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Abstract

Real-world videos often exhibit overlapping events and
intricate temporal dependencies, posing significant chal-
lenges for effective multimodal interaction modeling. We
introduce DEL, a framework for dense semantic action lo-
calization, aiming to accurately detect and classify mul-
tiple actions at fine-grained temporal resolutions in long
untrimmed videos. DEL consists of two key modules: the
alignment of audio and visual features, which leverages
masked self-attention to enhance intra-mode consistency,
and a multimodal interaction refinement module that mod-
els cross-modal dependencies across multiple scales, en-
abling both high-level semantics and fine-grained details.
We report results on multiple real-world Temporal Action
Localization (TAL) datasets, UnAV-100, THUMOS14, Ac-
tivityNet 1.3, and EPIC-Kitchens-100. The source code
will be made publicly available. These advances enable
more accurate analysis of complex, real-world scenes, from
surveillance to accessible media understanding.

1. Introduction

Temporal action localization (TAL) involves identifying
and classifying action boundaries in untrimmed videos, a
task made difficult by varying action durations and over-
laps [28]. Real-world video understanding is inherently
multimodal, requiring both visual and auditory cues [11,
21, 22]. For instance, distinguishing speech from silent
mouthing is challenging using visuals alone, but can be re-
solved with audio input. Although audio and visual modal-
ities are complementary, their fusion is non-trivial due to
temporal misalignment, diverse event durations, and intri-
cate cross-modal interactions [27]. Prior work in Audio-
Visual Event Localization (AVE) has largely focused on
trimmed videos with single events [7, 23, 29], whereas
dense localization requires detecting all overlapping events
across varying durations in untrimmed videos [1, 4, 8, 10].
Recent TAL models leverage transformers and Feature
Pyramid Networks (FPN) for multi-scale visual reason-
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Figure 1. Real-world videos often feature overlapping events of
different lengths, making localization difficult. This image com-
pares ground-truth (GT) with predictions from DEL, an audio-only
model (A), and a visual-only model (V). While A and V struggle
with a specific category, DEL accurately detects both short and
long events, even when overlapping.

ing [25, 31, 34, 37], but often neglect audio. A key chal-
lenge in audio-visual event localization is fusing multi-
modal information when events co-occur. Existing meth-
ods often process audio and visual streams independently
or apply late fusion, limiting their ability to capture fine-
grained temporal dependencies. Moreover, reliance on pre-
trained feature extractors introduces misalignment due to
domain gaps and differing objectives. While contrastive
learning aids cross-modal alignment, most methods over-
look intra-video structure, such as temporal coherence and
cross-event correlations, which are vital for distinguishing
similar events across time.

To address these issues, we propose DEL, a novel
transformer-based framework that explicitly models cross-
modal dependencies while preserving fine-grained tempo-
ral structure. DEL employs multi-scale fusion to support
robust localization in densely overlapping scenarios. Two
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Figure 2. Overview of our proposed DEL framework. Our model integrates (1) an adaptive attention mechanism for aligning audio and
visual features, (2) inter- and intra-sample contrastive learning to enhance event discrimination, and (3) a multi-scale path aggregation

network for feature fusion. || represents the concatenation operation.

key modules underpin our approach: (1) a multimodal
adaptive attention mechanism using masked self-attention
to ensure temporal coherence and intra-modal consistency,
and (2) a path aggregation network that captures both
fine-grained and high-level temporal semantics. We fur-
ther introduce a dual contrastive loss: intra-sample contrast
enhances feature discrimination within modalities, while
inter-sample contrast improves cross-modal alignment. A
feature scoring mechanism automatically selects contrastive
pairs, removing the need for manual sampling and improv-
ing training efficiency.

