for the frame level, as sentences often encom-
pass a broader context than what frames can describe. This
matching process then causes frame-level encoding to cap-
ture more extensive content than intended. In Fig. 1, we il-
lustrate the motivation with an example. As shown, we point
out that semantics within a sentence query may span multi-
ple frames at different temporal locations, thereby a single
frame features may not encompass all given contents. Con-
sequently, the level mismatch during the matching process
incurs unexpected comprehensiveness in the frame feature.

In this regard, we propose a novel framework for the
frame-level branch in PRVR. The key objective of our
framework is to ensure that the frame-level representations
capture finer details for both text and video modalities. For
the text modality, we first propose Semantic-Decomposed
Matching (SDM) that breaks down the semantics in the sen-
tence into frame-level query representations and matches
them with video frame features. Specifically, each word
in a sentence is encoded into learnable query vectors to
form decomposed semantic units, referred to as frame-level
query representations. For query encoding, we utilize slot
attention (Locatello et al. 2020), which iteratively performs
similarity-based operations. By aggregating word semantics
based on these similarity scores, each frame-level query rep-
resentation encompasses specific semantics within the text
sentence likely to appear at the frame level of the video.
These semantic units are then pushed apart with Semantic
Diversity loss to reinforce the diversity within the semantic
decomposition process. By aligning the levels of frame rep-
resentations of both modalities, we enable the frame branch
models to focus on more granular details.

For the video modality, we further concentrate on en-
coding local events in the frame-level branch to align with
specific content in a sentence. Recognizing that Gaussian-
based attention alone is insufficient for local feature encod-
ing (Please see Fig. 4), we introduce Adaptive Local Ag-
gregator (ALA). This ALA employs a multi-scale window
attention process to address the variable lengths of local
events. Subsequently, these multi-scale local details are inte-
grated into the frame representation based on their similarity,
ensuring a reliable local context for frame-level matching.
Finally, to encourage the disentanglement between the frame
representations within the same video, we apply Frame-
Semantic Alignment loss that discourages the similarity be-
tween the frames that are matched to different semantic units
derived from the sentence.

Lastly, we performed extensive experiments by integrat-
ing our proposed method into existing PRVR methods across
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two large-scale video datasets: TVR and ActivityNet Cap-
tions. Our results demonstrate that the proposed design in-
creases performance by large margins, showing its specialty
for frame-level encoding. Additionally, our analysis shows
that local fine details are appropriately exploited for both
modalities. For detailed results, we refer to Sec. 4.

Overall, our key contributions are as follows: (1) We
propose a novel frame-level framework to address the
matching-level mismatch between sentence representations
and video frame features in PRVR. This clarifies the role
of the frame branch in capturing fine details. (2) We pro-
pose Semantic-Decomposed Matching (SDM) and semantic
diversity loss to construct frame-level text representations.
(3) We introduce an Adaptive Local Aggregator (ALA)
with Frame-Semantic Alignment loss to enhance locality
in frame-level video features. (4) Extensive experiments on
two large-scale datasets (i.e., TVR and ActivityNet Cap-
tions) demonstrate the effectiveness of our approach.

2 Related Work

Text-to-Video Retrieval. Text-to-video retrieval (T2VR)
is a task that searches for the most relevant video based on
text queries (Huang et al. 2023; Ma et al. 2023; Pei et al.
2023; Wu et al. 2023; Wang et al. 2024a; Tian et al. 2024;
Lietal. 2019; Dong et al. 2019, 2021, 2022b). Recently, the
mainstream has been to employ large-scale image-language
pre-trained models, such as CLIP (Contrastive Language-
Image Pretraining) (Radford et al. 2021), to mitigate the high
training costs associated with raw video data (Fang et al.
2023; Li et al. 2024; Jin et al. 2023c). However, since the
initial work relied solely on representative vectors of the
text and video for similarity matching (Luo et al. 2022), a
multi-scale similarity matching paradigm between text and
video (e.g., patch-word and video-sentence level) has been
introduced (Wang et al. 2023; Li et al. 2023a; Guan et al.
2023; Jin et al. 2023b,a; Li et al. 2023b). Subsequently,
another popular approach has focused on maintaining re-
trieval efficiency while retaining the effectiveness of multi-
scale matching (Liu et al. 2022; Deng et al. 2023). These
works propose temporal feature aggregation architectures to
streamline the retrieval process. Nevertheless, T2VR relies
on the relatively strong assumption that trimmed clips highly
relevant to the text descriptions are often available, leading
to reduced effectiveness and higher costs on long videos.

