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Abstract

In recent years, CLIP-based text-video retrieval
methods have developed rapidly, with research
focusing on constructing diverse features and
achieving effective interactions. However, the
asymmetry of cross-modal information poses a
challenge to accurately establishing retrieval
relationships. To overcome this challenge,
we propose a novel video retrieval frame-
work, termed the Dual-Pathway and Dual-View
model (DPDV), which consists of the Dual-
Pathway Partitioning Module (DPPM) for con-
structing features at an appropriate granularity
and the Dual-View Interaction Module (DVIM)
for performing effective feature interactions.
For DPPM, we simulate a human macro-level
cognitive perspective by partitioning visual fea-
tures into two categories based on their rel-
evance to the text query and supplementing
less relevant features with additional textual in-
formation. For DVIM, we simulate a human
alignment strategy from macro to micro levels,
focusing on local visual features while compre-
hensively modeling fine-grained interactions.
We evaluate DPDV on five benchmark datasets,
achieving leading retrieval performance.

1 Introduction

With the rapid development of the Internet, massive
amounts of unlabeled video data are continuously
uploaded and shared. The goal of text-to-video re-
trieval is to identify target videos from massive un-
labeled collections based on a given textual query.
Recently, large-scale text-image pre-trained model
CLIP (Radford et al., 2021) have achieved remark-
able success in various multimodal tasks (Lei et al.,
2021; Piergiovanni et al., 2022; Li et al., 2023),
providing new insights for video retrieval. Existing
methods (Luo et al., 2022; Wu et al., 2023; Wang
et al., 2024) typically leverage CLIP to project both
text and video into a shared latent space, thereby
establishing feature-level similarity relationships.
For example, Clip4clip (Luo et al., 2022) exem-
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Figure 1: Motivation. (a) Specific and statistical ex-
amples of queries exhibiting information asymmetry in
the MSRVTT-9k. (b, c) Existing methods for visual fea-
ture enhancement and text expansion. (d) Our proposed
methods for addressing information asymmetry.

plifies a simple baseline by computing similarities
between sentence and individual video frames.
However, due to the unequal information capac-
ity and the non-recoverable semantics that give rise
to information asymmetry (Gong et al., 2024; Yuan
et al., 2024; Gao et al., 2025) between modalities,
accurate similarity computation becomes a chal-
lenging task. In Figure 1(a), we present specific
matching example and statistics, which illustrate
the potential impact of information asymmetry on
feature interaction. Based on Query8308: “a man
is playing baseball" and its corresponding video
frames, we can visually observe that the clip show-
ing “a man receiving an interview" is irrelevant
to the query. Based on the Clip4clip (Luo et al.,
2022) model, we evaluate query-frame matching on
MSRVTT-9k (Xu et al., 2016) and find that 15.5%
of the frames are unmatched with their correspond-
ing query. This partial or unmatched phenomenon
directly reflects modality information asymmetry
and is particularly evident in sparse-text queries on
LSMDC (Rohrbach et al., 2015) and long-video
retrieval on DiDeMo (Anne Hendricks et al., 2017).
To mitigate the problem of information asymme-
try in cross-modal interactions, existing methods
can be categorized into two types: @ Visual en-



hancement (Gorti et al., 2022; Wang et al., 2023;
Fang et al., 2023; Tian et al., 2024) (see Figure
1(b)): These methods focus on extracting more
discriminative regions from video frames. X-Pool
(Gorti et al., 2022) employs an attention mecha-
nism to extract the most relevant video frames for a
given text, thereby enhancing the representational
capacity of visual. @ Text expansion (Wu et al.,
2023; Xue et al., 2022; Wang et al., 2024; Shen
et al., 2025) (see Figure 1(c)): These methods aim
to enhance text modality representations by gener-
ating additional textual descriptions. Cap4Video
(Wu et al., 2023) leverages vision-language models
(VLMs) for zero-shot video captioning, thereby ex-
panding the semantic scope of the textual modality.
Although these methods achieve some success in
mitigating information asymmetry, they still face
limitations in precise cross-modal feature matching.
The limitations of these methods are as follows: @
they assume all visual features in a video are rele-
vant to the text, enforcing strong alignment while
ignoring partial or unmatched content; @ they as-
sume that the augmented text is superior to the
original query, overlooking the potential introduc-
tion of redundant or misleading information.

In fact, bridging information asymmetry essen-
tially involves selecting an appropriate feature gran-
ularity, which is realized by proportionally split-
ting default paired content to increase the "Exact
Match" ratio while reducing the "No Match" ratio.
Accordingly, global-level frame features can be
partitioned based on the query to obtain the “Exact
Match Path" and the “No Match Path". For sim-
plicity, we refer to the first as Spot-Path (i.e., “Spot
the Key"), which focuses on the content deemed
important, and the second as Recover-Path (i.e.,
“Recover the Rest"), which leverages text augmen-
tation methods (VLMs) to complement missing
textual information for video segments. The divi-
sion of these two paths significantly enhances the
alignment of cross-modal features, providing sup-
port for subsequent fine-grained feature interaction.

Based on the above analysis, we propose a
novel text-video retrieval framework, termed the
Dual-Pathway and Dual-View Model (DPDV),
whose core architecture is illustrated in Figures
1(d) and 2. First, we propose a Dual-Pathway
Partitioning Module (DPPM), which comprises a
Spot-Path that selects high-similarity frames based
on global sentence-frame similarity for fully infor-
mative interactions, and a Recover-Path that lever-
ages VLMs, e.g., VILA (Lin et al., 2024), to gen-

erate textual descriptions for low-similarity frames
as complementary interaction targets. Second, we
propose a Dual-View Interaction Module (DVIM)
to further model fine-grained interactions between
text and video from the perspective of pathway
decomposition. Since DPDV performs pathway
decomposition based on the global sentence-frame
relationships, it naturally enables macro-level in-
teractions between text and video features. For
micro-level word-patch interactions, we merge
patch features via clustering algorithm, enabling
fine-grained alignment while effectively address-
ing patch redundancy without being constrained by
trivial details. Third, DPDV and DVIM collabo-
rate synergistically, jointly promoting cross-modal
feature enhancement and interaction. We summa-
rize our contributions as follows:

@ We propose a novel video retrieval framework,
DPDYV, which integrates DPPM for feature enhance-
ment and DVIM for feature interaction, providing a
new paradigm for bridging information asymmetry.