2. Related Works

Deep learning has driven advances in temporal action lo-
calization (TAL), enabling accurate detection of actions
in untrimmed videos. TAL methods include two-stage
approaches [14, 15], which first generate proposals, and
single-stage methods that predict actions directly. Our work
builds on the latter for efficiency. Within this context,
anchor-based methods [3, 38] rely on predefined tempo-
ral regions, whereas anchor-free techniques [20, 35] di-
rectly regress event boundaries. Recent models integrate
GNNs [36] and Transformers [30], with transformer-based
FPNs [37] improving multi-scale temporal reasoning and
localization. Audio-visual fusion has shown promise in
video retrieval [12], but remains underexplored in TAL due
to challenges like modality misalignment and asynchronous
events [27]. Most methods employ late fusion, which limits
fine-grained temporal modeling. While recent methods ex-
plore cross-attention [17, 33] they often fall short in model-
ing dynamic, multi-scale interactions critical for real-world
event understanding. Contrastive learning [9] helps align
modalities but typically ignores intra-video structure. In
contrast, our DEL framework captures cross-modal depen-
dencies via adaptive attention and multi-scale

3. Method Overview

Figure 2 illustrates the DEL framework for dense audio-
visual event localization in untrimmed videos. Given to-
kenized audio-visual input, our method proceeds via three
modules: (1) Adaptive Attention for dynamic cross-modal
alignment; (2) Score-based Contrastive Learning to en-
hance feature discrimination; and (3) a Path Aggregation
Network for robust multi-scale temporal fusion.

Problem Formulation

Given a video segmented into 7 audio-visual pairs S =
{(Ve,A¢)}L_,, where V¢ and A represent visual and audio
features at time ¢, we aim to predict localized events:

S = {SAz = (6start,ra6end,taq(yt))}tT:1a

where g(y;) € [0,1]" is the event classification probabil-
ity for A, the set of all event classes, and Osart ¢, Oengs are
temporal offsets. The final predictions are:

Tstarty =1— 6start,t7 Tends =1+ 5end,t, A =arg I){lg)\“](lt)-

Adaptive Cross-Modal Attention

To effectively align temporally offset audio and visual sig-
nals, we employ an attention-based mechanism with learn-
able masking M € R(IvtLa)<(LvtLa) where L, and L, denote
the lengths of the visual and audio sequences, respectively.
Given concatenated input X = [V|A] € R+ ¥4 wwhere d
is the embedding dimension, we compute attention as:

m; jexp(QiK] /v/d)
Yimirexp(QiK] /Vd)’

with Q, K derived from linear projections of X. The mask
guides both intra- and inter-modal alignment across tempo-
rally corresponding features.

aat; j =

Score-Based Contrastive Learning To improve event dis-
crimination and modality alignment, we adopt a dual con-
trastive loss that operates both across and within video sam-
ples.



* Inter-sample loss aligns [CLSy] and [CLS4] tokens
across paired samples.

e Intra-sample loss leverages token-level predic-
tions—event score s; and category ¢;—to mine positive
and hard-negative samples within a video.

The contrastive loss encourages alignment between cor-
rectly predicted segments and penalizes ambiguous ones:

exp(z'zt/7)
log (exp(sz+ /7) +Xrexp(z'z / T)) ’

where 7 is a learnable temperature parameter.

€(15Z+7Z7) =

Path Aggregation Network
To capture events of varying durations, we build a multi-
scale feature pyramid. Modality-guided adapters integrate
cross-modal cues:

.

-
VI’:{/,.O(mgx(V;AI)) ) A;:A,.G<m]?x(A[VkT)) )
J

where o is the sigmoid activation function. These updated
features are fused across scales and refined via multi-head
attention (MHA):

V' =V +MHA(V,A,A), A'=A+MHA(A,V.,V),

where A,V denote compact multi-scale tokens obtained via
adaptive pooling.

Overall Objective Function The final loss combines con-
trastive and supervised objectives: Liyser and Ly rq, and the
score cross entropy 1oss Zcore. Additionally, the classifica-
tion head is trained using a cross-entropy loss, %5, which
ensures accurate event categorization, while the regression
head is optimized with a smooth L1 loss, _?}eg, to refine the
temporal boundaries of each detected event:

fDEL = )Ll vginter + A'Zv%ntm + AS%core + 214‘=gcls + AS%ega

with weights A; balancing each term.
4. Experiments

Dataset and Metrics We evaluate DEL on four bench-
marks: THUMOS14 [10], ActivityNet-1.3 [1], EPIC-
Kitchens-100 [4], and UnAV-100 [8]. Following standard
practice, we report mean Average Precision (mAP) across
multiple temporal IoU thresholds. To ensure statistical ro-
bustness, all results are averaged over five training runs.
Feature Encoder. For THUMOSI4, ActivityNet, and
UnAV-100, we adopt I3D [2], pretrained on Kinetics-400,
for visual features, and VGGish [7], pretrained on Au-
dioSet, for audio features. For EPIC-Kitchens-100, where
fine-grained temporal resolution is critical, we follow [24,
37] in using SlowFast [5] pretrained on EPIC-Kitchens. All
features are projected to a shared embedding space.

