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ABSTRACT
Partially Relevant Video Retrieval (PRVR) aims to retrieve
untrimmed videos that contain segments partially relevant
to a query, but the task is challenged by large amounts of
irrelevant content that hinder precise cross-modal alignment.
Existing single-teacher knowledge distillation approaches
provide incomplete supervision and are vulnerable to noise.
To address this, we propose a Text Semantics-Guided Dual-
Teacher Knowledge Distillation framework, which integrates
complementary knowledge from a multi-modal large lan-
guage model and CLIP to enhance cross-modal alignment.
We further design a cognition-driven distillation strategy that
allows the student to adaptively adjust teacher guidance, and
a text semantics-guided temporal enhancement module that
aggregates multi-scale Gaussian mixture features for stronger
temporal representation. Extensive experiments on Activ-
ityNet Captions and Charades-STA demonstrate that our
method achieves significant improvements over state-of-the-
art approaches, validating the effectiveness of dual-teacher
distillation for PRVR.

Index Terms— Partially Relevant Video Retrieval, Dual-
Teacher Knowledge Distillation

1. INTRODUCTION

Partially relevant video retrieval (PRVR) identifies untrimmed
videos from a large corpus partially relevant to a textual query.
It is crucial for applications like intelligent multimedia search
and automated sports highlight generation [1]. This task,
however, is challenging due to complex spatiotemporal in-
formation and severe background clutter, which complicate
robust cross-modal alignment. Traditional methods for pre-
trimmed clips [2], assuming full semantic match, perform
poorly in this realistic scenario. The core bottleneck is ef-
fectively extracting and aligning relevant video features with
query semantics amidst overwhelming noise.

Existing long-video retrieval has two categories: Non-
distillation methods [3, 4, 5] often struggle without large-
scale supervision. Distillation-based methods [6] utilize large
pre-trained models, but are constrained by two key limita-
tions: First, they typically employ a single teacher model,
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failing to fully leverage the complementarity of multi-source
knowledge. Second, traditional knowledge distillation strate-
gies often overlook the model’s autonomous cognitive evolu-
tion, making dynamic knowledge absorption difficult.

To overcome these, we propose a Text Semantics-
Guided Dual-Teacher Knowledge Distillation algorithm
for video retrieval. Our approach introduces a dual-teacher
framework for comprehensive knowledge transfer. A cognition-
driven distillation strategy enables adaptive knowledge ab-
sorption, while a text semantics-guided temporal enhance-
ment module explicitly models temporal relationships. This
integrated method significantly improves cross-modal repre-
sentations for accurate untrimmed video retrieval.

Our main contributions are: (1) A text semantics–guided
dual-teacher distillation framework that enables comprehen-
sive and robust knowledge transfer for video retrieval. (2)
A cognition-driven strategy that adaptively modulates teacher
guidance based on the student’s learning state. (3) A text se-
mantics–guided temporal module that leverages query cues
for multi-scale feature aggregation, yielding superior results
over state-of-the-art baselines.

2. RELATED WORK

Knowledge Distillation (KD) for Video Retrieval. KD
transfers knowledge from large teachers to smaller students
via soft labels [7, 8], evolving from response matching to
feature and relation alignment [9, 10]. It is crucial for
adapting large-scale models such as CLIP [11] to special-
ized tasks [12]. In video retrieval, KD alleviates annotation
scarcity [6], yet single-teacher methods remain limited and
noise-sensitive. We propose a dual-teacher framework that
integrates complementary guidance for more robust transfer.
Video-Text Representation Learning. Effective video-text
alignment relies on robust unimodal encoders. Visual mod-
eling has advanced from CNNs (AlexNet [13], VGG [14],
ResNet [15]) to Transformers (ViT [16]) and spatiotempo-
ral 3D CNNs (I3D [17]). Text representation evolved from
Word2Vec [18] to BERT and Transformer-based models [19,
20]. Cross-modal encoders such as CLIP [11] provide vision-
grounded semantics, while LLMs (e.g., GPT [21], LLaMA
[22]) contribute advanced language understanding. We lever-
age these encoders to build robust video-text representations.
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Fig. 1: An overview of the proposed framework. A Dual-Teacher Model produces supervisory distributions (rtl , r
t
c) to

guide a Dual-Branch Student (Inheritance and Exploration) through a Cognition-driven Distillation Strategy, while the Text
Semantics-Guided Temporal Enhancement Module (TSG-TEM) refines temporal features with query semantics.

