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Abstract—Video Temporal Grounding (VTG), which aims to
localize video clips corresponding to natural language queries, is
a fundamental yet challenging task in video understanding. Exist-
ing Transformer-based methods often suffer from redundant at-
tention and suboptimal multi-modal alignment. To address these
limitations, we propose MLVTG, a novel framework comprising
two key designed modules: MambaAligner and LLMRefiner.
MambaAligner uses the bidirectional scanning and gated filtering
strategy to model temporal dependencies and extract robust video
representations for multi-modal alignment. LLMRefiner lever-
ages the specific frozen layer of a pre-trained Large Language
Model (LLM) to implicitly transfer semantic priors, enhancing
multi-modal alignment without fine-tuning. This dual alignment
strategy, temporal modeling via structured state-space dynamics
and semantic purification via textual priors, enables more precise
localization. Extensive experiments on QVHighlights, Charades-
STA, and TVSum demonstrate that MLVTG achieves highly
competitive performance.

Index Terms—Video Temporal Grounding, Mamba, Large
Language Model

I. INTRODUCTION

In video understanding, untrimmed videos dominate digital
content but contain sparse valuable clips, creating strong
demand for Video Temporal Grounding (VTG)—a task that
aligns natural language queries with specific temporal clips
in videos. VTG encompasses two core tasks: Temporal Lo-
calization (TL) and Highlight Detection (HD). However, ef-
fectively performing these tasks remains challenging due to
the heterogeneous representations between visual dynamics
and linguistic structures, which lead to multimodal matching
ambiguities and significantly impair performance [4].

Early methods rely on 3D CNNs [15], [22], [27], but
limit receptive fields resulted in insufficient video represen-
tation capability, leading to coarse multi-modal alignment.
Transformer-based models [2]-[4], [25], leveraging the atten-
tion mechanism, have advanced VTG by effectively captur-
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Fig. 1: MLVTG projects features of video-text pairs into a
shared semantic space, narrows the semantic gap, and better
aligns visual-text features. Its dual-branch architecture sepa-
rately handles temporal localization and highlight detection.

ing global contextual dependencies. However, Transformers
often suffer from redundant attention across frames [5]-
[7], weakening temporal discrimination. Recently, state space
models(SSMs) based Mamba [9] have demonstrated strong
sequence modeling capacity in vision tasks [21], [39] by
dynamically filtering redundant signals. Yet, directly applying
Mamba to VTG lacks temporal expressiveness. To address
this, we adopt the bidirectional scanning and the gated filtering
strategy from [8], [21] to extract robust video representations
for multi-modal alignment.

However, enhanced visual representations alone are still
insufficient for achieving the most precise semantic alignment.
To elevate powerful sequence modeling capabilities into ad-
vanced semantic comprehension and reasoning, we further
introduce large language mode (LLM) to enhance multi-
modal alignment. It exhibits strong multi-modal reasoning
abilities [10]-[12], effectively suppressing noise, purifying
semantics and enhancing multi-modal alignment in video
tasks [13], [14]. To leverage such capabilities, we utilize the
specific frozen layer of pre-trained LLMs. With frozen pre-
trained parameters, LLMs can transfer textual priors to visual
domains, filtering redundant video content. According to the
Platonic Representation Hypothesis [23], neural networks con-
verge to a shared semantic space across modalities, allowing
LLMs to associate abstract textual concepts with temporal
visual patterns, thereby improving alignment and robustness.

Overall, we propose Mamba-based feature alignment and



LLM-driven purification for multi-modal Video Temporal
Grounding termed MLVTG, a novel framework that presents
MambaAligner and mamba-based LLMRefiner. MLVTG em-
ploys a dual-stage alignment strategy: the MambaAligner stage
performs adaptive feature selection, while the LLMRefiner
stage conducts semantic purification. MLVTG mitigates redun-
dant attention, strengthens temporal modeling for better multi-
modal alignment and introduces high-level semantic guidance
without fine-tuning. To our knowledge, MLVTG is the first
work to jointly exploit Mamba and LLM for VTG, achieving
highly competitive performance on three benchmarks. Our key
contributions include:

o We propose MLVTG, a novel dual-stage framework that
handles temporal localization and highlight detection
separately.

e« We propose two key modules: MambaAligner, which
uses bidirectional scanning and gated filtering for robust
video representation and multi-modal alignment, and a
mamba-based LLMRefiner that leverages frozen LLM
layers to purify semantics through implicit cross-modal
interactions without fine-tuning.

