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Abstract001

In recent years, CLIP-based text-video retrieval002
methods have developed rapidly, with research003
focusing on constructing diverse features and004
achieving effective interactions. However, the005
asymmetry of cross-modal information poses a006
challenge to accurately establishing retrieval007
relationships. To overcome this challenge,008
we propose a novel video retrieval frame-009
work, termed the Dual-Pathway and Dual-View010
model (DPDV), which consists of the Dual-011
Pathway Partitioning Module (DPPM) for con-012
structing features at an appropriate granularity013
and the Dual-View Interaction Module (DVIM)014
for performing effective feature interactions.015
For DPPM, we simulate a human macro-level016
cognitive perspective by partitioning visual fea-017
tures into two categories based on their rel-018
evance to the text query and supplementing019
less relevant features with additional textual in-020
formation. For DVIM, we simulate a human021
alignment strategy from macro to micro levels,022
focusing on local visual features while compre-023
hensively modeling fine-grained interactions.024
We evaluate DPDV on five benchmark datasets,025
achieving leading retrieval performance.026

1 Introduction027

With the rapid development of the Internet, massive028

amounts of unlabeled video data are continuously029

uploaded and shared. The goal of text-to-video re-030

trieval is to identify target videos from massive un-031

labeled collections based on a given textual query.032

Recently, large-scale text-image pre-trained model033

CLIP (Radford et al., 2021) have achieved remark-034

able success in various multimodal tasks (Lei et al.,035

2021; Piergiovanni et al., 2022; Li et al., 2023),036

providing new insights for video retrieval. Existing037

methods (Luo et al., 2022; Wu et al., 2023; Wang038

et al., 2024) typically leverage CLIP to project both039

text and video into a shared latent space, thereby040

establishing feature-level similarity relationships.041

For example, Clip4clip (Luo et al., 2022) exem-042
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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 043

between sentence and individual video frames. 044

However, due to the unequal information capac- 045

ity and the non-recoverable semantics that give rise 046

to information asymmetry (Gong et al., 2024; Yuan 047

et al., 2024; Gao et al., 2025) between modalities, 048

accurate similarity computation becomes a chal- 049

lenging task. In Figure 1(a), we present specific 050

matching example and statistics, which illustrate 051

the potential impact of information asymmetry on 052

feature interaction. Based on Query8308: “a man 053

is playing baseball" and its corresponding video 054

frames, we can visually observe that the clip show- 055

ing “a man receiving an interview" is irrelevant 056

to the query. Based on the Clip4clip (Luo et al., 057

2022) model, we evaluate query-frame matching on 058

MSRVTT-9k (Xu et al., 2016) and find that 15.5% 059

of the frames are unmatched with their correspond- 060

ing query. This partial or unmatched phenomenon 061

directly reflects modality information asymmetry 062

and is particularly evident in sparse-text queries on 063

LSMDC (Rohrbach et al., 2015) and long-video 064

retrieval on DiDeMo (Anne Hendricks et al., 2017). 065

To mitigate the problem of information asymme- 066

try in cross-modal interactions, existing methods 067

can be categorized into two types: ❶ Visual en- 068
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hancement (Gorti et al., 2022; Wang et al., 2023;069

Fang et al., 2023; Tian et al., 2024) (see Figure070

1(b)): These methods focus on extracting more071

discriminative regions from video frames. X-Pool072

(Gorti et al., 2022) employs an attention mecha-073

nism to extract the most relevant video frames for a074

given text, thereby enhancing the representational075

capacity of visual. ❷ Text expansion (Wu et al.,076

2023; Xue et al., 2022; Wang et al., 2024; Shen077

et al., 2025) (see Figure 1(c)): These methods aim078

to enhance text modality representations by gener-079

ating additional textual descriptions. Cap4Video080

(Wu et al., 2023) leverages vision-language models081

(VLMs) for zero-shot video captioning, thereby ex-082

panding the semantic scope of the textual modality.083

Although these methods achieve some success in084

mitigating information asymmetry, they still face085

limitations in precise cross-modal feature matching.086

The limitations of these methods are as follows: ❶087

they assume all visual features in a video are rele-088

vant to the text, enforcing strong alignment while089

ignoring partial or unmatched content; ❷ they as-090

sume that the augmented text is superior to the091

original query, overlooking the potential introduc-092

tion of redundant or misleading information.093

In fact, bridging information asymmetry essen-094

tially involves selecting an appropriate feature gran-095

ularity, which is realized by proportionally split-096

ting default paired content to increase the "Exact097

Match" ratio while reducing the "No Match" ratio.098

Accordingly, global-level frame features can be099

partitioned based on the query to obtain the “Exact100

Match Path" and the “No Match Path". For sim-101

plicity, we refer to the first as Spot-Path (i.e., “Spot102

the Key"), which focuses on the content deemed103

important, and the second as Recover-Path (i.e.,104

“Recover the Rest"), which leverages text augmen-105

tation methods (VLMs) to complement missing106

textual information for video segments. The divi-107

sion of these two paths significantly enhances the108

alignment of cross-modal features, providing sup-109

port for subsequent fine-grained feature interaction.110

Based on the above analysis, we propose a111

novel text-video retrieval framework, termed the112

Dual-Pathway and Dual-View Model (DPDV),113

whose core architecture is illustrated in Figures114

1(d) and 2. First, we propose a Dual-Pathway115

Partitioning Module (DPPM), which comprises a116

Spot-Path that selects high-similarity frames based117

on global sentence-frame similarity for fully infor-118

mative interactions, and a Recover-Path that lever-119

ages VLMs, e.g., VILA (Lin et al., 2024), to gen-120

erate textual descriptions for low-similarity frames 121

as complementary interaction targets. Second, we 122

propose a Dual-View Interaction Module (DVIM) 123

to further model fine-grained interactions between 124

text and video from the perspective of pathway 125

decomposition. Since DPDV performs pathway 126

decomposition based on the global sentence-frame 127

relationships, it naturally enables macro-level in- 128

teractions between text and video features. For 129

micro-level word-patch interactions, we merge 130

patch features via clustering algorithm, enabling 131

fine-grained alignment while effectively address- 132

ing patch redundancy without being constrained by 133

trivial details. Third, DPDV and DVIM collabo- 134

rate synergistically, jointly promoting cross-modal 135

feature enhancement and interaction. We summa- 136

rize our contributions as follows: 137

❶ We propose a novel video retrieval framework, 138

DPDV, which integrates DPPM for feature enhance- 139

ment and DVIM for feature interaction, providing a 140

new paradigm for bridging information asymmetry. 141

❷ The proposed DPPM simulates the human 142

macro-level perspective by partitioning visual fea- 143

tures and supplementing textual ones, thereby en- 144

hancing cross-modal interaction accuracy. 145

❸ The proposed DVFI simulates the human 146

alignment strategy from macro- to micro-level, ef- 147

fectively focusing on local visual features and com- 148

prehensively considering fine-grained interactions. 149

❹ We conduct extensive experiments on five 150

benchmark datasets, including MSRVTT, DiDeMo, 151

LSMDC, ActivityNet, and Charades, and achieve 152

state-of-the-art retrieval performance. 153

2 Related Work 154

Text-Video Retrieval aims to retrieve the most 155

semantically relevant video from a large collec- 156

tion given a textual query. Early works (Liu et al., 157

2019; Gabeur et al., 2020; Patrick et al., 2020) pri- 158

marily focus on text and video feature representa- 159

tions based on machine learning and deep learn- 160

ing, which have facilitated the development of a 161

series of benchmarks (Xu et al., 2016; Anne Hen- 162

dricks et al., 2017). With the remarkable success 163

of the large-scale text-image pre-trained model 164

CLIP (Radford et al., 2021) in cross-modal rep- 165

resentation, it has spurred improvements in re- 166

trieval tasks (Lei et al., 2021; Gorti et al., 2022; 167

Wang et al., 2023). Clip4clip (Luo et al., 2022) 168

transfers the knowledge of the CLIP model to 169

video-language retrieval in an end-to-end man- 170
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ner. Recently, transformer-based video retrieval171