4.1. Main Results

THUMOS14. Tab. | shows that DEL achieves an average
mAP of 71.9%, outperforming TriDet by +2.6%. DEL ex-
cels at higher tloU thresholds, achieving 68.4% at 0.6 and
60.5% at 0.7, indicating strong temporal precision.

Method 03 04 05 06 07 Avg
MUSES [18] 68.9 64.0 569 463 31.0 -
ContextLoc [39] 68.3 63.8 543 418 262 509
A%Net [35] 58.6 54.1 455 325 172 41.6
PBRNet [16] 58.5 546 513 41.8 295 -
AFSD [13] 67.3 624 555 437 31.1 520
TadTR [19] 624 574 492 378 263 46.6
Actionformer [37] 82.1 77.8 71.0 594 439 679
ASL [24] 83.1 79.0 71.7 59.7 458 66.8
TMaxer+MRAVFF [6] 822 782 71.5 599 453 674
TriDet [26] 836 801 729 624 474 693
DEL 81.0 78.0 71.8 684 605 719

Table 1. Performance comparison on THUMOS14 We report
mAP across multiple tloU thresholds and compute the average
mAP. Our method outperforms previous approaches on THU-
MOS 14 with the same feature extraction.

ActivityNet-1.3. As shown in Tab. 2, DEL achieves the
best overall performance with an average mAP of 38.0%,
improving upon TriDet by +1.2%. The performance gains
across all thresholds show that DEL generalizes well to di-
verse and long-form activities.

Method 05 075 095 Avg
MUSES [18] 50.0 350 6.6 340
ContextLoc [39] 560 352 3.6 342
VSGN [38] 523 352 83 347
A2Net [35] 436 287 37 278
PBRNet [16] 540 350 9.0 350
AFSD [13] 524 353 6.5 344
TadTR [19] 49.1 326 85 323
Actionformer [37] 535 362 82 356
ASL [24] 54.1 374 80 362
TriDet [26] 547 380 84 368
DEL 569 425 14.7 38.0

Table 2. Performance evaluation on ActivityNet 1.3. We present
mAP and average mAP results across various tloU thresholds. Our
approach surpasses previous methods with the same feature ex-
traction.

EPIC-Kitchens-100. Tab. 3 presents results on this fine-
grained kitchen activity dataset. Using I3D+VGGish, DEL
achieves 27.1% (verb) and 25.2% (noun) average mAP. Us-
ing stronger features (VMAE2+ASlowFast), DEL achieves
30.5% and 28.1%, outperforming all baselines, includ-
ing TIM. These gains highlight DEL’s capability to han-
dle densely overlapping, fine-grained actions—particularly
those with subtle audio-visual interplay.

UnAV-100. In Tab. 4, DEL achieves 51.1% average mAP,
outperforming the UnAV baseline by +3.3%. Its perfor-
mance improves consistently with increasing tloU thresh-
olds, showing accurate boundary localization even in over-
lapping audio-visual scenarios.

4.2. Ablation Experiments

We conduct ablations on UnAV-100, a challenging dataset
with dense, overlapping audio-visual events. We evaluate
the impact of key components, feature extractors, fusion de-
sign, and input modalities.