« Extensive experiments demonstrate that MLVTG achieves
highly competitive performance across three benchmarks:
QVHighlights, Charades-STA, and TVSum.

II. RELATED WORK
A. Video Temporal Grounding

Video Temporal Grounding (VTG), a key task linking
visual content with semantics, has evolved into two sub-
tasks: Temporal Localization (TL) and Highlight Detection
(HD). TL focuses on grounding natural language queries to
video clips, with early proposal-based methods [15] suffering
from low coverage, while proposal-free models [1], [22]
improve efficiency via direct boundary regression. HD, in
contrast, identifies salient video moments, progressing from
ranking-based methods [16] to DETR-based detectors [3] with
improved accuracy. Though traditionally studied separately,
TL and HD share temporal reasoning goals. M-DETR [2]
unified them using QVHighlights, inspiring subsequent work
on audio integration [17], negative sample learning, and multi-
task setups [31]. However, existing methods still struggle with
fine-grained multi-modal alignment. To this end, we introduce
MLVTG, which jointly optimizes low-level temporal structure
by MambaAligner and high-level semantics by LLMRefiner,
achieving improvements in both TL and HD tasks.

B. Mamba for Sequence Tasks

State Space Models (SSMs) represent long-range sequences
with linear complexity [9], [18], offering an efficient alter-
native to Transformers by leveraging continuous state rep-
resentations. However, traditional SSMs lack the ability to
dynamically focus on task-relevant features across varying
contexts. To address this, Mamba [19] introduces gated selec-
tive SSMs, improving both noise suppression and salient tem-
poral pattern extraction. Originally surpassing Transformers
in language modeling and time-series forecasting [19], [20],

[40], Mamba has recently been extended to vision task [21],
[41] and video understanding [8], [39], [42]. However, existing
Mamba-based models primarily focus on unimodal tasks and
overlook fine-grained video-language alignment. To overcome
this, we incorporate a bidirectional SSM mechanism inspired
by VideoMamba, and stack multiple Vision Mamba blocks
to capture robust video representations. This enables precise
localization for VTG tasks by enhancing temporal modeling
and multi-modal alignment.

C. LLM for Video Temporal Grounding

Research is increasingly focused on applying LLMs
to video tasks, exploring various methods. For example,
VTimeLLM [26] employs LLM as the VTG decoder to di-
rectly output start and end timestamps. However, these existing
methods face significant challenges, including limited capa-
bilities in fine-grained temporal reasoning and precise times-
tamp localization inherent to current LLM architectures. Ad-
ditionally, the requirement for extensive training exacerbates
computational overhead. Motivated by [24], we propose the
mamba-based LLMRefiner, a module that efficiently exploits
semantic priors embedded within the specific frozen LLM
layer. This strategy achieves enhanced semantic alignment
between linguistic concepts and corresponding video clips,
thereby significantly improving VTG performance.

III. METHODOLOGY

As illustrated in Fig2, MLVTG presents the MambaAligner
with LLMRefiner, optimizing a multi-modal feature alignment
mechanism. Through a dual-branch decoupled task archi-
tecture, collaborative reasoning optimization is achieved for
temporal localization and highlight detection.

A. Feature Extraction and Projection.

Given an input video with L, clips and a text query
with L, tokens, we follow the encoder design of [4] to
extract features, which are then projected into a shared D-
dimensional space via separate Feed-Forward Networks. This
yields video features V = {v;} 7, € RLv*P and text features
Q = {q;};2, € RE*P.

We propose a dual branch task decoupled architecture. In the
one branch, an attentive pooling mechanism aggregates query
tokens Q € RL«*P into a sentence-level representation S €
R P to compute a saliency score via similarity measurement:

S =MQ, M = Softmax(WQ) € R*Lq, (1)

where W € R!*la is a learnable embedding. In an-
other branch, we incorporate positional embeddings EP°* and
modality-type embeddings E!YP¢ into both video and query
tokens to preserve spatial and modality distinctions:

Q=Q+EY +EY*. (2

These representations are concatenated as Z = [Q,V] €
REXD where L = L, + L,. Subsequently, Z passes through
MambaAligner for robust video representations and multi-
modal alignment.