® The proposed DPPM simulates the human
macro-level perspective by partitioning visual fea-
tures and supplementing textual ones, thereby en-
hancing cross-modal interaction accuracy.

® The proposed DVFI simulates the human
alignment strategy from macro- to micro-level, ef-
fectively focusing on local visual features and com-
prehensively considering fine-grained interactions.

® We conduct extensive experiments on five
benchmark datasets, including MSRVTT, DiDeMo,
LSMDC, ActivityNet, and Charades, and achieve
state-of-the-art retrieval performance.

2 Related Work

Text-Video Retrieval aims to retrieve the most
semantically relevant video from a large collec-
tion given a textual query. Early works (Liu et al.,
2019; Gabeur et al., 2020; Patrick et al., 2020) pri-
marily focus on text and video feature representa-
tions based on machine learning and deep learn-
ing, which have facilitated the development of a
series of benchmarks (Xu et al., 2016; Anne Hen-
dricks et al., 2017). With the remarkable success
of the large-scale text-image pre-trained model
CLIP (Radford et al., 2021) in cross-modal rep-
resentation, it has spurred improvements in re-
trieval tasks (Lei et al., 2021; Gorti et al., 2022;
Wang et al., 2023). Clip4clip (Luo et al., 2022)
transfers the knowledge of the CLIP model to
video-language retrieval in an end-to-end man-



ner. Recently, transformer-based video retrieval
methods (Gorti et al., 2022; Jin et al., 2023b,c)
use cross-attention to abstract multi-modal cues,
achieving significant performance gains. For ex-
ample, TS2Net (Liu et al., 2022) employs a “token
shift and selection transformer" to preserve token
integrity and capture subtle actions, improving re-
trieval performance. These foundational studies
have laid the groundwork for subsequent, more
powerful feature enhancement and interaction.
Feature Enhancement aims to produce more ex-
pressive feature representations and can be catego-
rized into two types of existing methods. @ Video
feature enhancement (Liu et al., 2022; Jin et al.,
2023a; Tian et al., 2024) focuses on extracting more
discriminative regions from videos. X-Pool (Gorti
et al., 2022) employs an attention mechanism to se-
lect the most relevant video frames corresponding
to a given text, thereby enhancing the representa-
tional capacity of visual features. @ Text feature
enhancement (Ma et al., 2024; Wang et al., 2024;
Shen et al., 2025) aims to improve text modal-
ity representations by generating additional textual
descriptions. Cap4Video (Wu et al., 2023) lever-
ages visual-language models (VLMs) for zero-shot
video captioning, thereby expanding the semantic
scope of the textual modality. Compared to these in-
discriminate feature enhancement methods, DPDV
adopts a more targeted pathway selection strategy
to achieve joint enhancement of visual and textual
features, providing a more convincing solution for
mitigating information asymmetry.

Feature Interaction refers to the process of align-
ing text and video features at different granularities.
Existing works mainly focus on three types of fea-
ture interaction methods, including coarse (Luo
et al., 2022; Gorti et al., 2022), fine (Liu et al.,
2022; Fang et al., 2023), and coarse-to-fine level
(Yang et al., 2024; Tian et al., 2024). Coarse-to-
fine methods have become the preferred strategy
for feature interaction due to their comprehensive
consideration of multiple granularities. For exam-
ple, HBI (Jin et al., 2023a) generates hierarchical
representations by clustering frame-level features
and employs a game-theoretic fine-grained align-
ment, attracting considerable attention. UCoFiA
(Wang et al., 2023) introduces a unified coarse-
to-fine alignment model that effectively enhances
text-video retrieval performance from a comprehen-
sive perspective. Compared to the those methods,
DPDV achieves strong performance by focusing on
macro- and micro-level feature interactions along

globally partitioned pathways to mitigate informa-
tion asymmetry. This further suggests that appro-
priately adapted granular information can reduce
the complexity of feature interactions.

3 Methodology

3.1 Feature Extraction and Interaction

Feature Extraction. Let D = (7,)) denote a
language and vision dataset, where 7 is a set of
texts, and V is a set of videos. The goal of text-to-
video retrieval is to locate the most relevant video
v from a video set V given a text query t € 7.
Recent works (Luo et al., 2022; Jin et al., 2023a;
Wang et al., 2024) have shown CLIP’s (Radford
et al., 2021) strong performance in feature rep-
resentation, inspiring us to employ CLIP as our
backbone to effectively construct retrieval match-
ing relationships. Specifically, a video v € V con-
sists of Ny sequential frames [f1, fo, ..., fo] €
RN xHXWxC \where each frame is divided into
N, patches [p1,pa, ..., pn,] € RNpXFPXPXC with
P x P size. Following previous work (Luo et al.,
2022; Gorti et al., 2022), we utilize the CLIP vi-
sual encoder to extract the patch features V,, =
[p1,...,pN,] € R P for each frame, and set
po as the [CLS] token of the current frame. We
aggregate the [CLS] tokens of all video frames to
obtain the frame features Vy = [f1, fa, ..., fo] €
RN#*D Similarly, given a query ¢t € T, we lever-
age the CLIP text encoder to extract the word fea-
tures T, = (w1, wo, ..., wy,] € RVNe*P where
N, denotes the number of words in the sentence.
Following previous work (Luo et al., 2022; Gorti
et al., 2022), we take the end of the sequence [EOS]
token as the sentence feature T = [s] € R1*P,
Feature Interaction. Feature interaction refers to
the process of computing the similarity between
cross-modal text and video features. Mean-Pooling
is commonly used to compute feature similarities,
e.g., between T’ and Vy, between T and V:

Ts- Vg

T RENETE » (D
|Ts| - [Vl

STS’Vf = ST’LU?VP =

T, V,
Ny Ny

where T, = N%u > Twi, Vi = Nif > Vyi, and
(2 (2

Ny Np
Vp = ﬁ >~ 2. V},i,j- Therefore, the sentence-
i

frame (or word-patch) cross-modal contrastive loss
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[Frame] [Patch]

I 1 A baseball player stands focused on the field.
I2 He walks across the infield during play.

@ — | 3. The player briefly interacts with a teammate.
I4 The player faces the camera to give an interview.

| 5 The video returns to the player moving.