3. PROPOSED METHOD

Partially Relevant Video Retrieval (PRVR) targets retrieving
untrimmed videos that contain segments partially matching
a natural language query Q. Given a query Q and a large
corpus U = Vi

B
i=1, the goal is to return a video V ∈ U that is

semantically aligned with Q at least at the segment level.

3.1. General Scheme

The reliance on a single teacher model in prior distillation-
based methods restricts comprehensive knowledge leverage.
To overcome this, we propose a Text Semantics–Guided
Dual-Teacher Knowledge Distillation algorithm comprising
three components: a dual-teacher framework (Section 3.2),
a cognition-driven strategy (Section 3.3), and a semantics-
guided temporal module (Section 3.4). As shown in Figure 1,
the dual teachers provide supervisory similarity distributions
(rtl , r

t
c) to guide the student’s inheritance (rsI ) and exploration

(rsE) branches. The cognition-driven strategy adaptively bal-
ances teacher guidance, while the temporal module refines
video features with query semantics. These designs enable ro-
bust knowledge transfer and improved retrieval performance.

3.2. Text Semantics-Guided Knowledge Distillation via
Dual Teachers

To address single-teacher KD limitations, we introduce a
dual-teacher framework. The first teacher, a Multimodal
LLM (CogVLM2 [23]), generates frame descriptions Ct

l .
With query embeddings qt

l (from Sentence-BERT [24]), this

forms a language-language matching for similarity rtl :

rtl =
qt
l · Ct

l

∥qt
l∥∥Ct

l ∥
. (1)

Here, rtl is the language teacher’s similarity distribution, qt
l is

the language query embedding, and Ct
l represents the frame

description embeddings. The second teacher, a pre-trained
CLIP model [11], provides cross-modal priors. Its similarity
rtc is computed via cosine similarity between video embed-
ding Ft

c and query embedding qt
c:

rtc =
qt
c · Ft

c

∥qt
c∥∥Ft

c∥
. (2)

Here, rtc is the CLIP teacher’s similarity distribution, qt
c is the

CLIP query embedding, and Ft
c is the CLIP video embedding.

Dual-Branch Student Model. Inspired by [6], the stu-
dent consists of two branches. The Inheritance Branch learns
generalizable knowledge from the teachers. Given video V
and query Q, it encodes them via a CNN and RoBERTa [25],
followed by our temporal enhancement module, producing
representations Fs

I and qs
I with similarity distribution:

rsI =
qs
I · Fs

I

∥qs
I∥∥Fs

I∥
. (3)

The Exploration Branch shares the same architecture but is
trained without KD, enabling it to capture domain-specific
cues and mitigate distribution shifts, and lastly outputs rsE .

3.3. Cognition-Driven Distillation Strategy for Student

To transcend predefined learning strategies, we propose a
cognition-driven knowledge distillation (SC-KD) strategy.
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This approach enables the student model to adaptively ab-
sorb knowledge based on its evolving state, operating in
two phases demarcated by a threshold ρ. In the early stage
(t < ρ), the inheritance branch is optimized by combining
contrastive loss Ls with distillation losses from both LLM
and CLIP teachers. This combined inheritance loss, LI , is
defined as:

LI = Ls + β(t)(Lc + Ll), (4)

where Ll = DKL(r
s
I∥rtl ) and Lc = DKL(r

s
I∥rtc) repre-

sent the Kullback-Leibler (KL) divergence distillation losses.
β(t) = β0k

t is an exponentially decaying weight.
In the autonomous evolution phase (t ≥ ρ), the student

leverages feedback from its exploration branch. The consis-
tency between exploration outputs and each teacher is mea-
sured to derive adaptive weights γl and γc, which dynamically
adjust the influence of the two teachers.

γl = 1− Sigmoid(L′
l), γc = 1− Sigmoid(L′

c), (5)

where L′
l = DKL(r

s
E∥rtl ) and L′

c = DKL(r
s
E∥rtc). The final

loss function for the inheritance branch becomes dynamically
weighted, allowing the student to prioritize the more reliable
teacher:

LI =

{
Ls + β(t)(Ll + Lc), if t < ρ

Ls + β(t)(γlLl + γcLc), if t ≥ ρ.
(6)

This cognition-driven approach makes the knowledge transfer
process more efficient and robust.

3.4. Semantics-Guided Temporal Enhancement Module

To enhance temporal representation, we propose the Text
Semantics-guided Temporal Enhancement Module (TSG-
TEM), which incorporates query semantics into temporal
dependency modeling.