V=V +EY L EY
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Fig. 2: Overview of the MLVTG Framework. The MLVTG first processes the input video and query using frozen feature
encoders and projects them into a shared semantic space (Sec. III-A). It then computes saliency scores directly in one branch,
while in the other, fused features are processed by the MambaAligner (Sec. III-B). The aligned features undergo semantic
purification via the Mamba-based LLMRefiner (Sec. III-C). Finally, task-specific heads (Sec. III-D) classify the refined features

to produce results.

B. MambaAligner.

To better capture video representations for multi-modal
alignment, MambaAligner consists of K stacked vision
mamba blocks and takes the concatenated feature sequence
Z = [Q;V] as the input (see Fig 2). The input is first
normalized and projected into two branches:

Z =Norm(Z), x=W,Z, g=W,Z, (3)

where Norm denotes layer normalization, and W,, W, are
learnable projections. Here, x is used for sequence modeling,
while g serves as the gating signal.

A 1D convolution layer extracts local features from x,
generating forward and backward sequences x/ and x°, re-
spectively. Each is passed through a SSM with parameters
(A,B,C):

y=x+K, K=[CA°B,CA'B,--- ,CA*'B], 4

where K is the impulse response kernel and * denotes con-
volution. This yields y/ and y®, capturing global context in
both directions.

To fuse outputs, a gating mechanism uses the control signal
g:

Yied = 0(8) Oy + (1 -0(g)) ©y", )
where o(-) is the SiLU activation, and ® denotes element-
wise multiplication. The final output is computed via residual
connection:

Zow =17+ Yfused-

C. LLMRefiner.

To refine the semantics of latent representations and en-
hance multi-modal alignment, we propose the Mamba-based
LLMRefiner module. This design addresses the performance
deviations caused by structural differences. The module inte-
grates two linear layers F'} and F'2, and a pre-trained Mamba-
based large language model layer Fy s to improve semantic
representation and multi-modal alignment. Leveraging the
inherent strong multi-modal reasoning capabilities of large
language models, the frozen-parameter F'1,1 5 layer effectively
transfers textual priors into the visual domain, filtering out
redundant or irrelevant information in video content.

Due to the dimension mismatch between the output of the
MambaAligner(Zout), and the input dimension requirements
of the Fzns layer, we integrate linear projection layers F}
and FE before and after the F15s block, respectively. These
projection layers harmonize the dimensional compatibility,
modifying the network output according to the following
formulation:

Zrefine :Fll,*FLLM(Zout)*F12,~ (6)

In our implementation, the parameters of the pre-trained
Frra block remain entirely frozen to preserve their robust
semantic representation capability. In contrast, the linear pro-
jection layers, F} and F?, are fully trainable and optimized
throughout the training process. This targeted training ap-
proach ensures continuous refinement of semantic alignment



TABLE I: Performances on QVHighlights. The optimal results are bold, and the suboptimal results are underlined.

Split | Test | Val
| TL HD | TL HD
Method R1 mAP > Very Good R1 mAP > Very Good
@05 @07 @05 @0.75 Avg. mAP HIT@l | @05 @0.7 @05 @0.75 Avg. mAP HIT@I
M-DETR [2] 529 330 548 294 307 357 556 | 539 348 - - 322 357 556
UMT [17] 562 412 534 370 361 382 600 | 603 443 - - 386 399 642
UniVTG [4] 589 409 576 356 355 382 610 | 597 - ; - 361 388 618
MH-DETR [28] | 60.0 424 60.7 381 383 382 605 | 60.8 449 607 396 392 387 617
QD-DETR [3] | 624 450 625 399 399 389 624 | 627 467 622 418 412 391  63.0
TR-DETR [29] | 64.6 489 639 437 426 399 634 ;i ; ; ; ; ; ;
TaskWeave [30] | - - ; - ; - 642 | 642 500 653 464 453 392  63.6
UVCOM [31] | 635 474 633 426 431 397 642 | 651 518 - AT -
TimeChat [43] - - - ; ; - - ; ) ; ; - 145 239
VTG-LLM [44] | - ; ; ; ; ; ; ; ; ; ; - 165 335
MLVTG | 640 483 633 439 430 399 639 | 651 505 637 468 446 405 652

TABLE II: Temporal Localization Perfor- TABLE III: Highlight Detection performance of Top-5 mAP on TVSum. “{”

mances on Charades-STA.

denotes utilizing the audio modality. The suboptimal results are underlined.