Query a man is playing baseball. '
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Figure 2: Framework. The top illustrates the overall DPDV pipeline. The bottom shows: (a) the Dual-Pathway
Partitioning Module for query-aware frame selection and textual completion; (b) the Dual-View Interaction Module
for macro- and micro-level feature alignment; (c) the Patch Feature Merge Module for aggregating patch feature.

can be formulated as:

exp(Sti vi/T)
Lr,v,=—5

1/1 &
— E log
2 <B i Z‘le eXp(STi Vj /T)

=1 J

Zlo eXp (ST, Vl/T) )

2
where B is the batch size, 7 is the temperature
hyper-parameter, and S i Vi represents the simi-

larity between the i*” text word features and the j*
video patch features in the entire batch. This loss
function maximizes the similarity of positive pairs
and minimizes the similarity of negative pairs.

3.2 Dual-Pathway Partitioning Module

In Section 3.1, we sequentially use CLIP features
and the Mean-Pooling interaction method to com-
pute the key similarity scores for retrieval. How-
ever, the semantic and structural differences be-
tween the text and video modalities lead to infor-
mation asymmetry, which in turn interferes with
the computation of similarity. In other words, both
modalities need to provide features at equivalent
granularity to achieve more accurate similarity re-
sults. Therefore, in this section, we propose a Dual-
Pathway Partitioning Module (DPPM), which par-

titions the original information-asymmetric inter-
action paths into a Spot-Path, providing fully in-
formative interaction targets, and a Recover-Path,
providing complementary interaction targets. Fig-
ure 2 (a) illustrates the complete framework.
Spot-Path Representation. The Spot-Path corre-
sponds to the video segments most relevant to the
text. X-Pool (Gorti et al., 2022) uses the text query
along with an attention mechanism to selectively
pool frame features, thereby obtaining the implic-
itly interactive Spot-Path. However, this method
lacks explicit selectivity, resulting in uncertainty
in feature path selection. Therefore, we adopt a
simpler and more transparent approach to construct
interaction paths with higher confidence. Specifi-
cally, when aligning text and video, humans first
read the overall sentence feature T = [s] € R XD,
and then compare it with each video frame feature
r = [f1, f2r -, fn;] € RVP*P 1o identify the

effective frames V" € RY? %P where Ny < Ny.
This explicit selection can be directly based on
the magnitude of the similarity St v, € RVNr
between T and V, which is formulated as:

Vi = SPOT(Vy, St v, ) 3)

In addition, the patch features are also updated
from V, € RNy Np)xD o Vb e RNF Np)xD



Recover-Path Representation. The construction
of V;r and V;r in the Spot-Path facilitates a more
balanced and accurate interaction between the text
and visual content. However, the discarded vi-
sual features Vf*(Vf — Vf+) and V" (V) — Vp+) in-
evitably lead to information loss. Cap4Video (Wu
et al., 2023) first employs large vision-language
models, e.g., GPT-4 (OpenAl, 2023), to generate
textual descriptions of videos in a zero-shot man-
ner, which can compensate for the limitations of
text representations. Therefore, benefiting from
this explicit textual augmentation approach, adding
new textual descriptions to V'~ is sufficient to con-
struct the Recover-Path. Since V'~ cannot be de-
termined in advance, we generate N segmented
descriptions for the entire video and encode them
as Ty = [s1, 52, ..., sN,] € RNVs*P_ Therefore, we
follow the Spot-Path approach to obtain a complete
textual description 7, € R™s *P adapted to V:

T, = SPOT(TS, 8, ), 4)
Ny
- 1 - 1 Ns
where Vf = N—f_ i:§ 1 Vfﬂ. and STS,Vf_ € RY*Hs,

Similarly, the word features are also updated
from T,, € RWsNu)xD o 7 ¢ RN -Nu)xD,
The textual descriptions 7, and T, differ from
Cap4Video (Wu et al., 2023) in that: 1) they selec-
tively expand text queries rather than performing
global expansion; 2) they mitigate VLLMs hallucina-
tion, resulting in more accurate textual matching.

The Dual-Pathway Partitioning Module provides
an efficient solution to information asymmetry
caused by mismatched feature granularity, effec-
tively enhancing relevant feature pairs while accu-
rately compensating for less relevant ones.

3.3 Dual-View Interaction Module

After feature partitioning, it is necessary to further
consider interactions between features at different
granularity levels. Previous works have proposed
interaction strategies at coarse (Luo et al., 2022;
Gorti et al., 2022), fine (Liu et al., 2022; Fang et al.,
2023), and coarse-to-fine (Yang et al., 2024; Tian
et al., 2024) feature granularities. For example,
UCoFiA (Wang et al., 2023) proposes a unified
coarse-to-fine alignment model that effectively im-
proves retrieval performance from a comprehensive
perspective. However, considering that the DPPM
in Section 3.2 has already achieved a well-balanced
division of cross-modal feature granularity and se-
mantic roles, directly adopting existing interaction

strategies may not only undermine the structural
advantages between pathways but also introduce
granularity mismatch and semantic interference.
Inspired by the pathway partitioning, we prioritize
interaction at the macro level before performing
deeper micro-level interactions, jointly forming the
Dual-View Interaction Module (DVIM).
Macro-View Interaction. Since pathway parti-
tioning relies on the global correlation between
sentence and frame features as defined in Equa-
tions 3 and 4, we initially compute the similarity
score using Equation 1. However, the simplicity of
Equation 1 introduces certain limitations, including
feature information loss and difficulties in handling
adaptive granularity (Wu et al., 2023; Wang et al.,
2024). To overcome these issues, we propose a
novel feature interaction method Weighted-Max
(WM), which retains the advantages of Equation 1
across different granularity levels while mitigating
the complexity associated with the uniform granu-
larity model used in UCoFiA (Wang et al., 2023).
Specifically, given sentence features 7,, €
RNs*D and frame features Vi e RNr*D the inter-

action matrix is defined as A = [a; ;] € RVs* s,
si-fj
Isil1f5]
score between the i sentence feature and the j*
frame feature. For the i'” sentence feature, we
compute its maximum interaction score max; a;;,
and aggregate all sentence features using weights
0, = [0},60%,...,0] = Softmax(MLP,(T})) to
obtain the sentence-to-frame similarity. Similarly,
we can also obtain the frame-to-sentence similar-
ity, and the overall sentence—frame similarity score

St,,.v, is defined as:

N. Ny
1 . .
STs,Vf = 5 < Z (92 max; ai,j—i—z 9; max; am') .
i=1 j=1

&)
If we set Nt = 1 and N; = 1, the Macro-View
similarity scores Sp+ -+ and Sp— vy in the Spot-

where a; ; represents the alignment

Path and Recover-Path can be simplified as:

Y Ny
Sravir =D 050 Sp-y- =) Orai. (6)
=1 =1

where a; = % and 0y = [01,02,...,9;\”]

Softmax(MLPf(V)). Compared with Equation 1,
Equation 6 produces more reliable and accurate
matching results thanks to feature partitioning and
additional textual supplementation. Its effective-
ness is confirmed by our ablation study.