methods (Gorti et al., 2022; Jin et al., 2023b,c)172

use cross-attention to abstract multi-modal cues,173

achieving significant performance gains. For ex-174

ample, TS2Net (Liu et al., 2022) employs a “token175

shift and selection transformer" to preserve token176

integrity and capture subtle actions, improving re-177

trieval performance. These foundational studies178

have laid the groundwork for subsequent, more179

powerful feature enhancement and interaction.180

Feature Enhancement aims to produce more ex-181

pressive feature representations and can be catego-182

rized into two types of existing methods. ❶ Video183

feature enhancement (Liu et al., 2022; Jin et al.,184

2023a; Tian et al., 2024) focuses on extracting more185

discriminative regions from videos. X-Pool (Gorti186

et al., 2022) employs an attention mechanism to se-187

lect the most relevant video frames corresponding188

to a given text, thereby enhancing the representa-189

tional capacity of visual features. ❷ Text feature190

enhancement (Ma et al., 2024; Wang et al., 2024;191

Shen et al., 2025) aims to improve text modal-192

ity representations by generating additional textual193

descriptions. Cap4Video (Wu et al., 2023) lever-194

ages visual-language models (VLMs) for zero-shot195

video captioning, thereby expanding the semantic196

scope of the textual modality. Compared to these in-197

discriminate feature enhancement methods, DPDV198

adopts a more targeted pathway selection strategy199

to achieve joint enhancement of visual and textual200

features, providing a more convincing solution for201

mitigating information asymmetry.202

Feature Interaction refers to the process of align-203

ing text and video features at different granularities.204

Existing works mainly focus on three types of fea-205

ture interaction methods, including coarse (Luo206

et al., 2022; Gorti et al., 2022), fine (Liu et al.,207

2022; Fang et al., 2023), and coarse-to-fine level208

(Yang et al., 2024; Tian et al., 2024). Coarse-to-209

fine methods have become the preferred strategy210

for feature interaction due to their comprehensive211

consideration of multiple granularities. For exam-212

ple, HBI (Jin et al., 2023a) generates hierarchical213

representations by clustering frame-level features214

and employs a game-theoretic fine-grained align-215

ment, attracting considerable attention. UCoFiA216

(Wang et al., 2023) introduces a unified coarse-217

to-fine alignment model that effectively enhances218

text-video retrieval performance from a comprehen-219

sive perspective. Compared to the those methods,220

DPDV achieves strong performance by focusing on221

macro- and micro-level feature interactions along222

globally partitioned pathways to mitigate informa- 223

tion asymmetry. This further suggests that appro- 224

priately adapted granular information can reduce 225

the complexity of feature interactions. 226

3 Methodology 227

3.1 Feature Extraction and Interaction 228

Feature Extraction. Let D = (T ,V) denote a 229

language and vision dataset, where T is a set of 230

texts, and V is a set of videos. The goal of text-to- 231

video retrieval is to locate the most relevant video 232

v from a video set V given a text query t ∈ T . 233

Recent works (Luo et al., 2022; Jin et al., 2023a; 234

Wang et al., 2024) have shown CLIP’s (Radford 235

et al., 2021) strong performance in feature rep- 236

resentation, inspiring us to employ CLIP as our 237

backbone to effectively construct retrieval match- 238

ing relationships. Specifically, a video v ∈ V con- 239

sists of Nf sequential frames [f1, f2, ..., fNf
] ∈ 240

RNf×H×W×C , where each frame is divided into 241

Np patches [p1, p2, ..., pNp ] ∈ RNp×P×P×C with 242

P × P size. Following previous work (Luo et al., 243

2022; Gorti et al., 2022), we utilize the CLIP vi- 244

sual encoder to extract the patch features Vp = 245

[p1, . . . , pNp ] ∈ RNp×D for each frame, and set 246

p0 as the [CLS] token of the current frame. We 247

aggregate the [CLS] tokens of all video frames to 248

obtain the frame features Vf = [f1, f2, ..., fNf
] ∈ 249

RNf×D. Similarly, given a query t ∈ T , we lever- 250

age the CLIP text encoder to extract the word fea- 251

tures Tw = [w1, w2, . . . , wNw ] ∈ RNw×D, where 252

Nw denotes the number of words in the sentence. 253

Following previous work (Luo et al., 2022; Gorti 254

et al., 2022), we take the end of the sequence [EOS] 255

token as the sentence feature Ts = [s] ∈ R1×D. 256

Feature Interaction. Feature interaction refers to 257

the process of computing the similarity between 258

cross-modal text and video features. Mean-Pooling 259

is commonly used to compute feature similarities, 260

e.g., between Ts and Vf , between Ts and Vf : 261

STs,Vf
=

Ts · Vf

|Ts| · |Vf |
, STw,Vp =

Tw · Vp

|Tw| · |Vp|
, (1) 262

where Tw = 1
Nw

Nw∑
i
Tw,i, Vf = 1

Nf

Nf∑
i
Vf,i, and 263

Vp = 1
Nf ·Np

Nf∑
i

Np∑
j
Vf,i,j . Therefore, the sentence- 264

frame (or word-patch) cross-modal contrastive loss 265
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can be formulated as:266

LTw,Vp = −1

2

(
1

B

B∑
i=1

log
exp(ST i

w,V i
p
/τ)∑B

j=1 exp(ST i
w,V j

p
/τ)

+
1

B

B∑
i=1

log
exp(ST i

w,V i
p
/τ)∑B

j=1 exp(ST j
w,V i

p
/τ)

)
,

(2)267

where B is the batch size, τ is the temperature268

hyper-parameter, and S
T i
w,V j

p
represents the simi-269

larity between the ith text word features and the jth270

video patch features in the entire batch. This loss271

function maximizes the similarity of positive pairs272

and minimizes the similarity of negative pairs.273

3.2 Dual-Pathway Partitioning Module274

In Section 3.1, we sequentially use CLIP features275

and the Mean-Pooling interaction method to com-276

pute the key similarity scores for retrieval. How-277

ever, the semantic and structural differences be-278

tween the text and video modalities lead to infor-279

mation asymmetry, which in turn interferes with280

the computation of similarity. In other words, both281

modalities need to provide features at equivalent282

granularity to achieve more accurate similarity re-283

sults. Therefore, in this section, we propose a Dual-284

Pathway Partitioning Module (DPPM), which par-285

titions the original information-asymmetric inter- 286

action paths into a Spot-Path, providing fully in- 287

formative interaction targets, and a Recover-Path, 288

providing complementary interaction targets. Fig- 289

ure 2 (a) illustrates the complete framework. 290

Spot-Path Representation. The Spot-Path corre- 291

sponds to the video segments most relevant to the 292

text. X-Pool (Gorti et al., 2022) uses the text query 293

along with an attention mechanism to selectively 294

pool frame features, thereby obtaining the implic- 295

itly interactive Spot-Path. However, this method 296

lacks explicit selectivity, resulting in uncertainty 297

in feature path selection. Therefore, we adopt a 298

simpler and more transparent approach to construct 299

interaction paths with higher confidence. Specifi- 300

cally, when aligning text and video, humans first 301

read the overall sentence feature Ts = [s] ∈ R1×D, 302

and then compare it with each video frame feature 303

Vf = [f1, f2, . . . , fNf
] ∈ RNf×D to identify the 304

effective frames V +
f ∈ RN+

f ×D, where N+
f < Nf . 305

This explicit selection can be directly based on 306

the magnitude of the similarity STs,Vf
∈ R1×Nf 307

between Ts and Vf , which is formulated as: 308

V +
f = SPOT(Vf , STs,Vf

). (3) 309

In addition, the patch features are also updated 310

from Vp ∈ R(Nf ·Np)×D to V +
p ∈ R(N+

f ·Np)×D. 311
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Recover-Path Representation. The construction312