Method

Temporal Localization

Method

Highlight Detection
PK PR FM

R1@0.5 RI1@0.7 mloU VT VU GA BK BT DS | Avg.
M-DETR [2] 53.6 31.3 - Trailer [32] 613 546 657 608 59.1 70.1 582 647 656 68.1 | 62.8
UniVTG [4] 58.0 35.6 50.1 SL-Module [33] 86.5 68.7 749 862 79.0 632 589 726 789 640 | 733
QD-DETR [3] 55.5 34.1 - PLD-VHD [34] 84.5 809 703 725 764 872 719 740 744 79.1 | 77.1
$Rig3]5TR [[239(}] ggg g%g - UniVTG [4] 839 85.1 89.0 80.1 84.6 814 709 917 735 69.3 | 81.0

as. cave . . - T

UVCOM [31] 592 366 ) MIN{(—Net [35] 80.6 683 782 81.8 781 658 578 750 802 655|732
TimeChat [43] 3022 13.4 _ TCG [36] 85.0 714 819 786 802 755 716 773 786 68.1 | 768
VTG-LLM [44] 33.8 15.7 - Joint-VA' [37] 83.7 573 785 861 80.1 692 700 73.0 974 67.5 | 763
VTimeLLM [26] 343 147 - CO-AV' [38] 90.8 728 84.6 850 783 780 728 77.1 89.5 723 | 80.1
MLVTG 58.3 38.7 50.3 MLVTG 836 856 747 759 824 877 646 91.6 809 737 80.1

specifically tailored for downstream multi-modal alignment
tasks.

D. Joint Optimization for TL & HD.

To jointly solve TL and HD, we design a dual-head module
to produce task-specific outputs coupled with corresponding
optimization objectives. Specifically, the TL Head takes re-
fined feature Z,.fine as input and integrates two parallel
parts composed of 1D conv layers. One predicts the start and
end timestamps ([st,ed]), while the other performs frame-
level binary classification to discriminate foreground from
background frames. In contrast, the HD Head receives video
features V and sentence-level representations S as input and
focuses on frame-level salient scores. The overall training
objective aggregates task-specific losses with balancing coef-
ficients, formulated as follows:

)

where Ly represents the classification loss, and L., de-
notes the regression loss, both dedicated to optimizing TL.
Conversely, £7¢" and L™ are explicitly employed to
enhance the accuracy and discriminative power of HD [4].

‘Coverall = )\fﬁj + )‘Tegﬁreg + Alﬁintﬂ" + >\2£intra7

IV. EXPERIMENTS
A. Implementation Details.

We use CLIP and SlowFast features from pre-segmented
video clips at fixed frame rates (0.5/1 FPS), while text features
are extracted through the CLIP text encoder. The model
employs a MambaAligner (4 blocks, hidden size 1024) and
an LLMRefiner which operates on 2048 dimension features

extracted from the 20th layer. Training used a batch size of
32 for 200 epochs on a RTX4090 GPU.

B. Comparison with Start-of-the-Arts

Table I demonstrates outstanding performance on QVHigh-
lights. On the test set, it achieves the highest mAP@0.75 and
HD mAP. Since TR-DETR specifically designs a HD module
to assist temporal localization, it performs well. However,
more generalized MLVTG outperforms it on the generic TL
dataset Charades-STA, leading QD-DETR by 8.6% in R1@0.7
and outperforming both UVCOM and QD-DETR in HD task
HIT@1. On the Charades-STA, MLVTG achieves optimal
results under R1@0.7 and mloU in Table II. Moreover, without
relying on complex detection architectures, it delivers superior
overall performance compared to detector-based methods such
as TR-DETR. On TVSum , MLVTG attains an average AP of
80.1,matching SOTA CO-AV in Table III. Even without multi-
dataset training like UniVTG, MLVTG remains highly com-
petitive. And without introducing audio modality, it exhibits
stronger generalization capability than complex models such
as Joint-VA.

TABLE V: Effectiveness of
LLM Pretrained Parameters.
“~” means no LLM layer. “Rand”

R5@0.7
55{ —&— MAP@0.75
—4— MAP@Avg.

60 —o— R1@0.7
5

means randomly initialized. e AN
40

LLM Param Frozen R1@0.7 mAP 35 — )

0 5 10 15 20 25 30
_ — 435 377 Model Layers
Rand No 43.6 36.7 . .
Rand Yes 433 371 Fig. 3. Effectiveness of
zg: XI}IEOS jt%? gg:ﬁ LLM Different Layers.




TABLE IV: Ablation Study on Three Benchmarks. We select the most representative indicators as metrics for each task.