Partially Relevant Video Retrieval. Partially relevant
video retrieval (PRVR) aims to retrieve a video even when
only partial clips are relevant to the search query. Initially,
MS-SL (Dong et al. 2022a) introduced a dual encoding strat-
egy to encode video features at both the clip and frame lev-
els, accommodating the varying contextual ranges of tex-
tual queries. This approach addresses the fact that the con-
text within each query may span short to long temporal
ranges. GMMFormer (Wang et al. 2024c) focused on devel-
oping an efficient retrieval framework, effectively reducing
the number of video clips to be stored by assuming that con-
texts often form sequentially. Subsequently, GMMFormer
v2 (Wang et al. 2024b) enhanced its predecessor by adding
more attention blocks along with a consolidation module,



developing uncertainty-aware loss coefficients, and adopting
Hungarian matching. However, their limitations lie in over-
looking the granularity in the text-video matching process
by projecting frame features to align with the sentence fea-
ture. In this work, we focus on a frame encoding strategy by
decomposing the sentence into multiple segments that match
the contextual level of individual frame features.

3 Method
3.1 Preliminary

Typical PRVR methods employ a dual video-encoding strat-
egy to handle untrimmed videos, considering long and short
clips. They consist of three phases: video encoding, text en-
coding, and retrieval score measurement.

Untrimmed video encoding. Given an untrimmed video
v, pre-trained 2D or 3D CNNss are exploited to obtain frame-
wise video representations V' € RLvXdv where L, is the
sequence length and d,, is video feature dimension (for clip
branch, mean pooling is implemented on temporal axis to
construct initial clips with V’). Subsequently, video features
are processed through a fully connected layer and trans-
former encoder (Vaswani et al. 2017) to incorporate the tem-
poral information. Note that frame and clip branches employ
the identical architectural design but with different weights.
Consequently, the outputs of frame and clip branches are

Ly
Vi € Rivxd = f and V., € REexd = {vf}le

)

i=1
where L. is the length of the clip-level video features and d
is projected feature dimension in the text-video joint space.

Text query encoding. Given a text query q with L,
words, a pre-trained text encoder extracts initial word fea-
tures W’ € RLe*dw where d,, is the feature dimension.
These features are projected through an FC layer and trans-
former encoder to obtain contextualized word features W &€
REaxd = {wl}zL:q1 Then, a simple attention module is ap-
plied to integrate word features into a single sentence repre-
sentation ¢ € R? as:

Lq
q= Zaf X w;, a? = softmax(uW7), 1
i=1

where ¢ € R1*L4 denotes attention vector yielded with the
learnable vector u € R1*<,

Retrieval score measuring. The retrieval score between
each text and video is determined through similarity match-
ing. Specifically, the similarity between the video segments
within the sequences Vy and V. and the text query q is cal-
culated. For each branch, the maximum similarity is consid-
ered as the retrieval score. This process is expressed as:

(@)
3

where Sy and S, represent the frame-level and clip-level
scores, and cos(,) denotes the cosine similarity function.

S¢(v,q) = max(cos(v{, qQ),--- ,cos(viv,q)),

Se(v,q) = max(cos(v{, q), . . .,cos(vf_,q)),
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The overall retrieval score S for each text-video pair is cal-
culated by combining these scores as follows:

S(v,q) =B xSp(v,q) + (1 = ) x Se(v,q), 4
where (3 is a hyperparameter used to balance the two scores.