of V +
f and V +

p in the Spot-Path facilitates a more313

balanced and accurate interaction between the text314

and visual content. However, the discarded vi-315

sual features V −
f (Vf − V +

f ) and V −
p (Vp − V +

p ) in-316

evitably lead to information loss. Cap4Video (Wu317

et al., 2023) first employs large vision-language318

models, e.g., GPT-4 (OpenAI, 2023), to generate319

textual descriptions of videos in a zero-shot man-320

ner, which can compensate for the limitations of321

text representations. Therefore, benefiting from322

this explicit textual augmentation approach, adding323

new textual descriptions to V − is sufficient to con-324

struct the Recover-Path. Since V − cannot be de-325

termined in advance, we generate Ns segmented326

descriptions for the entire video and encode them327

as Ts = [s1, s2, ..., sNs ] ∈ RNs×D. Therefore, we328

follow the Spot-Path approach to obtain a complete329

textual description T−
s ∈ RN−

s ×D adapted to V −:330

T−
s = SPOT(Ts, STs,V

−
f
), (4)331

where V −
f = 1

N−
f

N−
f∑

i=1
V −
f,i and S

Ts,V
−
f

∈ R1×Ns .332

Similarly, the word features are also updated333

from Tw ∈ R(Ns·Nw)×D to T−
w ∈ R(N−

s ·Nw)×D.334

The textual descriptions T−
s and T−

w differ from335

Cap4Video (Wu et al., 2023) in that: 1) they selec-336

tively expand text queries rather than performing337

global expansion; 2) they mitigate VLMs hallucina-338

tion, resulting in more accurate textual matching.339

The Dual-Pathway Partitioning Module provides340

an efficient solution to information asymmetry341

caused by mismatched feature granularity, effec-342

tively enhancing relevant feature pairs while accu-343

rately compensating for less relevant ones.344

3.3 Dual-View Interaction Module345

After feature partitioning, it is necessary to further346

consider interactions between features at different347

granularity levels. Previous works have proposed348

interaction strategies at coarse (Luo et al., 2022;349

Gorti et al., 2022), fine (Liu et al., 2022; Fang et al.,350

2023), and coarse-to-fine (Yang et al., 2024; Tian351

et al., 2024) feature granularities. For example,352

UCoFiA (Wang et al., 2023) proposes a unified353

coarse-to-fine alignment model that effectively im-354

proves retrieval performance from a comprehensive355

perspective. However, considering that the DPPM356

in Section 3.2 has already achieved a well-balanced357

division of cross-modal feature granularity and se-358

mantic roles, directly adopting existing interaction359

strategies may not only undermine the structural 360

advantages between pathways but also introduce 361

granularity mismatch and semantic interference. 362

Inspired by the pathway partitioning, we prioritize 363

interaction at the macro level before performing 364

deeper micro-level interactions, jointly forming the 365

Dual-View Interaction Module (DVIM). 366

Macro-View Interaction. Since pathway parti- 367

tioning relies on the global correlation between 368

sentence and frame features as defined in Equa- 369

tions 3 and 4, we initially compute the similarity 370

score using Equation 1. However, the simplicity of 371

Equation 1 introduces certain limitations, including 372

feature information loss and difficulties in handling 373

adaptive granularity (Wu et al., 2023; Wang et al., 374

2024). To overcome these issues, we propose a 375

novel feature interaction method Weighted-Max 376

(WM), which retains the advantages of Equation 1 377

across different granularity levels while mitigating 378

the complexity associated with the uniform granu- 379

larity model used in UCoFiA (Wang et al., 2023). 380

Specifically, given sentence features Tw ∈ 381

RNs×D and frame features Vf ∈ RNf×D, the inter- 382

action matrix is defined as A = [ai,j ] ∈ RNs×Nf , 383

where ai,j =
si·fj

|si|·|fj | represents the alignment 384

score between the ith sentence feature and the jth 385

frame feature. For the ith sentence feature, we 386

compute its maximum interaction score maxj aij , 387

and aggregate all sentence features using weights 388

θs = [θ1s , θ
2
s , ..., θ

Ns
s ] = Softmax(MLPs(Ts)) to 389

obtain the sentence-to-frame similarity. Similarly, 390

we can also obtain the frame-to-sentence similar- 391

ity, and the overall sentence–frame similarity score 392

STw,Vp is defined as: 393

STs,Vf
=

1

2

( Ns∑
i=1

θismaxj ai,j+

Nf∑
j=1

θjf maxi ai,j

)
.

(5) 394

If we set N+
s = 1 and N−

s = 1, the Macro-View 395

similarity scores ST+
s ,V +

f
and ST−

s ,V −
f

in the Spot- 396

Path and Recover-Path can be simplified as: 397

ST+
s ,V +

f
=

N+
f∑

i=1

θifai, ST−
s ,V −

f
=

N−
f∑

i=1

θifai. (6) 398

where ai = s·fi
|s|·|fi| and θf = [θ1f , θ

2
f , ..., θ

Nf

f ] = 399

Softmax(MLPf (Vf )). Compared with Equation 1, 400

Equation 6 produces more reliable and accurate 401

matching results thanks to feature partitioning and 402

additional textual supplementation. Its effective- 403

ness is confirmed by our ablation study. 404
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Micro-View Interaction. The features involved405

in macro-view interaction exhibit a high degree406

of simplicity in both quantity and representation.407

However, high-volume and redundant patch fea-408

tures Vp cannot participate in interaction with text409

in the same way. For example, if we set Nf = 12,410

the number of patch features is Nf × H×W×C
P×P×C =411

12× 224×224×3
32×32×3 = 588 for ViT-B/32 (2352 for ViT-412

B/16). Once a larger Nf is set, a greater number413

of patches need to be processed. UCoFiA (Wang414

et al., 2023) reduces the number of patch features415

by selecting a few key patches in each frame based416

on spatial attention weights based on TS2Net (Liu417

et al., 2022). TempMe (Shen et al., 2024) adopts418

the Temporal Token Merging method to merge re-419

dundant temporal tokens in adjacent video clips420

step by step, simplifying model complexity while421

reducing the number of patches to be processed.422

Although these methods attempt to minimize the423

number of patches required for interaction, using424

too few or too many patches may exacerbate in-425

formation asymmetry, thereby negatively affecting426

interaction effectiveness.427

To address the issue of excessive patch fea-428

tures and highlight the contribution of key visual429

entities, we propose a Patch Features Merging430

Module (PFMM) for processing visual micro-level431

cues. First, given the Spot-Path patch features432

V +
p = N+

f × [p1, p2, ..., pNp ] ∈ RN+
f ×Np×D, we433

aim to capture key visual entities (e.g., humans,434

animals, etc.), which should not be limited to435

a single patch feature pi with a restricted recep-436

tive field, but instead aggregate multiple adjacent437

patches {pi, ..., pj} into a coherent unit. Building438

on this idea, we utilize a variant of the k-nearest439

neighbor-based density peaks clustering algorithm440

(DPC-KNN) (Du et al., 2016), commonly used in441

feature aggregation (Zeng et al., 2022; Jin et al.,442

2023a), to merge adjacent patches. Specifically,443

given patch features V +
p , we compute the local den-444

sity ρi of each patch pi according to its k-neatest445

neighbors ρi = exp(− 1
k

∑
||pi − pj ||2), where446

pj ∈ KNN(pi) denotes the k-neatest neighbors447

of the patch pi. Then, we compute the distance448

indicator δi of each patch:449

δi =

{
mini ||pi − pj ||2, ρi < ρj ,

maxi ||pi − pj ||2, ρi ≥ ρj .
(7)450

Intuitively, the patch pi with a larger local den-451

sity ρi and distance indicator δi is more likely to452

become a cluster center. We determine a cluster453

center by selecting the patches with the highest 454

scores ρi × δi, and then merge the neighboring 455

patches. The merged patch p∗i is fed into a trans- 456

former block as query Q, the original patch pi is 457

used as key K and value V , and the attention is 458

computed as follows: 459

Attention(Q,K, V ) = softmax
(
QKT

√
D

)
V. (8) 460

By introducing the feature clustering and attention 461

mechanism, PFMM not only reduces the number of 462

patch features but also focuses on key features and 463

spatial relationships. Final, we iteratively apply the 464

PFMM to merge patch features in order to reduce 465

their number. Similar to the operations in Equation 466

5, we can compute the similarity between word 467

features and aggregated patch features: 468

ST+
w ,V +

p
=

1

2

( N+
w∑

i=1

θiw max
j

max
k

ai,j,k

+

N+
f∑

j=1

N+
p∑

k=1

θj,kf,pmax
i

ai,j,k

)
.