Micro-View Interaction. The features involved
in macro-view interaction exhibit a high degree
of simplicity in both quantity and representation.
However, high-volume and redundant patch fea-
tures V), cannot participate in interaction with text
in the same way. For example, if we set Ny = 12,
the number of patch features is Ny x %XTV% =
12 x 224x224x3 _ 588 for ViT-B/32 (2352 for ViT-

32x32x3

B/16). Once a larger Ny is set, a greater number
of patches need to be processed. UCoFiA (Wang
et al., 2023) reduces the number of patch features
by selecting a few key patches in each frame based
on spatial attention weights based on TS2Net (Liu
et al., 2022). TempMe (Shen et al., 2024) adopts
the Temporal Token Merging method to merge re-
dundant temporal tokens in adjacent video clips
step by step, simplifying model complexity while
reducing the number of patches to be processed.
Although these methods attempt to minimize the
number of patches required for interaction, using
too few or too many patches may exacerbate in-
formation asymmetry, thereby negatively affecting
interaction effectiveness.

To address the issue of excessive patch fea-
tures and highlight the contribution of key visual
entities, we propose a Patch Features Merging
Module (PFMM) for processing visual micro-level
cues. First, given the Spot-Path patch features
V= Ni 5 [p1,p2, oo b, € RYDND e
aim to capture key visual entities (e.g., humans,
animals, etc.), which should not be limited to
a single patch feature p; with a restricted recep-
tive field, but instead aggregate multiple adjacent
patches {p;, ..., pj } into a coherent unit. Building
on this idea, we utilize a variant of the k-nearest
neighbor-based density peaks clustering algorithm
(DPC-KNN) (Du et al., 2016), commonly used in
feature aggregation (Zeng et al., 2022; Jin et al.,
2023a), to merge adjacent patches. Specifically,
given patch features V,;*, we compute the local den-
sity p; of each patch p; according to its k-neatest

neighbors p; = exp(—1 Y. ||pi — pjl|2), where
p;j € KNN(p;) denotes the k-neatest neighbors

of the patch p;. Then, we compute the distance
indicator d; of each patch:

5. — [minellpi= il 0
pi = pj-

max; ||p; — pjl2,
Intuitively, the patch p; with a larger local den-

sity p; and distance indicator ¢; is more likely to
become a cluster center. We determine a cluster

center by selecting the patches with the highest
scores p; X d;, and then merge the neighboring
patches. The merged patch p; is fed into a trans-
former block as query @, the original patch p; is
used as key K and value V, and the attention is
computed as follows:

QKT
VD

By introducing the feature clustering and attention
mechanism, PFMM not only reduces the number of
patch features but also focuses on key features and
spatial relationships. Final, we iteratively apply the
PFMM to merge patch features in order to reduce
their number. Similar to the operations in Equation
5, we can compute the similarity between word
features and aggregated patch features:

Attention(Q, K, V') = softmax < > V. (8)

Ny
STJ,VJ =3 E wmjaxmgx @i j k
i=1

;o )
303 o maxansn ).
’ )
j=1 k=1

In addition, the micro-view interactions in the
Recover-Path are processed in the same manner.

3.4 Training and Sampling

Training. Based on Equations 6 and 9, we can ob-
tain the macro- and micro-view feature interaction
losses in the Spot-Path:

L= Losys+ Loy (10)

Similarly, the interaction loss £_ in the Recover-
Path is obtained. However, in the Recover-Path,
directly using the augmented textual descriptions
as retrieval queries would violate the isolation be-
tween training and testing, thereby leading to poten-
tial data leakage. To further improve the sampling
effectiveness, we additionally consider the interac-
tions between the original text and video features:

L =Ly, +L1, v, Lk =Y KL(SmlSpn),
(1)
where m € {(T5,Vy), (Tw, Vp)}, and K L denotes
the Kullback-Leibler (Jin et al., 2023a) divergence
loss. Therefore, the total loss can be formulated as:

Etoml = ﬁ + Oé(£+ + »C_) + ,B[,KL. (12)

Sampling. After training, we compute the simi-
larity matrices St, v, and St v,, which are then
aggregated into a final similarity matrix for calcu-
lating the corresponding retrieval metrics.



‘ MSRVTT (Text-to-Video) ‘

MSRVTT (Video-to-Text)

Methods
|R@1T R@5t R@10T MdR| MiR| |R@11 R@5T R@107 MdR| MnR]
Clip4clip (Luo et al., 2022) 445 714 81.6 20 153 427 709 80.6 20 116
X-Pool (Gorti et al., 2022) 469 728 822 20 143 444 733 84.0 2.0 9.0
HBI (Jin et al., 2023a) 48.6 74.6 834 20 120 46.8 743 84.3 2.0 8.9
Cap4Video (Wu et al., 2023) 493 743 83.8 20 120 47.1 737 843 2.0 8.7
UCoFiA (Wang et al., 2023) 494 72.1 - - 12.9 47.1 743 - - -
T-Mass (Wang et al., 2024) 50.2 753 85.1 1.0 119 477 78.0 86.3 2.0 8.0
DiscoVLA (Shen et al., 2025) | 47.0 73.0 82.8 - 14.1 477 73.6 83.6 - 10.0
BiHSSP (Liu et al., 2025) 48.1 74.0 84.1 20 121 48.0 74.1 835 2.0 9.0
DPDV 50.5 76.1 86.2 1.0 113 483 76.2 86.7 20 7.8
Table 1: Text-to-video and video-to-text retrieval performance on the MSRVTT.
| DiDeMo (Text-to-Video) | LSMDC (Text-to-Video)

Method

cHocs |R@11 R@51 R@10t MdR| MnR| |R@11 R@51 R@ 10+ MdR} MnR|
X-Pool (Gorti et al., 2022) 4.6 732 820 20 154 252 437 535 8.0 532
CLIP-ViP (Xue et al., 2022) | 48.6 77.1 844 2.0 - 25.6 453 544 8.0 -
T-Mass (Wang et al., 2024) 509 772 853 1.0 12.1 289 482 57.6 6.0 433
DPDV 51.0 773 85.7 1.0 11.6 293 496 584 6.0 403

| ActivityNet (Text-to-Video) | Charades (Text-to-Video)

Method

ethods |R@11 R@5T R@10t MdR| MnR| | R@11 R@5t R@ 101 MdR] MnR|
ClipBERT (Lei et al., 2021) | 21.3 49.0 63.5 6.0 - 6.7 173 252 320 149.7
Clip4clip (Luo et al., 2022) 405 724 83.6 2.0 7.5 99 271 368 210 854
T-Mass (Wang et al., 2024) - - - - - 142 362 483 120 5438
DPDV 47.0 76.2 864 2.0 6.3 193 422 535 8.0 49.7

Table 2: Text-to-video retrieval performance on the DiDeMo, LSMDC, ActivityNet and Charades.