Training objective. To align video and text features, in-
foNCE £"° (Faghri et al. 2017; Dong et al. 2022a) and
triplet ranking £" (Miech et al. 2020; Luo et al. 2022)
losses are popularly employed. These losses ensure that pos-
itive text-video pairs retain higher similarity than negative
pairs. Formally, the typical objectives are expressed as:

Ebase _ L:rclce + Ltcrip + ﬁl}ce + ﬁmp, (5)
where L7 and L7} represent the losses using the clip-level
score S, and frame-level score Sy, respectively.

3.2 Method Overview

As illustrated in Sec. 3.1, existing works treat two differ-
ent levels of video branches equally; aligning both levels
with a single sentence query and employing identical archi-
tectural designs. Particularly, this alignment with sentence-
level query limits the ability of the frame branch to cap-
ture fine details, as the full meaning of a sentence encom-
passes broader contents than frame-level features can en-
code. This results in overlapping roles and reduces the diver-
sity of video branches. To address these issues, we propose a
novel framework for the frame branch that clearly defines its
role in both text and video encoding streams. In Sec. 3.3, we
initially illustrate Semantic Decomposed Matching (SDM),
which involves text encoding at the frame level. SDM de-
composes a sentence into multiple semantic units, align-
ing them with video frames to obtain frame-level scores.
To ensure the generated units capture diverse semantics, we
also introduce the Semantic Diversity loss. In Sec. 3.4, we
present an Adaptive Local Aggregator (ALA) to strengthen
the frame-level encoding for the video modality. ALA re-
fines frame features by modeling multi-scale local events
with window attention, allowing them to encompass adja-
cent contexts. Then, we supplement the diverse frame en-
coding with Frame-Semantic Alignment loss.

3.3 Semantic-Decomposed Matching (SDM)

Decomposed representation from query sentence. Typi-
cal frame-level matching involves aligning a single sentence
representation with video frame features, leading video
frame features to capture broader content than intended at
the frame level. Thus, we aim to encode varied seman-
tic units from a sentence to align more effectively with
video frame features through our semantic decomposition
approach. Our semantic decomposition process consists of
three layers: a projection layer, a transformer, and a slot en-
coder. First, the word features Wy € RLa*d gre obtained via
processing initial word features W’ through projection and
transformer encoder. Then, we employ the slot encoder (Lo-
catello et al. 2020) to group semantically relevant word fea-
tures W; within the learnable vectors, as shown in Fig. 2.

To illustrate, n learnable vectors L {l?};;l € Rnxd
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Figure 2: Overview of our frame-level framework. Semantic-Decomposed Matching (SDM) identifies frame-level sub-
semantics within a sentence, using a slot encoder to generate semantic units (frame-level queries). These semantic units are
then aligned with frame-level video features to compute the retrieval score Sy(v,q). Video features are extracted using an
Adaptive Local Aggregator (ALA), which first generates multi-scale local features via window attention blocks and then inte-
grates these features into frame-level features using a cross-attention layer. On the right side, we present our proposed objectives.
The Semantic Diversity loss reduces similarity between frame-level queries within a single sentence, while the Frame-Semantic
Alignment loss further discourages the entanglements of frame features that are matched to different semantic units.

are randomly initialized and subsequently refined at each it-
eration t = 1...7T to bind with specific semantics within
the word features W;. At iteration ¢, we utilize linearly pro-
jected features of word features W as key and value, and

learnable vectors L;_; {lffl};l as the query in the
cross-attention layer. Note that the softmax operation in the
cross-attention is applied along the query dimension to en-
code different word information for each learnable vector.
Then, the output of ¢-th iteration is yielded via the refining
process composed of GRU (Chung et al. 2014) and MLP
layers. The final semantic units after 7" iterations are denoted

n

as Ly = Qf = {qlf } where each learnable query en-
i=1

codes specific semantics to match the frame-level features.