(9) 469

In addition, the micro-view interactions in the 470

Recover-Path are processed in the same manner. 471

3.4 Training and Sampling 472

Training. Based on Equations 6 and 9, we can ob- 473

tain the macro- and micro-view feature interaction 474

losses in the Spot-Path: 475

L+ = LT+
s ,V +

f
+ LT+

w ,V +
p
. (10) 476

Similarly, the interaction loss L− in the Recover- 477

Path is obtained. However, in the Recover-Path, 478

directly using the augmented textual descriptions 479

as retrieval queries would violate the isolation be- 480

tween training and testing, thereby leading to poten- 481

tial data leakage. To further improve the sampling 482

effectiveness, we additionally consider the interac- 483

tions between the original text and video features: 484

L = LTs,Vf
+LTw,Vp ,LKL =

∑
KL (Sm||Sm±) ,

(11) 485

where m ∈ {(Ts, Vf ), (Tw, Vp)}, and KL denotes 486

the Kullback-Leibler (Jin et al., 2023a) divergence 487

loss. Therefore, the total loss can be formulated as: 488

Ltotal = L+ α(L+ + L−) + βLKL. (12) 489

Sampling. After training, we compute the simi- 490

larity matrices STs,Vf
and STw,Vp , which are then 491

aggregated into a final similarity matrix for calcu- 492

lating the corresponding retrieval metrics. 493

6



Methods
MSRVTT (Text-to-Video) MSRVTT (Video-to-Text)

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
Clip4clip (Luo et al., 2022) 44.5 71.4 81.6 2.0 15.3 42.7 70.9 80.6 2.0 11.6
X-Pool (Gorti et al., 2022) 46.9 72.8 82.2 2.0 14.3 44.4 73.3 84.0 2.0 9.0
HBI (Jin et al., 2023a) 48.6 74.6 83.4 2.0 12.0 46.8 74.3 84.3 2.0 8.9
Cap4Video (Wu et al., 2023) 49.3 74.3 83.8 2.0 12.0 47.1 73.7 84.3 2.0 8.7
UCoFiA (Wang et al., 2023) 49.4 72.1 - - 12.9 47.1 74.3 - - -
T-Mass (Wang et al., 2024) 50.2 75.3 85.1 1.0 11.9 47.7 78.0 86.3 2.0 8.0
DiscoVLA (Shen et al., 2025) 47.0 73.0 82.8 - 14.1 47.7 73.6 83.6 - 10.0
BiHSSP (Liu et al., 2025) 48.1 74.0 84.1 2.0 12.1 48.0 74.1 83.5 2.0 9.0
DPDV 50.5 76.1 86.2 1.0 11.3 48.3 76.2 86.7 2.0 7.8

Table 1: Text-to-video and video-to-text retrieval performance on the MSRVTT.

Methods
DiDeMo (Text-to-Video) LSMDC (Text-to-Video)

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
X-Pool (Gorti et al., 2022) 44.6 73.2 82.0 2.0 15.4 25.2 43.7 53.5 8.0 53.2
CLIP-ViP (Xue et al., 2022) 48.6 77.1 84.4 2.0 - 25.6 45.3 54.4 8.0 -
T-Mass (Wang et al., 2024) 50.9 77.2 85.3 1.0 12.1 28.9 48.2 57.6 6.0 43.3
DPDV 51.0 77.3 85.7 1.0 11.6 29.3 49.6 58.4 6.0 40.3

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

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
ClipBERT (Lei et al., 2021) 21.3 49.0 63.5 6.0 - 6.7 17.3 25.2 32.0 149.7
Clip4clip (Luo et al., 2022) 40.5 72.4 83.6 2.0 7.5 9.9 27.1 36.8 21.0 85.4
T-Mass (Wang et al., 2024) - - - - - 14.2 36.2 48.3 12.0 54.8
DPDV 47.0 76.2 86.4 2.0 6.3 19.3 42.2 53.5 8.0 49.7

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

4 Experiments494

4.1 Experimental Settings495

We adopt five benchmark datasets for the eval-496

uation, including MSRVTT (Xu et al., 2016),497

DiDeMo (Anne Hendricks et al., 2017), LSMDC498

(Rohrbach et al., 2015), ActivityNet (Krishna et al.,499

2017) and Charades (Sigurdsson et al., 2016). We500

evaluate retrieval performance using Recall at rank501

K (R@K, K=1,5,10), Median Rank (MdR), and502

Mean Rank (MnR). Higher R@K values, together503

with lower MdR and MnR values, indicate bet-504

ter retrieval performance. The model backbone is505

initialized from pre-trained CLIP-ViT-B/32. More506

experimental settings are provided in the Appendix.507

4.2 Comparison with State-of-the-art508

We compare the performance of DPDV with recent509

state-of-the-art video retrieval methods in Tables510

1 and 2. DPDV consistently achieves leading re-511

trieval performance across all five datasets. Specifi-512

cally, compared to the unified coarse-to-fine inter-513

action model UCoFiA (Wang et al., 2023) and the514

explicit text augmentation method T-Mass (Wang 515

et al., 2024), DPDV achieves improvements of 1.1 516

and 0.3 in R@1, respectively on the MSRVTT, 517

demonstrating the effectiveness of our method for 518

precise feature interactions. Similarly, DPDV main- 519

tains a leading performance on long-video DiDeMo 520

and ActivityNet, as well as short-text LSMDC and 521

Charades. Compared to the Transformer-based fea- 522

ture selection method X-Pool (Gorti et al., 2022), 523

DPDV achieves a 6.4 improvement in R@1 on 524

DiDeMo, highlighting the effectiveness of proac- 525

tive pathway partitioning rather than relying on the 526

model to automatically filter relevant frames. 527

4.3 Ablation Study 528

Ablation Study of DPPM. Table 3 presents the 529

impact of the Dual-Pathway Partitioning Module 530

on retrieval performance under feature interactions 531

as in Equation 1. R1 indicates results without path- 532

way partitioning, while R2 and R3 correspond to 533

macro- and micro-level interactions under the Spot- 534

Path and Recover-Path, respectively. We observe 535

that R4 achieves the highest performance of 47.8 536
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when combining the SP and RP, confirming that537

pathway partitioning is an effective approach for538

feature enhancement and reduces the complexity539

of subsequent feature interactions.

Rx DPPMSP DPPMRP R@1↑ R@10↑ MnR↓
R1 43.4 81.1 16.4

R2 ✓ 45.6 82.7 14.3
R3 ✓ 46.3 83.2 13.8
R4 ✓ ✓ 47.8 84.5 12.3

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.

540
Ablation Study of DVIM. Table 4 presents the541

impact of the Dual-View Interaction Module on542

retrieval performance under DPPM. To highlight543

the superiority of the Weighted-Max interaction in544

Equation 5 over Mean-Pooling in Equation 1, R1545

is set to R4 from Table 3. R2 and R3 correspond to546

macro- (Ma) and micro-level (Mi) feature interac-547

tions under the pathway partitioning, respectively.548

We observe that R4 achieves the highest perfor-549

mance of 50.5, resulting from the comprehensive550

granularity of feature interactions.

Rx DVIMMa DVIMMi R@1↑ R@10↑ MnR↓
R1 47.8 84.5 12.3

R2 ✓ 48.4 84.7 12.0
R3 ✓ 49.6 85.4 11.6
R4 ✓ ✓ 50.5 86.2 11.3

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

551
Ablation Study of the Interaction Module. Ta-552

ble 5 presents the impact of various interaction553

methods on retrieval performance across different554

granularity levels. Although both models benefit555

from DPPM, the coarse-grained sentence-frame in-556

teraction DVIMMa and the fine-grained word-patch557

interaction DVIMMi perform better, further high-558

lighting the advantage of the Patch Feature Merge559

Module in aggregating fine-grained features.560

Ablation Study of the Sampling Strategy. Table561

6 reports the impact of the loss terms L and LKL562

on retrieval performance. Combining both losses563

R4 achieves the best results across all metrics, high-564

lighting their complementary contributions.565

ITEM Methods R@1↑R@10↑MnR↓

Ts ↔ Vf

Mean-Pooling 45.3 81.8 15.1
UCoFiA 47.1 82.6 14.1
DVIMMa 48.4 84.7 12.0

Tw ↔ Vp

Mean-Pooling 47.1 82.4 14.2
UCoFiA 48.2 83.3 13.2
DVIMMi 49.6 85.4 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 L LKL R@1↑ R@10↑ MnR↓
R1 46.4 82.1 15.6

R2 ✓ 48.3 83.7 14.2
R3 ✓ 48.1 84.5 13.8
R4 ✓ ✓ 50.5 86.2 11.3

Table 6: Ablation study of different sampling strategies.