As depicted in the TSG-TEM architecture (Figure 1), for
each branch, inheritance (I) and exploration (E), we initialize
a hybrid token ϕ consisting of a shared static token ϕS and
a branch-specific dynamic token ϕD derived from the visual
feature most similar to the batch-averaged query embedding
q̄s:

ϕI = ϕS + ϕD
I , ϕE = ϕS + ϕD

E . (7)

The hybrid token ϕ is used in a cross-attention mechanism to
generate adaptive weights for aggregating multi-scale features
from Gaussian Transformers [4]. The output features Fs

I and
Fs

E is obtained by concatenating the aggregated features and
is applied in the final similarity computation.

3.5. Training and Inference Details

Training. The student model is optimized by minimizing the
total loss L, which is the sum of the Inheritance branch loss
LI and the Exploration branch loss LE :

L = LI + LE . (8)

Table 1: Performance comparison with SOTA methods on the
Anet-Captions dataset using I3D features.

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

Natural language-based short-video retrieval methods:
HTM 3.7 13.7 22.3 66.2 105.9
HGR 4.0 15.0 24.8 63.2 107.0
RIVRL 5.2 18.0 28.2 66.4 117.8
VSE++ 4.9 17.7 28.2 67.1 117.9
DE++ 5.3 18.4 29.2 68.0 121.0
W2VV++ 5.4 18.7 29.7 68.8 122.6
CE 5.5 19.1 29.9 71.1 125.6
CLIP4Clip 5.9 19.3 30.4 71.6 127.3
Cap4Video 6.3 20.4 30.9 72.6 130.2

Natural language-based long-video retrieval methods:
MS-SL 7.1 22.5 34.7 75.8 140.1
T-D3N 7.3 23.8 36.0 76.6 143.6
GMMFormer 8.3 24.9 36.7 76.1 146.0
DL-DKD 8.0 25.0 37.5 77.1 147.6

Ours 8.9 26.6 39.2 78.9 153.6

Table 2: Performance comparison with SOTA methods on the
Charades-STA dataset using I3D features.

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

Natural language-based short-video retrieval methods:
VSE++ 0.8 3.9 7.2 31.7 43.6
W2VV++ 0.9 3.5 6.6 34.3 45.3
HGR 1.2 3.8 7.3 33.4 45.7
CE 1.3 4.5 7.3 36.0 49.1
DE++ 1.7 5.6 9.6 37.1 54.1
RIVRL 1.6 5.6 9.4 37.7 54.3
HTM 1.2 5.4 9.2 44.2 60.0
CLIP4Clip 1.8 6.5 10.9 44.2 63.4
Cap4Video 1.9 6.7 11.3 45.0 65.0

Natural language-based long-video retrieval methods:
MS-SL 1.8 7.1 11.8 47.7 68.4
T-D3N 2.1 7.6 13.1 48.8 71.6
GMMFormer 2.1 7.8 12.5 50.6 72.9
DL-DKD 1.6 6.7 10.9 47.6 66.8

Ours 2.3 7.2 12.6 50.0 72.1

Here, LE comprises triplet ranking [26] and InfoNCE [27]
losses, while LI is detailed in Section X.
Inference. Only the student model performs retrieval. For
a video V and query Q, each branch calculates its matching
score (MI(Q,V ) for Inheritance, ME(Q,V ) for Exploration)
as the maximum cross-modal similarity across video frames.
The final matching score M(Q,V ) is their weighted sum:

M(Q,V ) = (1− µ)MI(Q,V ) + µME(Q,V ), (9)

where µ is a hyperparameter balancing branch contributions.

4. EXPERIMENTS

4.1. Experimental Setup

Datasets. We evaluate our method on two standard bench-
marks: ActivityNet Captions (ANet-Captions) [28], a chal-
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Table 3: Ablation study of our proposed modules.

TSK SC-KD TEM TSG-TEM R@1 R@5 R@10 R@100 SumR

- - - - 1.6 6.7 10.9 47.6 66.8
✓ - - - 1.6 6.5 11.1 49.0 68.2
✓ ✓ - - 1.7 7.2 11.6 48.9 69.3
✓ ✓ ✓ - 1.8 7.1 12.7 49.1 70.8
✓ ✓ ✓ ✓ 2.3 7.2 12.6 50.0 72.1

Table 4: Effect of different student branches for guiding KD.