Retrieval score with decomposed query representations.
As the conventional retrieval process only measures the sim-
ilarity based on a single text representation, a different strat-
egy is required to process multiple text representations. As
each unit captures different semantics within the specified
sentence, we aim to discover a video that includes all seman-
tics given in the units. Thus, we average the retrieval scores
for each unit to produce the frame-level score as follows:

S¢(v,q) ,cos(viv,qlf)). (6)

Zmax cos(vi,ql), ...
i=1

By assigning same weight to all semantic units, we expect
the model to consider each semantic within the unit equally
for video retrieval. We refer to Sec. 4.3 for comparison be-
tween different scoring options other than using average.

Semantic Diversity loss. To discourage the correlation
between different semantic units, we apply the Semantic Di-
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versity loss. To be specific, the decomposed query represen-

n
) o
=1

penalized for their cosine similarity. Given a mini-batch B
containing m queries, the loss is calculated as follows:

Ln >N cos(el.ql),

9€B ¢f gl eQf

tations, referred to as semantic units, Qy =

(7

where i#j and only pairs with cos(qu ,q f )>O are included.
3.4 Adaptive Local Aggregator (ALA)

In addition to the enhancements for text modality, achiev-
ing text-video alignment at the frame level also requires the
video frame features to be at the same level of granular-
ity (i.e., focusing on local fine details). To provide reliable
local fine details in the video frame branch, we introduce
an Adaptive Local Aggregator (ALA). Given that the frame-

wise features V € RE+*d are produced by projecting the

frame features V’ from the backbone, ALA aims to gener-
ate frame-level features V that focus on the details within
neighboring frames. As shown in Fig. 2, ALA consists of
window attention blocks and aggreagation processes. Ini-
tially, the window attention blocks encode multi-scale frame
features to accommodate events of varying temporal lengths.
Within the attention mechanism of each block, a window
mask matrix MW € RLv*Lv is applied to the attention
score matrix using an element-wise sum. Note that M is
organized with the scalar 0 and —oo where features posi-
tioned at —oo are masked out. This window attention mech-
anism is formulated as:

viec(vierf)T

Attn" (V}) =softmax | M" +
Wi Vax

) vieY, (8



TVR ActivityNet Captions
Model R@1 R@5 R@10 R@100 SumR R@1 R@5 R@10 R@100 SumR
VCMR models w/o moment localization:
XML 10.0 26.5 37.3 81.3 155.1 5.3 19.4 30.6 73.1 128.4
ReLoCLNet 10.7 28.1 38.1 80.3 157.1 5.7 18.9 30.0 72.0 126.6
CONQUER 11.0 28.9 39.6 81.3 160.8 6.5 20.4 31.8 74.3 133.1
PRVR models:
PEAN 13.5 32.8 44.1 83.9 174.2 74 23.0 35.5 75.9 141.8
DL-DKD 144 34.9 45.8 84.9 179.9 8.0 25.0 37.4 77.1 147.6
MS-SL 13.5 32.1 434 83.4 172.4 7.1 22.5 347 75.8 140.1
MS-SLy 12.9 32.0 43.1 83.3 171.3 6.9 22.2 34.6 76.0 139.7
+ Ours 15.7 36.7 47.9 85.8 186.2 7.2 23.5 35.8 76.9 143.4
GMMFormer 139 33.3 44.5 84.9 176.6 8.3 24.9 36.7 76.1 146.0
GMMFormeri 152 354 47.2 85.9 183.8 8 24.7 36.9 76.2 145.8
+ Ours 17.2 38.3 49.8 87.0 192.3 8.1 25.2 379 77.9 149.1
GMMFormer v2 16.2 37.6 48.8 86.4 189.1 8.9 27.1 40.2 78.7 154.9
GMMFormer v2t 153 36.4 48.5 86.7 186.9 8.9 27.1 40.0 78.6 154.6
+ Ours 17.4 39.7 514 87.9 196.4 9.1 27.3 40.4 79.8 156.6

Table 1: Performance comparison on TVR and ActivityNet Captions. The symbol { indicates the reproduced performance,
while I represents a variant of GMMFormer that excludes the pooling layer in the video frame-level branch. We note that the
original GMMFormer outputs only a single visual frame features for the frame branch.