4.4 Further Details 566

The supplementary material provides additional 567

details, including ❶ Experimental Settings (Section 568

A), ❷ Task Performance (Section B), ❸ Ablation 569

Study (Section C), ❹ Visualization (Section D), 570

and ❺ Limitations Analysis (Section E). 571

5 Conclusion 572

To address the challenge of asymmetric informa- 573

tion interaction between sparse queries and com- 574

plex visual cues, we propose a novel video retrieval 575

framework, termed DPDV, which consists of the 576

Dual-Pathway Partitioning Module for construct- 577

ing features at an appropriate granularity and the 578

Dual-View Interaction Module for effective feature 579

interaction. For DPPM, we simulate a human-like 580

macro-level cognitive perspective by partitioning 581

visual features into two categories based on their 582

relevance to the text query and supplementing less 583

relevant features with additional textual informa- 584

tion. For DVIM, we simulate a human alignment 585

strategy from macro to micro levels, enabling the 586

model to focus on local visual features while com- 587

prehensively modeling fine-grained interactions. 588

Experiments on five benchmark datasets demon- 589

strate that the DPDV model achieves state-of-the- 590

art performance, validating the effectiveness of our 591

approach. We hope that this work will provide 592

inspiration to the video retrieval community. 593

8



Acknowledgements594

References595

Lisa Anne Hendricks, Oliver Wang, Eli Shechtman,596
Josef Sivic, Trevor Darrell, and Bryan Russell. 2017.597
Localizing moments in video with natural language.598
In Proceedings of the IEEE international conference599
on computer vision, pages 5803–5812.600

Mingjing Du, Shifei Ding, and Hongjie Jia. 2016. Study601
on density peaks clustering based on k-nearest neigh-602
bors and principal component analysis. Knowledge-603
Based Systems, 99:135–145.604

Bo Fang, Wenhao Wu, Chang Liu, Yu Zhou, Yuxin605
Song, Weiping Wang, Xiangbo Shu, Xiangyang Ji,606
and Jingdong Wang. 2023. Uatvr: Uncertainty-607
adaptive text-video retrieval. In Proceedings of the608
IEEE/CVF International Conference on Computer609
Vision, pages 13723–13733.610

Valentin Gabeur, Chen Sun, Karteek Alahari, and611
Cordelia Schmid. 2020. Multi-modal transformer612
for video retrieval. In Computer Vision–ECCV 2020:613
16th European Conference, Glasgow, UK, August 23–614
28, 2020, Proceedings, Part IV 16, pages 214–229.615
Springer.616

Xiyuan Gao, Bing Cao, Pengfei Zhu, Nannan Wang,617
and Qinghua Hu. 2025. Asymmetric reinforcing618
against multi-modal representation bias. Proceed-619
ings of the AAAI Conference on Artificial Intelligence,620
39(16):16754–16762.621

Ziyu Gong, Chengcheng Mai, and Yihua Huang. 2024.622
Ascl: An asymmetry-sensitive contrastive learning623
method for image-text retrieval with cross-modal fu-624
sion. In 2024 IEEE International Conference on625
Multimedia and Expo (ICME), pages 1–6.626

Satya Krishna Gorti, Noël Vouitsis, Junwei Ma, Key-627
van Golestan, Maksims Volkovs, Animesh Garg, and628
Guangwei Yu. 2022. X-pool: Cross-modal language-629
video attention for text-video retrieval. In Proceed-630
ings of the IEEE/CVF conference on computer vision631
and pattern recognition, pages 5006–5015.632

Peng Jin, Jinfa Huang, Pengfei Xiong, Shangxuan Tian,633
Chang Liu, Xiangyang Ji, Li Yuan, and Jie Chen.634
2023a. Video-text as game players: Hierarchical635
banzhaf interaction for cross-modal representation636
learning. In Proceedings of the IEEE/CVF Confer-637
ence on Computer Vision and Pattern Recognition,638
pages 2472–2482.639

Peng Jin, Hao Li, Zesen Cheng, Jinfa Huang, Zhennan640
Wang, Li Yuan, Chang Liu, and Jie Chen. 2023b.641
Text-video retrieval with disentangled conceptualiza-642
tion and set-to-set alignment. In Proceedings of the643
Thirty-Second International Joint Conference on Ar-644
tificial Intelligence, IJCAI-23, pages 938–946. Inter-645
national Joint Conferences on Artificial Intelligence646
Organization.647

Peng Jin, Hao Li, Zesen Cheng, Kehan Li, Xiangyang 648
Ji, Chang Liu, Li Yuan, and Jie Chen. 2023c. Diffu- 649
sionret: Generative text-video retrieval with diffusion 650
model. In Proceedings of the IEEE/CVF interna- 651
tional conference on computer vision, pages 2470– 652
2481. 653

Ranjay Krishna, Kenji Hata, Frederic Ren, Li Fei-Fei, 654
and Juan Carlos Niebles. 2017. Dense-captioning 655
events in videos. In Proceedings of the IEEE in- 656
ternational conference on computer vision, pages 657
706–715. 658

Jie Lei, Linjie Li, Luowei Zhou, Zhe Gan, Tamara L 659
Berg, Mohit Bansal, and Jingjing Liu. 2021. Less is 660
more: Clipbert for video-and-language learning via 661
sparse sampling. In Proceedings of the IEEE/CVF 662
conference on computer vision and pattern recogni- 663
tion, pages 7331–7341. 664

Hao Li, Peng Jin, Zesen Cheng, Songyang Zhang, Kai 665
Chen, Zhennan Wang, Chang Liu, and Jie Chen. 666
2023. Tg-vqa: ternary game of video question an- 667
swering. In Proceedings of the Thirty-Second Inter- 668
national Joint Conference on Artificial Intelligence, 669
pages 1044–1052. 670

Ji Lin, Hongxu Yin, Wei Ping, Pavlo Molchanov, Mo- 671
hammad Shoeybi, and Song Han. 2024. Vila: On 672
pre-training for visual language models. In Proceed- 673
ings of the IEEE/CVF conference on computer vision 674
and pattern recognition, pages 26689–26699. 675

Yang Liu, Samuel Albanie, Arsha Nagrani, and An- 676
drew Zisserman. 2019. Use what you have: Video 677
retrieval using representations from collaborative ex- 678
perts. arXiv preprint arXiv:1907.13487. 679

Yang Liu, Shudong Huang, Deng Xiong, and Jiancheng 680
Lv. 2025. Learning dynamic similarity by bidirec- 681
tional hierarchical sliding semantic probe for efficient 682
text video retrieval. In Proceedings of the AAAI Con- 683
ference on Artificial Intelligence, volume 39, pages 684
5667–5675. 685

Yuqi Liu, Pengfei Xiong, Luhui Xu, Shengming Cao, 686
and Qin Jin. 2022. Ts2-net: Token shift and selection 687
transformer for text-video retrieval. In European con- 688
ference on computer vision, pages 319–335. Springer. 689

Huaishao Luo, Lei Ji, Ming Zhong, Yang Chen, Wen 690
Lei, Nan Duan, and Tianrui Li. 2022. Clip4clip: 691
An empirical study of clip for end to end video clip 692
retrieval and captioning. Neurocomputing, 508:293– 693
304. 694

Zongyang Ma, Ziqi Zhang, Yuxin Chen, Zhongang Qi, 695
Chunfeng Yuan, Bing Li, Yingmin Luo, Xu Li, Xi- 696
aojuan Qi, Ying Shan, and 1 others. 2024. Ea-vtr: 697
Event-aware video-text retrieval. In European Con- 698
ference on Computer Vision, pages 76–94. Springer. 699

OpenAI. 2023. Gpt-4 technical report. 700

9

https://doi.org/10.1609/aaai.v39i16.33841
https://doi.org/10.1609/aaai.v39i16.33841
https://doi.org/10.1609/aaai.v39i16.33841
https://doi.org/10.1109/ICME57554.2024.10687993
https://doi.org/10.1109/ICME57554.2024.10687993
https://doi.org/10.1109/ICME57554.2024.10687993
https://doi.org/10.1109/ICME57554.2024.10687993
https://doi.org/10.1109/ICME57554.2024.10687993
https://doi.org/10.24963/ijcai.2023/104
https://doi.org/10.24963/ijcai.2023/104
https://doi.org/10.24963/ijcai.2023/104
https://openai.com/research/gpt-4


Mandela Patrick, Po-Yao Huang, Yuki Asano, Florian701
Metze, Alexander Hauptmann, Joao Henriques, and702
Andrea Vedaldi. 2020. Support-set bottlenecks for703
video-text representation learning. arXiv preprint704
arXiv:2010.02824.705

AJ Piergiovanni, Kairo Morton, Weicheng Kuo,706
Michael S Ryoo, and Anelia Angelova. 2022. Video707
question answering with iterative video-text co-708
tokenization. In European Conference on Computer709
Vision, pages 76–94. Springer.710

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya711
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sas-712
try, Amanda Askell, Pamela Mishkin, Jack Clark, and713
1 others. 2021. Learning transferable visual models714
from natural language supervision. In International715
conference on machine learning, pages 8748–8763.716
PMLR.717