Setup R@1 R@5 R@10 R@100 SumR

Baseline 1.6 6.7 10.9 47.6 66.8
Inheritance Branch 1.9 6.9 12.3 49.0 70.1
Exploration Branch (Ours) 2.3 7.2 12.6 50.0 72.1

lenging dataset of 20k untrimmed videos (avg. 118s), and
Charades-STA [28], with 6,670 activity videos (avg. 29.8s).
Evaluation Metrics. We follow [3] to use Recall at Rank n
(R@n, for n=1, 5, 10, 100) and the sum of recalls (SumR).
Implementation Details. The dual-teacher model comprises
a language teacher (CogVLM2 [23] + Sentence-BETR [24])
and a CLIP teacher (ViT-B/32 [11]). The student model uses
I3D [17] and RoBERTa [25] encoders, both yielding 1024-D
features. We train on NVIDIA RTX 4090 GPUs with a batch
size of 128 and an initial learning rate of 0.00025, using the
scheduling from [6] and early stopping based on validation
SumR. During inference, scores are fused with µ = 0.3.

4.2. Comparison with State-of-the-Art Baselines

To validate our method’s effectiveness, we compare it against
a set of state-of-the-art (SOTA) baselines. Specifically, these
include eleven short-video retrieval methods (VSE++ [29],
W2VV++ [30], HGR [2], CE [31], DE++ [26], RIVRL [32],
HTM [33], CLIP4Clip [34], Cap4Video [35]) and four long-
video retrieval methods (MS-SL [3], DL-DKD [6], GMM-
Former [4], T-D3N [36]). For fair comparison, all methods
utilize identical pre-extracted I3D visual features.
Results on ANet-Captions. As Table 1 shows, our method
significantly surpasses all baselines. Short-video methods un-
derperform in this long-form context. Even against strong
long-video baselines like DL-DKD [6], our approach yields
a 6.0% SumR and 0.9% R@1 gain. This validates our dual-
teacher framework’s superiority in temporal and cross-modal
correlation modeling.
Results on Charades-STA.Table 2 confirms our method’s
effectiveness on Charades-STA, achieving the highest R@1.
We improve SumR by 5.3% over the strong DL-DKD base-
line. These consistent inter-dataset improvements demon-
strate our approach mitigates single-teacher distillation lim-
itations via complementary knowledge, leading to accurate
cross-modal alignment for long videos.

Table 5: Effect of sharing the static token.

Setup R@1 R@5 R@10 R@100 SumR

Baseline 1.6 6.7 10.9 47.6 66.8
Non-shared Static Token 2.1 7.6 12.2 47.8 69.7
Shared Static Token (Ours) 2.3 7.2 12.6 50.0 72.1

4.3. Ablation Studies

Ablation studies on the Charades-STA dataset, using DL-
DKD [6] as baseline, analyze each component’s contribution.
Effect of Model Components. To validate the effectiveness
of each proposed module, we incrementally add them to the
baseline. The modules are: Textual Semantic Knowledge
(TSK), Student Model Cognition-driven Knowledge Distilla-
tion (SC-KD), the standard Temporal Enhancement Module
(TEM), and our Text Semantics-guided Temporal Enhance-
ment Module (TSG-TEM). As shown in Table 3, each mod-
ule provides a progressive performance gain. The full model
achieves a 5.3% improvement in SumR over the baseline.
Specifically, introducing TSK brings a 1.4% boost by lever-
aging complementary knowledge from a dual-teacher setup.
The SC-KD strategy further improves performance by 1.1%
through adaptive knowledge fusion. TEM enhances tempo-
ral modeling, yielding a 1.5% gain, while our query-aware
TSG-TEM adds another 1.3%. This demonstrates the strong
synergistic effect of our components.
Impact of Cognition-Driven Distillation Strategy. Our SC-
KD strategy is validated by comparing distillation guided by
exploration vs. inheritance branches. Table 4 shows explo-
ration guidance is superior (2.1% higher SumR). This gain
stems from its independent target-domain knowledge acqui-
sition, providing a more reliable distillation signal and miti-
gating teacher bias.
Impact of Shared Static Token between the Two Stu-
dent Branches. Finally, we verify sharing the static token
between student branches. Table 5 shows the shared de-
sign significantly outperforms its non-shared alternative,
improving SumR by 2.4%. Shared static tokens capture
global semantic commonalities, enhancing cross-modal con-
sistency. Independent dynamic tokens model fine-grained,
branch-specific features, creating a powerful “static-shared,
dynamic-independent” design.

5. CONCLUSION

We have addressed video retrieval in untrimmed videos by
proposing a text semantics–guided dual-teacher distillation
framework that integrates complementary supervision, a
cognition-driven strategy for adaptive transfer, and a temporal
module for cross-modal alignment. Extensive experiments on
ActivityNet Captions and Charades-STA have demonstrated
clear improvements over state-of-the-art baselines, confirm-
ing the effectiveness of our approach.
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