where ©%, ©K  and ©V are learnable matrices to project the
query, key, and value, respectively, and dj, is the dimension
of queries and keys. The ALA comprises o window atten-
tion blocks, with each block producing an output V2i+1 ¢
REvxd where i (=1,.. ., 0) represents the window size used
in attention mask. These outputs are then concatenated along
the window axis to form V4 € Ro*(Lvxd) which is lever-
aged to reinforce the local details within each frame feature
while accommodating variations in the lengths of semanti-
cally coherent consecutive frames. Specifically, V4 is inte-
grated into the video frame feature V]ﬁ € R (Evxd) through
a cross-attention layer to obtain final frame features V. This
process with a residual connection is formulated as follows:

V =CA(V/, VAV + V], ©)
Vi =FC(V)+V, (10)

where CA denotes the cross-attention layer and FC stands
for a fully connected layer.

Frame-Semantic  Alignment loss. Frame-Semantic
Alignment loss further aims to suppress the semantic
entanglement between frame features. This is achieved by
increasing the similarity between each semantic unit and
its corresponding frames while penalizing the similarity
with frames matched to other queries. Given the frame-level
representations of positive video and text pair, each denoted
as sz[v{7 e ,va] and sz[q{, ..., ql], Frame-Semantic
Alignment loss is defined as:
)

LA = —mi > i [log(
) -

" (v.ayeBi=1
+log (
where k; denotes the index of v/ in frame-level video rep-
resentation V; that has the highest cosine similarity with a

eXp(COS(v/; cal))

i1 exp(cos(v,j:i , qf

eXp(COS(v,fi val))

>y exp(cos(v], a]
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frame-level query qf . This promotes both semantic units and
video features to encapsulate different semantics.

Total loss. Our frame-level framework is a plug-and-play
model that can be simply applied by replacing the conven-
tional frame branch. Therefore, we adopt the training losses
from each baseline, denoted as £"®¢. Combined with our
losses, the training loss is expressed as:

L= Lbase + A1£SD + )\Q[,FSA (12)

where A1 and A\ denote hyperparameters to balance losses.
Note that £°*¢ may include more objectives than illustrated
in Sec. 3.1 depending on the baselines’ objectives.

4 Experiment
4.1 Experimental Setting

Datasets. We validate our proposed method on two long
untrimmed video datasets: TVR (Lei et al. 2020a) and Ac-
tivityNet Captions (Krishna et al. 2017). TVR is a chal-
lenging video dataset collected from TV shows, containing
21.8K videos and 109K human-annotated query-moment
pairs. Each query in this dataset is organized with an average
of 13.4 words and typically describes scenes with more than
two people performing multiple actions. In contrast, Activ-
ityNet Captions includes 15K videos and 72K text annota-
tions, with each query averaging 14.8 words.

Evaluation Metrics. To evaluate our methods, we adopt
rank-based recall (R@K). Specifically, we set K to 1, 5, 10,
and 100 to measure performance under varying degrees of
harshness. Additionally, we report SumR, the sum of all re-
call values, to compare the overall performance.
Implementation Details. For a fair comparison, we follow
existing works to adopt pre-trained feature extractors (e.g.,
ResNet (He et al. 2016), I3D (Carreira and Zisserman 2017),
and Roberta (Liu et al. 2019b)). To integrate our framework
with baseline methods, we replaced frame-level branches for



Text Query: Abby takes a note from Barney that he handed to her.

s 2] 3
NSRS dﬁgvaé@&'Qﬁﬁxg,vg@p\p W

Matched Frames with Semantic Unit

Semantic Unit
L S T R S

—— Frame order —»

.

Unit 1

Text Query: Tag and Rachel hug on the balcony of her apartment.