4 [Experiments

4.1 Experimental Settings

We adopt five benchmark datasets for the eval-
uation, including MSRVTT (Xu et al., 2016),
DiDeMo (Anne Hendricks et al., 2017), LSMDC
(Rohrbach et al., 2015), ActivityNet (Krishna et al.,
2017) and Charades (Sigurdsson et al., 2016). We
evaluate retrieval performance using Recall at rank
K (R@K, K=1,5,10), Median Rank (MdR), and
Mean Rank (MnR). Higher R@K values, together
with lower MdR and MnR values, indicate bet-
ter retrieval performance. The model backbone is
initialized from pre-trained CLIP-ViT-B/32. More
experimental settings are provided in the Appendix.

4.2 Comparison with State-of-the-art

We compare the performance of DPDV with recent
state-of-the-art video retrieval methods in Tables
1 and 2. DPDV consistently achieves leading re-
trieval performance across all five datasets. Specifi-
cally, compared to the unified coarse-to-fine inter-
action model UCoFiA (Wang et al., 2023) and the

explicit text augmentation method T-Mass (Wang
et al., 2024), DPDV achieves improvements of 1.1
and 0.3 in R@1, respectively on the MSRVTT,
demonstrating the effectiveness of our method for
precise feature interactions. Similarly, DPDV main-
tains a leading performance on long-video DiDeMo
and ActivityNet, as well as short-text LSMDC and
Charades. Compared to the Transformer-based fea-
ture selection method X-Pool (Gorti et al., 2022),
DPDV achieves a 6.4 improvement in R@1 on
DiDeMo, highlighting the effectiveness of proac-
tive pathway partitioning rather than relying on the
model to automatically filter relevant frames.

4.3 Ablation Study

Ablation Study of DPPM. Table 3 presents the
impact of the Dual-Pathway Partitioning Module
on retrieval performance under feature interactions
as in Equation 1. R1 indicates results without path-
way partitioning, while R2 and R3 correspond to
macro- and micro-level interactions under the Spot-
Path and Recover-Path, respectively. We observe
that R4 achieves the highest performance of 47.8



when combining the SP and RP, confirming that
pathway partitioning is an effective approach for
feature enhancement and reduces the complexity
of subsequent feature interactions.

Rx ‘ DPPMsp DPPMgp ‘ R@11 R@101 MnR|

R1 ‘ ‘ 434 8l1.1 164
R2 v 456 827 143
R3 v 463 832 138
R4 v v 478 845 123

Table 3: Ablation study of the Dual-Pathway Partition-
ing Module (DPPM). SP and RP denote the Spot-Path
and Recover-Path, respectively, with feature interactions
consistently computed according to Equation 1.

Ablation Study of DVIM. Table 4 presents the
impact of the Dual-View Interaction Module on
retrieval performance under DPPM. To highlight
the superiority of the Weighted-Max interaction in
Equation 5 over Mean-Pooling in Equation 1, R1
is set to R4 from Table 3. R2 and R3 correspond to
macro- (Ma) and micro-level (Mi) feature interac-
tions under the pathway partitioning, respectively.
We observe that R4 achieves the highest perfor-
mance of 50.5, resulting from the comprehensive
granularity of feature interactions.

Rx |DVIMy, DVIMy; |R@11 R@101 MnR |

RI | | 478 845 123
R2| v 484 847 120
R3 v | 496 854 116
R4 v 505 82 113

Table 4: Ablation study of the Dual-View Interaction
Module (DVIM). Ma and Mi denote macro- and micro-
level feature interactions, respectively.

Ablation Study of the Interaction Module. Ta-
ble 5 presents the impact of various interaction
methods on retrieval performance across different
granularity levels. Although both models benefit
from DPPM, the coarse-grained sentence-frame in-
teraction DVIMyy, and the fine-grained word-patch
interaction DVIMyy; perform better, further high-
lighting the advantage of the Patch Feature Merge
Module in aggregating fine-grained features.
Ablation Study of the Sampling Strategy. Table
6 reports the impact of the loss terms £ and Lk,
on retrieval performance. Combining both losses
R4 achieves the best results across all metrics, high-
lighting their complementary contributions.

ITEM | Methods [R@1TR@10TMnR]
Mean-Pooling | 45.3 81.8 15.1
Ts < Vy UCoFiA 47.1 826 14.1
DVIMM, 484 84.7 12.0
Mean-Pooling | 47.1 824 14.2
Ty < V) UCoFiA 482 833 132
DVIMy; 49.6 854 11.6

Table 5: Ablation comparison with the unified coarse-
to-fine interaction model UCoFiA (Wang et al., 2023)
under different granularities of feature alignment.

Rx | £ Lgr | R@IT R@107 MnR|

RI | | 464 821 156
R2 |V 483 837 142
R3 vVo| 481 845 138
R4|v v | 505 862 113

Table 6: Ablation study of different sampling strategies.

4.4 Further Details

The supplementary material provides additional
details, including @ Experimental Settings (Section
A), ® Task Performance (Section B), ® Ablation
Study (Section C), @ Visualization (Section D),
and @ Limitations Analysis (Section E).