Temporal Localization

Highlight Detection

Mamba LLM
Aligner Refiner QVHighlights Charades-STA QVHighlights TVSum
R1 R5 mloU mAP R1 mloU mAP > Very Good Ave.
@(.7 @0.7 @0.75 Avg @0.7 @0.75 Avg HIT@1 mAP
X X 435 59.4 54.7 59.5 37.7 35.6 49.4 38.5 39.0 64.2 39.3 72.7
4 X 48.9 66.3 59.1 62.9 42.4 38.7 50.2 41.0 40.4 64.8 40.1 77.1
X v 45.1 61.4 55.8 60.8 384 354 49.4 38.3 39.4 62.8 38.2 77.7
4 v 50.5 66.9 9 63.7 44.6 38.7 .3 41.0 40.8 65.2 40.5

V. ABLATION STUDY

As shown in the Table IV, MambaAligner alone sig-
nificantly improves temporal localization performance: on
QVHighlights, R1@0.7 increased by 12.4%, mloU by 8.0%,
and mAP@Avg by 8.7%; on Charades-STA, it improved by
8.7%, 1.6%, and 3.6%, respectively. LLMRefiner provides
improvements (e.g., +3.7% in R1@0.7 on QVHighlights), and
the combination of both yields the best results, with total
gains of 16.1% in R1@0.7, 9.5% in mloU, and 14.4% in
mAP@Avg. On the HD task, the full model also achieves
the highest performance (+3.1% in mAP and +10.2% in
Avg). Furthermore, Table V demonstrate that using frozen pre-
trained LLM parameters delivers the best outcomes (e.g., 45.1
R1@0.7 and 38.4 mAP@Avg), while fine-tuning or random
initialization leads to degradation.

[23] suggests that large language models can learn shared,
task-agnostic representations, and prior empirical evidence
shows that such universal semantic spaces are most prominent
in intermediate layers rather than at the output. Subsequent
studies [24], [45] further indicate that layers closer to the out-
put increasingly encode task-specific, objective-driven features
with limited cross-task and cross-domain generalization, as
they tend to over-specialize toward pretraining or fine-tuning
objectives and thus weaken transferability. Consistent with
these findings, our empirical analysis confirms that middle-
to-late layers provide a better balance between semantic gen-
erality and task relevance; therefore, we select Layer-20 as the
representative layer for semantic optimization, a choice further
validated by the results in Fig 3. It is also worth noting that
fine-tuning large-scale models on small datasets often leads

TABLE VI: Effectiveness of Bidirectional Scanning.

Model QVHighlights Charades-STA
R1@0.7 mIoU mAP|R1@0.7 mIoU mAP

Unidirection 312 498 29.5| 329 464 335
Bidirection 489  59.1 424 38.7 502 404
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Fig. 6: Experiment Results Visualization

to semantic collapse, damaging the model’s original semantic
structure, and Table V (rows 2,3,5) reveals overfitting when
fine-tuning is conducted at suboptimal layers; hence, we freeze
the parameters of the selected layer.

Table VI shows that bidirectional scanning consistently
outperforms unidirectional scanning on both QVHighlights
and Charades-STA. Fig. 4 further indicates that MambaAligner
achieves markedly lower VRAM consumption and faster in-
ference than the baseline as sequence length increases; while
existing datasets are relatively short and thus understate its
linear-time benefits, the architecture is well suited for long-
sequence processing.

VI. VISUALIZATION

As shown in Fig 5, the cosine similarity heatmap between
query and video features reveals poor initial alignment. Af-
ter introducing MambaAligner, a substantial improvement in
alignment quality is observed, though spurious high-similarity
regions remain—particularly in the early clips due to back-
ground distractors. Further refinement with LLMRefiner effec-
tively suppresses noise and concentrates high similarity within
the ground-truth interval (63—132 seconds), resulting in more
precise alignment. Furthermore, Fig 6 further compares our
method MLVTG with the baseline on QVHighlights.

VII. CONCLUSION

This paper proposes MLVTG, a novel framework for video
temporal grounding that presents MambaAligner and LLM-



Refiner for effective multi-modal alignment. Experiments on
three benchmarks show that MLVTG outperforms highly
competitive performance in both temporal localization and
highlight detection. Ablation studies further confirm the effec-
tiveness of each component, demonstrating the robustness and
superiority of MLVTG. Future work will explore extending
MLVTG to incorporate audio modalities for more compre-
hensive video temporal grounding.
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