3 S| g
= @ o8 ‘w@“e\;@% oS X® ‘oa\°°° NSRS @Q@@\‘ .
-1l
e
53l |
g 4
2R [ |

Matched Frames with Semantic Unit

—— Frame order —»

Figure 3: Visualization of word attention scores within our semantic units and their matched frames of semantic units (highest
similarity). The top row shows the text query, followed by the attention scores of the semantic units for each query word. The
bottom row shows the frames in the video that match each semantic unit with maximum cosine similarity.

processing both text and video modalities with our proposed
methods. We set n, the number of learnable vectors (frame-
level query representations), to 5 with the slot encoder per-
forming T' = 3 iterations. Additionally, the number of win-
dow attention layers in the ALA o s set to 3. In the appendix,
we provide more implementation details.

4.2 Comparison with the State-of-the-Art

We compare our proposed framework with state-of-the-
art PRVR and VCMR methods (Dong et al. 2022a, 2023;
Jiang et al. 2023; Wang et al. 2024¢,b; Lei et al. 2020b;
Zhang et al. 2021; Hou, Ngo, and Chan 2021) (Note that
VCMR methods are trained without the moment annota-
tions). Specifically, we validate the effectiveness of our pro-
posed framework by replacing the frame branch of previ-
ous PRVR works (i.e., MS-SL, GMMFormer, and GMM-
Former v2). In Tab. 1, we observe that our framework im-
proves the performances of baselines across all rank-based
recall metrics on all datasets, demonstrating its compatibil-
ity with existing PRVR methods. Notably, our framework
on top of GMMFormer v2 achieves a substantial margin of
7.3%p higher than the previous best method on the TVR
dataset. We also find that our framework provides greater
performance improvements for methods that lack consid-
eration of locality, like MS-SL. Our method also benefits
for AcitivityNet-Captions dataset. Overall, our framework
demonstrates substantial performance improvements when
applied to baselines, highlighting its compatibility across
different dual encoding methods.

4.3 Ablation Studies and Analyses

Ablation study on our proposed components. In Tab. 2,
we conduct an ablation study by incrementally integrating
each of our proposed components into GMMFormer v2 and
evaluating the rank-based performance on the TVR dataset.
First, (a) presents the performance of reproduced GMM-
Former v2. From (b) to (d), we demonstrate the perfor-
mance improvements resulting from our enhancements to
the query branch. Specifically, in (b), we initialize differ-
ent query branches for each frame and clip branch, show-
ing that these branches benefit from learning distinct de-
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Model R@1 R@5 R@10 R@100 SumR
(@) | * GMMFormer v2 | 15.3 364 485 867 1869
() | (@) + query branch | 16.0 37.7 49.1 867 189.5
(©) | (a) + SDM 171 385 502 87.0 192.8
| )+ £°P 16.8 389 504 874 1935
() | (d) + ALA 172 394 512 877 1956
®) | () + L7754 Ours) | 17.4 397 514 879 1964
(©[(®) + ALA [158 37 484 870 1882

Table 2: Ablation study of proposed components on TVR
dataset. The symbol * indicates the reproduced performance.

tails when corresponding text branches are present. Subse-
quently, rows (c) and (d) validate the effectiveness of se-
mantic decomposition, achieving substantial improvements
over (b). This result underscores that employing diverse se-
mantic queries for video matching enhances retrieval perfor-
mance. Furthermore, (e) illustrates that replacing the frame-
level video encoding in (d) with our ALA results in addi-
tional performance gains. However, as shown in (g), we ob-
serve performance degradation when ALA is used without
our proposed query branch design, SDM. This supports our
hypothesis that a single query representation with diverse
contexts does not align well with features that emphasize lo-
cal fine detail. Lastly, (f) shows that incorporating our loss
for further semantic decomposition alongside visual features
enhances retrieval performance.

Analysis of sentence decomposition. In Fig. 3, we visu-
alize how each semantic units are formed to be matched with
visual frames from the corresponding videos. As observed,
we claim that each semantic unit is built upon the words
that are highly likely to appear in the same frame coinciden-
tally (e.g., ”Abby” with "Barney”, ”a note”, and “handed”
in the left example.) Moreover, we find that each semantic
unit is appropriately matched to the visual frame that fully
describes the content within semantic units. These results
demonstrate that our proposed SDM effectively breaks down
the sentence into frame-level semantic units.