Anna Rohrbach, Marcus Rohrbach, Niket Tandon, and718
Bernt Schiele. 2015. A dataset for movie description.719
In Proceedings of the IEEE conference on computer720
vision and pattern recognition, pages 3202–3212.721

Leqi Shen, Guoqiang Gong, Tianxiang Hao, Tao He,722
Yifeng Zhang, Pengzhang Liu, Sicheng Zhao, Jun-723
gong Han, and Guiguang Ding. 2025. Discovla: Dis-724
crepancy reduction in vision, language, and align-725
ment for parameter-efficient video-text retrieval. In726
Proceedings of the Computer Vision and Pattern727
Recognition Conference, pages 19702–19712.728

Leqi Shen, Tianxiang Hao, Sicheng Zhao, Yifeng Zhang,729
Pengzhang Liu, Yongjun Bao, and Guiguang Ding.730
2024. Tempme: Video temporal token merging731
for efficient text-video retrieval. arXiv preprint732
arXiv:2409.01156.733

Gunnar A Sigurdsson, Gül Varol, Xiaolong Wang, Ali734
Farhadi, Ivan Laptev, and Abhinav Gupta. 2016.735
Hollywood in homes: Crowdsourcing data collec-736
tion for activity understanding. In Computer Vision–737
ECCV 2016: 14th European Conference, Amsterdam,738
The Netherlands, October 11–14, 2016, Proceedings,739
Part I 14, pages 510–526. Springer.740

Kaibin Tian, Yanhua Cheng, Yi Liu, Xinglin Hou, Quan741
Chen, and Han Li. 2024. Towards efficient and742
effective text-to-video retrieval with coarse-to-fine743
visual representation learning. In Proceedings of744
the AAAI Conference on Artificial Intelligence, vol-745
ume 38, pages 5207–5214.746

Jiamian Wang, Guohao Sun, Pichao Wang, Dongfang747
Liu, Sohail Dianat, Majid Rabbani, Raghuveer Rao,748
and Zhiqiang Tao. 2024. Text is mass: Modeling as749
stochastic embedding for text-video retrieval. In Pro-750
ceedings of the IEEE/CVF Conference on Computer751
Vision and Pattern Recognition, pages 16551–16560.752

Ziyang Wang, Yi-Lin Sung, Feng Cheng, Gedas Berta-753
sius, and Mohit Bansal. 2023. Unified coarse-to-fine754
alignment for video-text retrieval. In Proceedings755
of the IEEE/CVF International Conference on Com-756
puter Vision, pages 2816–2827.757

Wenhao Wu, Haipeng Luo, Bo Fang, Jingdong Wang, 758
and Wanli Ouyang. 2023. Cap4video: What can 759
auxiliary captions do for text-video retrieval? In Pro- 760
ceedings of the IEEE/CVF Conference on Computer 761
Vision and Pattern Recognition, pages 10704–10713. 762

Jun Xu, Tao Mei, Ting Yao, and Yong Rui. 2016. Msr- 763
vtt: A large video description dataset for bridging 764
video and language. In Proceedings of the IEEE con- 765
ference on computer vision and pattern recognition, 766
pages 5288–5296. 767

Hongwei Xue, Yuchong Sun, Bei Liu, Jianlong Fu, Rui- 768
hua Song, Houqiang Li, and Jiebo Luo. 2022. Clip- 769
vip: Adapting pre-trained image-text model to video- 770
language alignment. In The Eleventh International 771
Conference on Learning Representations. 772

Xiangpeng Yang, Linchao Zhu, Xiaohan Wang, and 773
Yi Yang. 2024. Dgl: Dynamic global-local prompt 774
tuning for text-video retrieval. In Proceedings of 775
the AAAI Conference on Artificial Intelligence, vol- 776
ume 38, pages 6540–6548. 777

Jialin Yuan, Ye Yu, Gaurav Mittal, Matthew Hall, San- 778
dra Sajeev, and Mei Chen. 2024. Rethinking multi- 779
modal content moderation from an asymmetric an- 780
gle with mixed-modality. In Proceedings of the 781
IEEE/CVF Winter Conference on Applications of 782
Computer Vision (WACV), pages 8532–8542. 783

Wang Zeng, Sheng Jin, Wentao Liu, Chen Qian, Ping 784
Luo, Wanli Ouyang, and Xiaogang Wang. 2022. Not 785
all tokens are equal: Human-centric visual analysis 786
via token clustering transformer. In Proceedings of 787
the IEEE/CVF conference on computer vision and 788
pattern recognition, pages 11101–11111. 789

10



Supplementary Material of “DPDV: Dual-Pathway and Dual-View
Representation Learning for Bridging Information Asymmetry in

Text-Video Retrieval"

Anonymous ACL submission

The supplementary material provides additional001

details, including ❶ Experimental Settings (Section002

A), ❷ Task Performance (Section B), ❸ Ablation003

Study (Section C), ❹ Visualization (Section D),004

and ❺ Limitations Analysis (Section E).005

A Experimental Settings006

Datasets. We adopt five benchmark datasets for007

the evaluation, including MSRVTT (Xu et al.,008

2016), DiDeMo (Anne Hendricks et al., 2017),009

LSMDC (Rohrbach et al., 2015), ActivityNet (Kr-010

ishna et al., 2017) and Charades (Sigurdsson et al.,011

2016). MSRVTT consists of 10,000 YouTube012

videos, each paired with 20 captions. We fol-013

low the training protocol in (Yu et al., 2018) and014

evaluate our model DPDV on both text-to-video015

and video-to-text retrieval tasks using the 1K-A016

test split. DiDeMo contains 10,464 video clips017

and 40,543 captions. We concatenate the descrip-018

tions of individual video segments to construct a019

“video-paragraph” for retrieval. We use the training020

and testing protocols from (Gabeur et al., 2020).021

LSMDC includes 118,081 video clips from 202022

movies. The duration of videos in the LSMDC023

dataset is short. We use the split from (Torabi024

et al., 2016), with 1,000 videos reserved for testing.025

ActivityNet contains densely annotated temporal026

segments for 20,000 YouTube videos. Following027

(Jin et al., 2023a), we report results on the “val1”028

split, using 10,009 videos for training and 4,917029

for testing. Charades consists of 9,848 video clips,030

where each corresponds to a text description. We031

adopt the split protocol from (Lin et al., 2022).032

Metrics. We evaluate retrieval performance using033

Recall at rank K (R@K, K=1,5,10, higher is better),034

Median Rank (MdR, lower is better), and Mean035

Rank (MnR, lower is better). R@K measures the036

percentage of test samples whose correct results037

appear in the top-K retrieved items. MdR reports038

the median rank of the ground-truth results, and039

MnR reports their mean rank. 040

Implementation Details. Following previous 041

methods (Luo et al., 2022; Gorti et al., 2022), 042

we use CLIP (Radford et al., 2021) as the back- 043

bone model for both text and video feature extrac- 044

tion. The DPDV model is trained for 5 epochs 045

with a batch size of 32, and the feature dimen- 046

sion D is set to 512. For the MSRVTT (Xu et al., 047

2016), LSMDC (Rohrbach et al., 2015), and Cha- 048

rades (Sigurdsson et al., 2016) datasets, we set the 049

frame length to Nf = 12 and the word length to 050

Nw = 32. For the long video DiDeMo (Anne Hen- 051

dricks et al., 2017) and ActivityNet (Krishna et al., 052

2017) datasets, we set the frame length to Nf = 64 053

and the word length to Nw = 64. We uniformly 054

sample Nf frames from each video clip and resize 055

them to 224×224 pixels. Accordingly, the number 056

of patches per frame is set to Np = H×W×C
P×P×C = 057

224×224×3
32×32×3 = 49. We adopt vision-language mod- 058

els (VLMs), including Qwen2.5-VL (Bai et al., 059

2025), Next-GPT (Wu et al., 2024), Chat-univi (Jin 060

et al., 2024), and VILA (Lin et al., 2024), to gen- 061

erate Ns = 6 text descriptions for each video. The 062

initial learning rate is set to 1e−5 for both the text 063

and video encoders. The hyperparameters α and 064

β are set to 0.5 and 0.1, respectively, while the 065

frame feature partitioning and patch feature aggre- 066

gation ratios are both set to 0.5. We train our model 067

on four NVIDIA RTX 4090 24GB GPUs, and the 068

training process takes approximately 10 hours on 069

the MSRVTT (Xu et al., 2016). 070

B Task Performance 071

Retrieval Performance under CLIP-ViT-B/16. 072

Table 1 in the main text reports the retrieval perfor- 073

mance of DPDV using CLIP-ViT-B/32. To further 074

highlight the advantages of DPDV on MSRVTT 075

(Xu et al., 2016), we present its retrieval results 076

using CLIP-ViT-B/16 in Table 1. Since CLIP-ViT- 077

B/16 processes smaller patches (P ×P = 16×16), 078
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Methods
MSRVTT (Text-to-Video) MSRVTT (Video-to-Text)