5 Conclusion

To address the challenge of asymmetric informa-
tion interaction between sparse queries and com-
plex visual cues, we propose a novel video retrieval
framework, termed DPDYV, which consists of the
Dual-Pathway Partitioning Module for construct-
ing features at an appropriate granularity and the
Dual-View Interaction Module for effective feature
interaction. For DPPM, we simulate a human-like
macro-level cognitive perspective by partitioning
visual features into two categories based on their
relevance to the text query and supplementing less
relevant features with additional textual informa-
tion. For DVIM, we simulate a human alignment
strategy from macro to micro levels, enabling the
model to focus on local visual features while com-
prehensively modeling fine-grained interactions.
Experiments on five benchmark datasets demon-
strate that the DPDV model achieves state-of-the-
art performance, validating the effectiveness of our
approach. We hope that this work will provide
inspiration to the video retrieval community.
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A Experimental Settings

Datasets. We adopt five benchmark datasets for
the evaluation, including MSRVTT (Xu et al.,
2016), DiDeMo (Anne Hendricks et al., 2017),
LSMDC (Rohrbach et al., 2015), ActivityNet (Kr-
ishna et al., 2017) and Charades (Sigurdsson et al.,
2016). MSRVTT consists of 10,000 YouTube
videos, each paired with 20 captions. We fol-
low the training protocol in (Yu et al., 2018) and
evaluate our model DPDV on both text-to-video
and video-to-text retrieval tasks using the 1K-A
test split. DiDeMo contains 10,464 video clips
and 40,543 captions. We concatenate the descrip-
tions of individual video segments to construct a
“video-paragraph” for retrieval. We use the training
and testing protocols from (Gabeur et al., 2020).
LSMDC includes 118,081 video clips from 202
movies. The duration of videos in the LSMDC
dataset is short. We use the split from (Torabi
et al., 2016), with 1,000 videos reserved for testing.
ActivityNet contains densely annotated temporal
segments for 20,000 YouTube videos. Following
(Jin et al., 2023a), we report results on the “vall”
split, using 10,009 videos for training and 4,917
for testing. Charades consists of 9,848 video clips,
where each corresponds to a text description. We
adopt the split protocol from (Lin et al., 2022).

Metrics. We evaluate retrieval performance using
Recall at rank K (R@K, K=1,5,10, higher is better),
Median Rank (MdR, lower is better), and Mean
Rank (MnR, lower is better). R@K measures the
percentage of test samples whose correct results
appear in the top-K retrieved items. MdR reports
the median rank of the ground-truth results, and

MnR reports their mean rank.

Implementation Details. Following previous
methods (Luo et al., 2022; Gorti et al., 2022),
we use CLIP (Radford et al., 2021) as the back-
bone model for both text and video feature extrac-
tion. The DPDV model is trained for 5 epochs
with a batch size of 32, and the feature dimen-
sion D is set to 512. For the MSRVTT (Xu et al.,
2016), LSMDC (Rohrbach et al., 2015), and Cha-
rades (Sigurdsson et al., 2016) datasets, we set the
frame length to Ny = 12 and the word length to
N, = 32. For the long video DiDeMo (Anne Hen-
dricks et al., 2017) and ActivityNet (Krishna et al.,
2017) datasets, we set the frame length to Ny = 64
and the word length to N,, = 64. We uniformly
sample N frames from each video clip and resize
them to 224 x 224 pixels. Accordingly, the number

of patches per frame is set to N, = fléiﬁ.l/jg =
224%224%x3 _ isi
a3 — 49. We adopt vision-language mod-

els (VLMs), including Qwen2.5-VL (Bai et al.,
2025), Next-GPT (Wu et al., 2024), Chat-univi (Jin
et al., 2024), and VILA (Lin et al., 2024), to gen-
erate Ny = 6 text descriptions for each video. The
initial learning rate is set to 1le—>5 for both the text
and video encoders. The hyperparameters o and
B are set to 0.5 and 0.1, respectively, while the
frame feature partitioning and patch feature aggre-
gation ratios are both set to 0.5. We train our model
on four NVIDIA RTX 4090 24GB GPUs, and the
training process takes approximately 10 hours on
the MSRVTT (Xu et al., 2016).

B Task Performance

Retrieval Performance under CLIP-ViT-B/16.
Table 1 in the main text reports the retrieval perfor-
mance of DPDV using CLIP-ViT-B/32. To further
highlight the advantages of DPDV on MSRVTT
(Xu et al., 2016), we present its retrieval results
using CLIP-ViT-B/16 in Table 1. Since CLIP-ViT-
B/16 processes smaller patches (P x P = 16 x 16),



| MSRVTT (Text-to-Video) | MSRVTT (Video-to-Text)
|R@1t R@5T R@10T MdR| MiR| |R@11 R@51 R@101 MdR| MnR|

Methods

CLIP-ViT-B/16
X-Pool (Gorti et al., 2022) 482 7377 826 20 127 | 464 739 841 20 84
UATVR (Fang et al., 2023) 50.8 763 855 1.0 124 | 481 763 854 20 8.0
Cap4Video (Wu et al., 2023) 514 757 839 1.0 124 | 490 752 8.0 20 80
T-Mass (Wang et al., 2024) 527 771 856 1.0 105 509 80.2 880 10 74

DiscoVLA (Shen et al., 2025) | 50.5 75.6 83.8 - 12.1 492 76.0 84.7 - 8.6
BiHSSP (Liu et al., 2025) 50.8 759 844 1.0 110 | 503 755 845 1.5 7.8
DPDV 532 789 872 10 103 512 789 865 1.0 74

Table 1: Text-to-video and video-to-text retrieval performance on the MSRVTT (Xu et al., 2016).

\ DiDeMo (Video-to-text) \ LSMDC (Video-to-text)
Methods |R@I1 R@5T R@10t MdR| MnR| | R@11 R@51 R@10t MdR| MnR|
Clip4clip (Luo et al., 2022) 414 682 791 20 124 | 208 390 486 120 542

EMCL-Net (Jin et al., 2022) 457 743 827 20 109 | 222 406 492 120 -
DiffusionRet (Jin et al., 2023b) | 46.2 743 822 2.0 10.7 23.0 435 515 9.0 402

T-Mass (Wang et al., 2024) 49.1 764 859 20 80 | 260 484 575 60 37.8
DPDV 504 778 865 1.0 86 259 485 574 6.0 38.1

\ ActivityNet (Video-to-text) \ Charades (Video-to-text)
Methods |R@I1 R@5T R@10t MdR| MnR| | R@11 R@51 R@10+ MdR| MnR|
Clip4clip (Luo et al., 2022) 414 737 853 20 67 - - - - ]

DiffusionRet (Jin et al., 2023b) | 43.8 753 867 2.0 6.3 - - - - -
T-Mass (Wang et al., 2024) - - - - - 132 373 485 11.0 56.1
DPDV 45 773 874 1.0 54 175 40.6 499 10.0 45.7

Table 2: Video-to-text retrieval performance on the DiDeMo (Anne Hendricks et al., 2017), LSMDC (Rohrbach
et al., 2015), ActivityNet (Krishna et al., 2017) and Charades (Sigurdsson et al., 2016).