Analysis of the number of semantic units. Selecting the
appropriate number of decomposed units requires balancing
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Figure 4: Qualitative results of frame retrieval using visual queries. From left to right, we show the input visual queries, retrieval
results from GMMPFormer v2, and our ALA-based frame branch. The ranks below each frame indicate the similarity ranking
across the entire video frame features for each method. These results are based on the TVR validation set, containing 110,078
frames. Top-ranked frames are often adjacent within the same video, so comparisons for these frames are omitted.

# Units R@1 R@5 R@10 R@100 SumR Runtime(ms)
16.2 382 49.7 86.9 191.0 2.209
17.0 385 504 874 1933 2.211
174 397 514 879 1964 2.225
179 395 510 87.6 196.0 2.261
17.8 39.7 512 88.1 196.8 2.274

O 3 W W =

Table 3: Analysis of the number of semantic units on TVR
dataset. Runtime evaluated on RTX 3090 with 2000 videos.

the performance with runtime efficiency. In Tab. 3, we ex-
amine the impact of varying the number of units. As shown
in Tab. 3, increasing the number of units from 1 to 5 im-
proves rank-based recall performance, albeit at the cost of
increased runtime. Beyond 5 units, the performance gains
become negligible. We posit that decomposing a sentence
into five distinct components sufficiently captures alignment
with the local features in videos. Based on this, we chose
five representations at frame-level for our approach.

Assessment of local details in video features. To validate
that our proposed ALA effectively encodes fine local details
within each video, we compare the retrieval performance
of the frame branch against GMMFormer v2 when visual
queries are given as input, as shown in Fig. 4. Note that re-
trieval is performed using similarity matching. Our analy-
sis reveals that GMMPFormer v2 tends to produce high simi-
larity scores between visual queries and frame features that
belong to the same video, indicating entanglement within
video sequences. In contrast, our method successfully dis-
entangles frames within the same video, resulting in lower
retrieval ranks for semantically relevant frames (e.g., those
with similar actions or poses) from different videos. This
demonstrates that ALA is a well-suited design choice for
encoding frame features within video sequences.

Variations for integrating frame-level retrieval scores.
In Tab. 4, we present the results of using other operations,
such as max pooling and softmax, to integrate the five frame-

Method R@1 R@5 R@10 R@100 SumR
Max pooling | 16.1 37.8 49.8 86.7  190.5
Softmax weight| 16.7 39.1 51.1 88.0 194.8
Average (ours) | 174 39.7 514 879 1964

Table 4: Comparison of scoring methods with units.

level retrieval scores calculated with our query representa-
tions (semantic units). Here, the values used in the softmax
are derived from each unit through an additional linear layer.
As shown, the average operation provides the best retrieval
performance, as other methods heavily rely on a single unit,
thereby not considering all the details within the sentence.
These results validate our decision to use the average oper-
ation to integrate frame-level retrieval scores, ensuring that
all semantic units contribute equally to the retrieval score.

5 Conclusion

Typical works for PRVR learn to match both the clip-level
and frame-level visual features with sentence query features.
However, this leads to an ambiguous role of the frame-level
branch, as sentences typically encompass a broader con-
text than that appears in individual frames. Thus, this paper
proposed a novel frame-level framework for PRVR to ad-
dress the context-level mismatch. Specifically, we designed
both text and video encoder designs optimized for extracting
frame-level semantics. For text representation, Semantic-
Decomposed Matching decomposes sentences into multi-
ple semantic units, capturing partial content that is highly
likely to appear in video frames. In parallel, we introduced
Adaptive Local Aggregator to ensure that video frame fea-
tures capture local fine details. This is accomplished by
constructing and aggregating multi-scale local features into
frame-level representations. Finally, these frame-level rep-
resentations are further refined to encode varied semantics
through proposed objectives. The improvements observed
across various baselines and our comprehensive studies val-
idate the effectiveness of our framework.
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