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
CLIP-ViT-B/16
X-Pool (Gorti et al., 2022) 48.2 73.7 82.6 2.0 12.7 46.4 73.9 84.1 2.0 8.4
UATVR (Fang et al., 2023) 50.8 76.3 85.5 1.0 12.4 48.1 76.3 85.4 2.0 8.0
Cap4Video (Wu et al., 2023) 51.4 75.7 83.9 1.0 12.4 49.0 75.2 85.0 2.0 8.0
T-Mass (Wang et al., 2024) 52.7 77.1 85.6 1.0 10.5 50.9 80.2 88.0 1.0 7.4
DiscoVLA (Shen et al., 2025) 50.5 75.6 83.8 - 12.1 49.2 76.0 84.7 - 8.6
BiHSSP (Liu et al., 2025) 50.8 75.9 84.4 1.0 11.0 50.3 75.5 84.5 1.5 7.8
DPDV 53.2 78.9 87.2 1.0 10.3 51.2 78.9 86.5 1.0 7.4

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

Methods
DiDeMo (Video-to-text) LSMDC (Video-to-text)

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
Clip4clip (Luo et al., 2022) 41.4 68.2 79.1 2.0 12.4 20.8 39.0 48.6 12.0 54.2
EMCL-Net (Jin et al., 2022) 45.7 74.3 82.7 2.0 10.9 22.2 40.6 49.2 12.0 -
DiffusionRet (Jin et al., 2023b) 46.2 74.3 82.2 2.0 10.7 23.0 43.5 51.5 9.0 40.2
T-Mass (Wang et al., 2024) 49.1 76.4 85.9 2.0 8.0 26.0 48.4 57.5 6.0 37.8
DPDV 50.4 77.8 86.5 1.0 8.6 25.9 48.5 57.4 6.0 38.1

Methods
ActivityNet (Video-to-text) Charades (Video-to-text)

R@1↑ R@5↑ R@10↑ MdR↓ MnR↓ R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
Clip4clip (Luo et al., 2022) 41.4 73.7 85.3 2.0 6.7 - - - - -
DiffusionRet (Jin et al., 2023b) 43.8 75.3 86.7 2.0 6.3 - - - - -
T-Mass (Wang et al., 2024) - - - - - 13.2 37.3 48.5 11.0 56.1
DPDV 44.5 77.3 87.4 1.0 5.4 17.5 40.6 49.9 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).

Methods
MSRVTT>MSRVTT MSRVTT>DiDeMo MSRVTT>LSMDC

R@1↑ R@Sum↑ MdR↓ R@1↑ R@Sum↑ MdR↓ R@1↑ R@Sum↑ MdR↓
CLIP4Clip (Luo et al., 2022) 43.8 195.8 2.0 31.8 154.9 4.0 15.3 87.1 21.0
X-Pool (Gorti et al., 2022) 46.9 201.9 2.0 35.3 168.5 3.0 16.4 93.5 18.0
DiffusionRet (Jin et al., 2023b) 49.0 206.9 2.0 33.2 160.9 3.0 17.1 90.5 21.0
T-Mass (Wang et al., 2024) 50.2 210.6 1.0 39.5 178.2 2.0 19.7 102.5 14.0
DPDV 50.5 212.8 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(%)↑
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 visual079

tokens with more dispersed semantics, which exac-080

erbates information redundancy and increases the081

difficulty of cross-modal alignment during retrieval. 082

Notably, compared with single text augmentation 083

methods such as Cap4Video (Wu et al., 2023) and 084
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T-Mass (Wang et al., 2024), DVDP achieves supe-085

rior performance (53.2 of R@1) due to its targeted086

textual enhancement via the Recover-Path.087

Video-to-text Retrieval Performance. In Table 2,088

we report the video-to-text retrieval performance089

on the DiDeMo (Anne Hendricks et al., 2017),090

LSMDC (Rohrbach et al., 2015), ActivityNet (Kr-091

ishna et al., 2017) and Charades (Sigurdsson et al.,092

2016) datasets. The video-to-text retrieval task093

involves finding the matching text given visual fea-094

tures, which is the opposite of the text-to-video re-095

trieval task. Table 2 shows that DPDV consistently096

improves retrieval performance across these four097

datasets. For example, on the long-video DiDeMo098

dataset, DPDV achieves a 1.3 improvement in R@1099

compared to T-Mass (Wang et al., 2024), resulting100

from the fine-grained feature interactions.101

Cross-domain Generalization Performance.102

Cross-domain generalization performance mea-103

sures the ability of a model to perform on data104

from unseen domains. In Table 3, we use MSRVTT105

(Xu et al., 2016) as the source domain for train-106

ing and DiDeMo (Anne Hendricks et al., 2017)107

and LSMDC (Rohrbach et al., 2015) as the target108

domains for testing to evaluate the generalization109

performance of DVDP. Compared with recent state-110

of-the-art methods, DVDP demonstrates consistent111

performance advantages.112

Video Question Answering Performance. Let113

D = (Q,V,A) denote a video question answering114

dataset, where Q is a set of questions, V is a set of115

videos, and A is a set of answers. The task of video116

question answering requires the model to answer a117

question q ∈ Q by referring to the corresponding118

video v ∈ V , aiming to produce an answer a that119

closely matches the ground truth. This process can120

be approximated as:121

â = argmax
a∈A

Fθ(a|q, v), (1)122

where θ represents the trainable parameters group,123

F represents the modeling function, and q ∈ Q and124

v ∈ V . Following previous VQA methods (Pier-125

giovanni et al., 2022; Li et al., 2023), we directly126

apply DPPM and DVIM to process q and v for the127

video question answering task, with the accuracy128

performance comparison presented in Table 4.129

C Ablation Study130

Ablation Study of Sampling Frame Numbers. In131

Table 5, we present a comparison of text-to-video132

retrieval performance under different numbers of133

sampled frames on the MSRVTT (Xu et al., 2016). 134

Since most MSRVTT videos are around 12 sec- 135

onds long, the performance improvement is more 136

pronounced when Nf varies from 4 to 8 to 12, com- 137

pared to the variation from 12 to 16 to 20. For a 138

fair comparison with existing methods (Gorti et al., 139

2022; Luo et al., 2022), we uniformly set Nf = 12. 140

Nf R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
4 43.2 65.7 74.6 5.0 17.9
8 47.8 74.2 83.1 3.0 15.6
12 50.5 76.1 86.2 1.0 11.3
16 51.0 76.7 86.7 1.0 11.0
20 51.5 76.8 86.4 1.0 10.7

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

141

Ablation Study of Frame Partitioning. In DPPM, 142

video frames are partitioned based on the similarity 143

between macro-level textual sentences and video 144

frames, where the partition ratio plays a critical 145

role in subsequent interaction alignment. Table 6 146

reports the results under different partition settings, 147

with a fixed total number of frames Nf = N+
f + 148

N−
f = 12. When (N+

f , N−
f ) = (6, 6), DPDV 149

achieves the best performance, which is consistent 150

with the statistical observations in Figure 1.

(N+
f , N−

f ) R@1↑ R@5↑ R@10↑ MnR↓

(4, 8) 48.2 75.7 84.6 12.4
(6, 6) 50.5 76.1 86.2 11.3
(8, 4) 49.5 75.4 85.9 11.5

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

151

Ablation Study of Different Text Augmentation 152

VLMs. Table 7 compares the text supplementation 153

effects of the Recover-Path under different vision- 154

language models, validating the generality and ro- 155

bustness of the proposed strategy across diverse 156

model settings. 157

Ablation Study of the Number of Supplemen- 158

tary Texts. In the Recover-Path, we sample a 159

single description from the augmented text set 160

Ts = [s1, s2, . . . , sN−
s
] ∈ RN−

s ×D as T−
s ∈ R1×D. 161

When multiple supplementary texts are selected 162

to describe V −, the interactions between T−
s ∈ 163
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VLMs R@1↑ 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).