‘ MSRVTT>MSRVTT ‘ MSRVTT>DiDeMo ‘ MSRVTT>LSMDC
‘ R@11 R@Sum? MdR| ‘ R@11 R@Sum? MdR| ‘ R@11 R@Sum? MdR|
CLIP4Clip (Luo et al., 2022) 43.8 1958 2.0 31.8 1549 4.0 15.3 87.1 21.0

Methods

X-Pool (Gorti et al., 2022) 469 2019 2.0 353 1685 3.0 16.4 93.5 18.0
DiffusionRet (Jin et al., 2023b) | 49.0  206.9 2.0 332  160.9 3.0 17.1 90.5 21.0
T-Mass (Wang et al., 2024) 50.2  210.6 1.0 395 1782 2.0 19.7 1025 14.0
DPDV 50.5 2128 1.0 41.2 183.6 2.0 20.2 105.0 12.0

Table 3: Text-to-video cross-domain generalization performance. X > Y indicates that X is used as the training
data and Y as the testing data. R@Sum = R@1 + R@5 + R@10, with higher values indicating better performance.

Methods | Accuracy (%)t
Co-Tokenization (Piergiovanni et al., 2022) 45.7
EMCL-VQA (Jin et al., 2022) 45.8
HBI-VQA (Jin et al., 2023a) 46.2
TG-VQA (Li et al., 2023) 46.3
DPDV-VQA 47.2

Table 4: Video question answering performance on the MSRVTT-QA (Xu et al., 2016).

the model must handle a larger number of visual  difficulty of cross-modal alignment during retrieval.
tokens with more dispersed semantics, which exac-  Notably, compared with single text augmentation
erbates information redundancy and increases the =~ methods such as Cap4Video (Wu et al., 2023) and



T-Mass (Wang et al., 2024), DVDP achieves supe-
rior performance (53.2 of R@1) due to its targeted
textual enhancement via the Recover-Path.
Video-to-text Retrieval Performance. In Table 2,
we report the video-to-text retrieval performance
on the DiDeMo (Anne Hendricks et al., 2017),
LSMDC (Rohrbach et al., 2015), ActivityNet (Kr-
ishna et al., 2017) and Charades (Sigurdsson et al.,
2016) datasets. The video-to-text retrieval task
involves finding the matching text given visual fea-
tures, which is the opposite of the text-to-video re-
trieval task. Table 2 shows that DPDV consistently
improves retrieval performance across these four
datasets. For example, on the long-video DiDeMo
dataset, DPDV achieves a 1.3 improvement in R@1
compared to T-Mass (Wang et al., 2024), resulting
from the fine-grained feature interactions.
Cross-domain Generalization Performance.
Cross-domain generalization performance mea-
sures the ability of a model to perform on data
from unseen domains. In Table 3, we use MSRVTT
(Xu et al., 2016) as the source domain for train-
ing and DiDeMo (Anne Hendricks et al., 2017)
and LSMDC (Rohrbach et al., 2015) as the target
domains for testing to evaluate the generalization
performance of DVDP. Compared with recent state-
of-the-art methods, DVDP demonstrates consistent
performance advantages.

Video Question Answering Performance. Let
D = (Q,V, A) denote a video question answering
dataset, where Q is a set of questions, ) is a set of
videos, and A is a set of answers. The task of video
question answering requires the model to answer a
question g € Q by referring to the corresponding
video v € V), aiming to produce an answer « that
closely matches the ground truth. This process can
be approximated as:

a = arg max Fy(alq,v), (1)
acA

where 6 represents the trainable parameters group,
F represents the modeling function, and ¢ € Q and
v € V. Following previous VQA methods (Pier-
giovanni et al., 2022; Li et al., 2023), we directly
apply DPPM and DVIM to process g and v for the
video question answering task, with the accuracy
performance comparison presented in Table 4.

C Ablation Study

Ablation Study of Sampling Frame Numbers. In
Table 5, we present a comparison of text-to-video
retrieval performance under different numbers of

sampled frames on the MSRVTT (Xu et al., 2016).
Since most MSRVTT videos are around 12 sec-
onds long, the performance improvement is more
pronounced when N varies from 4 to 8 to 12, com-
pared to the variation from 12 to 16 to 20. For a
fair comparison with existing methods (Gorti et al.,
2022; Luo et al., 2022), we uniformly set Ny = 12.

N; | R@1t R@5T R@10T MdR| MnR/

4 432 657 746 50 179
8 478 742 83.1 3.0 156
12 | 505 76.1 86.2 1.0 113
16 | 51.0 76.7 86.7 1.0 110
20 | 515 76.8 86.4 1.0 10.7

Table 5: Ablation study of different sampling frame
numbers on the MSRVTT (Xu et al., 2016).

Ablation Study of Frame Partitioning. In DPPM,
video frames are partitioned based on the similarity
between macro-level textual sentences and video
frames, where the partition ratio plays a critical
role in subsequent interaction alignment. Table 6
reports the results under different partition settings,
with a fixed total number of frames Ny = N/ +

N; = 12. When (N;,N;) = (6,6), DPDV

achieves the best performance, which is consistent
with the statistical observations in Figure 1.

(NS N7 \ R@11 R@51 R@101 MnR|
(4,8) 482 757 846 124
(6,6) 50.5 76.1 862 11.3
(8,4) 495 754 859 115

Table 6: Ablation study of different frame partition
ratios on the MSRVTT (Xu et al., 2016).

Ablation Study of Different Text Augmentation
VLMs. Table 7 compares the text supplementation
effects of the Recover-Path under different vision-
language models, validating the generality and ro-
bustness of the proposed strategy across diverse
model settings.

Ablation Study of the Number of Supplemen-
tary Texts. In the Recover-Path, we sample a
single description from the augmented text set
Ts = [s1,82,...,5y-] € RNs *Pag T~ € RIXD,
When multiple suppiementary texts are selected
to describe V', the interactions between T, €



VLMs \ R@11 MdR|
Next-GPT (Wu et al., 2024) | 50.1 11.4
Chat-univi (Jin et al., 2024) | 49.6 11.8

VILA (Lin et al., 2024) 50.5 11.3
Qwen2.5 (Bai et al., 2025) | 50.8 11.0

Table 7: Ablation study of different text augmentation
VLMs on the MSRVTT (Xu et al., 2016).