RN−
s ×D and V −

f ∈ RN−
f ×D can be formulated as:164

ST−
s ,V −

f
=

1

2

(
N−

s∑
i=1

θismaxj ai,j+

N−
f∑

j=1

θjf maxi ai,j

)
,

(2)165

and the interactions between T−
w ∈ RN−

s ×Nw×D166

and V −
p ∈ RN−

f ×Np×D can be formulated as:167

ST−
w ,V −

p
=

1

2

(
N−

s∑
i=1

Nw∑
j=1

θi,js,w max
k

max
l

ai,j,k,l+

N−
f∑

k=1

Np∑
l=1

θj,kf,pmax
i

max
j

ai,j,k,l

)
.

(3)168

Since videos in DiDeMo (Anne Hendricks et al.,169

2017) are relatively long and contain more frames170

lacking textual descriptions, Table 8 compares171

the retrieval performance of DPPM with N−
s ∈172

{1, 2, 3} supplementary texts, illustrating the im-173

pact of the number of supplementary texts. Cost174

denotes the training time of the model.

N−
s R@1↑ R@10↑ MnR↓ Cost↓

1 51.0 84.7 11.6 4.51h
2 52.4 85.3 10.4 4.62h
3 53.6 85.9 10.1 4.72h

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

175
Ablation Study of KL Divergence. In Equation176

11, we use knowledge distillation to jointly opti-177

mize the original text–video similarity, aiming to178

prevent retrieval data leakage and simplify sam-179

pling. Data leakage occurs in two common scenar-180

ios: ❶ the model has prior access to the text paired181

with a video and uses it to enhance the video repre-182

sentation; ❷ employing VLMs to generate textual183

descriptions of videos, which are then directly used184

as retrieval queries. In Table 9, we compare the185

performance with and without KL divergence. The186

setting with KL (w KL) achieves superior perfor- 187

mance, improving by 4.3% compared to the setting 188

without KL (w/o KL).

Methods R@1↑ R@5↑ R@10↑ MdR↓ MnR↓
✗ KL 48.4 75.5 84.2 2.0 13.2
✓ KL 50.5 76.1 86.2 1.0 11.3

Table 9: Ablation study of KL Divergence.
189

Ablation Study of PFMM. The Patch Feature 190

Merge Module reduces the number of processed 191

patches by determining cluster centers, demon- 192

strating superior performance compared to aver- 193

age pooling (Luo et al., 2022) and the weighted 194

selection strategy in UCoFiA (Wang et al., 2023). 195

As shown in Table 10, repeatedly applying PFMM 196

progressively reduces the number of patches, with 197

the best performance achieved at a setting of 0.5. 198

Methods Np R@1↑ MdR↓
Clip4clip 49→1 45.4 13.8
UCoFiA 49→4 49.4 12.9

PFMM(0.75) 49→37→28→21 50.2 11.5
PFMM(0.50) 49→25→13→07 50.5 11.3
PFMM(0.25) 49→04→01→01 49.6 12.1

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

D Visualization 199

Visualization of Recover-Path Benefits. The fea- 200

ture enhancement and interaction in the Recover- 201

Path play a crucial role in mitigating information 202

asymmetry. To illustrate the transition from in- 203

formation asymmetry to symmetry, we visualize 204

the similarity changes on benchmark datasets such 205

as MSRVTT (Xu et al., 2016) in Figure 1. “Posi- 206

tive Pairs” and “Negative Pairs” denote the sim- 207

ilarities of relevant and irrelevant pairs, respec- 208

tively, where higher values are preferred for pos- 209

itive pairs and lower values for negative pairs. 210

Specifically, the MSRVTT test set contains 1,000 211

query texts and 1,000 candidate videos, resulting 212

in a 1000 × 1000 similarity matrix. The 1,000 213

values along the main diagonal correspond to posi- 214

tive pair similarities, while the off-diagonal values 215

correspond to negative pairs. The results show 216

that the similarity of positive pairs shifts to the 217

right, while that of negative pairs shifts to the 218

left, indicating that the Recover-Path effectively 219
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enhances the discriminability of correct matches.220

Similarly, DiDeMo (Anne Hendricks et al., 2017)221

and LSMDC (Rohrbach et al., 2015) are processed222

in the same manner.223

Visualization of Patch Merge. Figure 2 illus-224

trates the five-stage merging process of visual fea-225

ture patches. Six frames from Video1409 and226

Video1308 in MSRVTT (Xu et al., 2016) are se-227

lected, with a merge ratio of 0.5 at each step. As228

the stages progress, the number of patch features229

decreases while the representation increasingly em-230

phasizes key entity features, consistent with hu-231

man perception of fine-grained alignment. Unlike232

UCoFiA (Wang et al., 2023), which selects indi-233

vidual patches based on weights at Step0 in Figure234

2, PFMM strengthens overall entity features by235

capturing spatial correlations among patches.236

Visualization of Spot-Path Process. Figure 3 vi-237

sualizes the frame partitioning and patch merging238

process of the Spot-Path during training. Red ×239

marks indicate discarded frames, while the retained240

frames are used for patch feature merging. The last241

three rows show the visual results of three succes-242

sive patch merging stages.243

Visualization of Retrieval Results. In Figure 4,244

we present a set of successful and failed retrieval245

cases during testing. Notably, most failures are246

attributed to the simplicity of textual descriptions247

and the high similarity among video scenes.248

Visualization of VQA Process. In Figure 5, we vi-249

sualize two examples of video question answering.250

The top part of the figure shows the query questions251

and corresponding video frames, while the bottom252

part presents the outputs from DPDV as well as the253

ground-truth answers. Both question-answering254

examples achieve 100% accuracy.255

E Limitations Analysis256

Despite the promising performance of DPDV, there257

are several limitations that warrant discussion.258

❶ Model effectiveness depends on feature inter-259

action granularity. Macro-view interactions cap-260

ture global semantics, while micro-view interac-261

tions preserve fine details. Coarse granularity may262

miss subtle cues, whereas overly fine granularity263

increases computational cost. Moreover, the Patch264

Feature Merge Module (PFMM) relies on spatial265

correlations, which may be less effective for highly266

sparse or anomalous frames.267

❷ The Recover-Path text supplementation, effec-268

tive on MSRVTT and DiDeMo, may generalize269

poorly to unseen domains or datasets with differ- 270

ent video length distributions. For long videos, 271

missing frame descriptions can limit the benefit of 272

supplementary texts, and the optimal number of 273

texts requires careful tuning per dataset. 274

❸ Dual-path interactions and multi-view feature fu- 275

sion introduce additional computational overhead. 276

Using higher-resolution backbones, e.g., CLIP-ViT- 277

B/16, further increases inference time and memory 278

usage, limiting scalability for large-scale or real- 279

time applications. 280

Future work may explore dynamic granularity 281

adjustment based on video content, more robust 282

PFMM strategies for sparse or irregular frames, and 283

generalizing Recover-Path to diverse video tasks 284

and mixed long-short video scenarios. 285
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Figure 1: Visualization of similarity distributions under w/o Recover-Path and w/ Recover-Path on the MSRVTT
(Xu et al., 2016), DiDeMo (Anne Hendricks et al., 2017), and LSMDC (Rohrbach et al., 2015) datasets. The x-axis
represents similarity scores, and the y-axis indicates the proportion. From top to bottom, the similarity of positive
pairs gradually increases, while that of negative pairs gradually decreases, indicating a reduction in information
asymmetry and a more compact matching relationship.
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Figure 2: Visualization of the patch feature merge process. Six frames are selected from Video1409 and Video1308
on the MSRVTT, where the number of patches is reduced by half at each step. Note that a larger number of steps
does not necessarily lead to better results; intuitively, Step4 is sufficient to achieve the desired outcome.
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Figure 3: Visualization of frame selection and patch compression process within the Spot-Path during training. Red
× indicates Recover-Path process similar to Spot-Path.

Query7060: a man extinguishes a fire outside. Query9243: they are singing a song and playing a guitar.

Figure 4: Visualization of successful case Query7060 and failed case Query9243. The retrieval results are displayed
in descending order of similarity, where videos with green bounding boxes indicate the correct matches.

Question7015: What is a female doing? Question7020: What are the realistic leaves and flowers for?

Ground Truth: laughOur Answer: laugh Ground Truth: cakeOur Answer: cake

Figure 5: Visualization of video question answering. “Our Answer" denotes DPDV’s selected result from the
candidate answers, while “Ground Truth" indicates the correct answer.
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