RNs xD apnd V€ R™s %P can be formulated as:

1[N Ny
5 (Z 0; max; CL@j-I-Z 9; max; am) R
i=1 j=1

2)

and the interactions between 7, € RNs *NuwxD

and V€ RV XNoXD an be formulated as:

NI N
Z7
E E 0, J maxmaxa”kl—i-

=1 j=1
Ny Np
]7
E EH maxmaxa,”kl
=1

k=1

3)
Since videos in DiDeMo (Anne Hendricks et al.,
2017) are relatively long and contain more frames
lacking textual descriptions, Table 8 compares
the retrieval performance of DPPM with N ¢
{1,2,3} supplementary texts, illustrating the im-
pact of the number of supplementary texts. Cost
denotes the training time of the model.

N; |R@11 R@101 MnR| Cost]

1 51.0 847 11.6 4.51h
2 524 853 104 4.62h
3 53.6 859 10.1 4.72h

Table 8: Ablation study on the number of supplementary
texts for DiDeMo (Anne Hendricks et al., 2017).

Ablation Study of KL Divergence. In Equation
11, we use knowledge distillation to jointly opti-
mize the original text—video similarity, aiming to
prevent retrieval data leakage and simplify sam-
pling. Data leakage occurs in two common scenar-
ios: @ the model has prior access to the text paired
with a video and uses it to enhance the video repre-
sentation; @ employing VLMs to generate textual
descriptions of videos, which are then directly used
as retrieval queries. In Table 9, we compare the
performance with and without KL divergence. The

setting with KL (w KL) achieves superior perfor-
mance, improving by 4.3% compared to the setting
without KL (w/o KL).

Methods | R@14 R@51 R@101 MdR| MnR|,
XKL | 484 755 842 20 132

v KL 505 761 862 1.0 11.3

Table 9: Ablation study of KL Divergence.

Ablation Study of PFMM. The Patch Feature
Merge Module reduces the number of processed
patches by determining cluster centers, demon-
strating superior performance compared to aver-
age pooling (Luo et al., 2022) and the weighted
selection strategy in UCoFiA (Wang et al., 2023).
As shown in Table 10, repeatedly applying PFMM
progressively reduces the number of patches, with
the best performance achieved at a setting of (.5.

Methods | N, |R@11 MdR|
Clip4clip 491 454 138
UCOFiA 494 494 129
PFMM(0.75) | 49372821 | 502 11.5
PFMM(0.50) | 492531307 | 50.5 11.3
PFMM(0.25) | 49040101 | 49.6 12.1

Table 10: Ablation study of PFMM. In PFMM(z), x
denotes the proportion of retained cluster centers.

D Visualization

Visualization of Recover-Path Benefits. The fea-
ture enhancement and interaction in the Recover-
Path play a crucial role in mitigating information
asymmetry. To illustrate the transition from in-
formation asymmetry to symmetry, we visualize
the similarity changes on benchmark datasets such
as MSRVTT (Xu et al., 2016) in Figure 1. “Posi-
tive Pairs” and “Negative Pairs” denote the sim-
ilarities of relevant and irrelevant pairs, respec-
tively, where higher values are preferred for pos-
itive pairs and lower values for negative pairs.
Specifically, the MSRVTT test set contains 1,000
query texts and 1,000 candidate videos, resulting
in a 1000 x 1000 similarity matrix. The 1,000
values along the main diagonal correspond to posi-
tive pair similarities, while the off-diagonal values
correspond to negative pairs. The results show
that the similarity of positive pairs shifts to the
right, while that of negative pairs shifts to the
left, indicating that the Recover-Path effectively



enhances the discriminability of correct matches.
Similarly, DiDeMo (Anne Hendricks et al., 2017)
and LSMDC (Rohrbach et al., 2015) are processed
in the same manner.

Visualization of Patch Merge. Figure 2 illus-
trates the five-stage merging process of visual fea-
ture patches. Six frames from Video1409 and
Video1308 in MSRVTT (Xu et al., 2016) are se-
lected, with a merge ratio of 0.5 at each step. As
the stages progress, the number of patch features
decreases while the representation increasingly em-
phasizes key entity features, consistent with hu-
man perception of fine-grained alignment. Unlike
UCoFiA (Wang et al., 2023), which selects indi-
vidual patches based on weights at Step0 in Figure
2, PFMM strengthens overall entity features by
capturing spatial correlations among patches.
Visualization of Spot-Path Process. Figure 3 vi-
sualizes the frame partitioning and patch merging
process of the Spot-Path during training. Red x
marks indicate discarded frames, while the retained
frames are used for patch feature merging. The last
three rows show the visual results of three succes-
sive patch merging stages.

Visualization of Retrieval Results. In Figure 4,
we present a set of successful and failed retrieval
cases during testing. Notably, most failures are
attributed to the simplicity of textual descriptions
and the high similarity among video scenes.
Visualization of VQA Process. In Figure 5, we vi-
sualize two examples of video question answering.
The top part of the figure shows the query questions
and corresponding video frames, while the bottom
part presents the outputs from DPDV as well as the
ground-truth answers. Both question-answering
examples achieve 100% accuracy.

E Limitations Analysis

Despite the promising performance of DPDV, there
are several limitations that warrant discussion.

@ Model effectiveness depends on feature inter-
action granularity. Macro-view interactions cap-
ture global semantics, while micro-view interac-
tions preserve fine details. Coarse granularity may
miss subtle cues, whereas overly fine granularity
increases computational cost. Moreover, the Patch
Feature Merge Module (PFMM) relies on spatial
correlations, which may be less effective for highly
sparse or anomalous frames.

® The Recover-Path text supplementation, effec-
tive on MSRVTT and DiDeMo, may generalize

poorly to unseen domains or datasets with differ-
ent video length distributions. For long videos,
missing frame descriptions can limit the benefit of
supplementary texts, and the optimal number of
texts requires careful tuning per dataset.

® Dual-path interactions and multi-view feature fu-
sion introduce additional computational overhead.
Using higher-resolution backbones, e.g., CLIP-ViT-
B/16, further increases inference time and memory
usage, limiting scalability for large-scale or real-
time applications.

Future work may explore dynamic granularity
adjustment based on video content, more robust
PFMM strategies for sparse or irregular frames, and
generalizing Recover-Path to diverse video tasks
and mixed long-short video scenarios.
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