Task Method Frozen Features 0.1 02 03 04 05 Avg

BMN [15] I13D+VGGish 108 88 84 71 56 84
G-TAD [32] 13D+VGGish 121 11.0 94 81 6.5 94
Verb ActionFormer [37] I3D+VGGish 266 254 242 223 191 235

ASL [24] I13D+VGGish 27.9 - 25.5 - 19.8 24.6
ActionFormer + MRAV-FF [6] 13D+VGGish 27.6 268 253 234 198 246

TriDet [26] 13D+VGGish 286 274 261 242 208 254

TIM VMAE2+ASlowFast 329 31.6 29.6 27.0 222 28.6

DEL 13D+VGGish 322 299 278 251 208 27.1

DEL VMAE2+ASlowFast  35.1 33.6 315 288 235 305

BMN [15] I13D+VGGish 103 83 62 45 34 65

G-TAD [32] 13D+VGGish 1.0 10.0 8.6 70 54 8.4

Noun ActionFormer [37] 13D+VGGish 252 241 227 205 17.0 219
ASL [24] I3D+VGGish 26.0 - 234 - 17.7 226
ActionFormer + MRAV-FF [6] I13D+VGGish 264 254 236 212 174 228
TriDet [26] 13D+VGGish 274 263 246 222 183 238

TIM VMAE2+ASlowFast 364 348 321 287 227 310

DEL I3D+VGGish 295 284 262 229 193 252

DEL VMAE2+ASlowFast  33.1 31.3 293 261 208 281

Table 3. Performance on the EPIC-Kitchens-100 validation set
across multiple tloU thresholds, with average mAP reported. Our
method outperforms all baselines by a significant margin using the
same feature extraction.

Method 0.5 0.6 0.7 0.8 09 Avg
VSGN [38] 245 202 159 114 6.8 24.1
TadTR [19] 304 27.1 233 194 143 294

ActionFormer [37] 43.5 394 334 273 179 422
UnAV [8] 50.6 458 398 324 21.1 478
DEL 534 481 42.6 356 269 51.1

Table 4. Performance on the UnAV-100 test set, showcasing
our method’s significant improvement over all baselines using the
same feature extraction. We report mAP and average mAP at var-
ious tloU thresholds.

Component Analysis. Table 5 shows the impact of re-
moving our core modules: Adaptive Attention for Cross-
modal Alignment (AAC), Score-based Contrastive Learn-
ing (SCL), and the Path Aggregation Network (PAN). Re-
moving any component leads to a notable drop in perfor-
mance, confirming their complementary contributions to ro-
bust localization.

AAC SCL PAN | 05 06 07 08 09 Avg

X v v S51.1 457 410 345 258 496
v X v 51.5 447 387 333 258 497
v v X 51.3 450 394 338 253 495
v v v 534 481 426 356 269 51.1

Table 5. Component-wise ablation study, evaluating the in-
dividual contributions of our proposed Adaptive Attention for
Cross-Modal Alignment (AAC), Score-Based Contrastive Learn-
ing (SCL), and Path Aggregation Network for Multi-Scale Feature
Fusion (PAN) modules.

Feature Pyramid Depth. Table 6 examines the number of
temporal pyramid levels L. Six levels yield the best perfor-
mance, capturing both fine- and coarse-scale cues. Fewer
levels limit context modeling, while more introduce redun-
dancy.

Feature Extractor Choice. In Tab. 7, we evaluate DEL
with alternative encoders: DINOv2 for video and MERT for
audio. This setup improves mAP by +1.4 (UnAV-100) and
+1.3 (THUMOS14), showing that DEL generalizes across

| 05 06 07 08 09 Avg

L

1475 427 373 30.6 220 455
2| 485 432 377 312 230 464
4 | 484 435 382 320 235 472
6
7

534 48.1 426 356 269 51.1
51.0 459 40.1 339 246 49.0

Table 6. Ablation study on the design of the feature pyramid. L
shows the number of layers for both audio and video.

feature types.

Features 03 04 05 06 07 Avg
THUMOS 14
I3D+Vggish 810 780 71.8 684 605 719

DINOv2+MERT 81.5 79.1 73.1 708 64.6 733
UnAV-100
I3D+Vggish 534 481 426 356 269 51.1

DINOV2+MERT 55.0 49.7 44.1 374 284 527

Table 7. Evaluation on THUMOS14 and UnAV-100 incorporating
DINOV2 for video features and MERTV1 for audio features.

Modal Input Analysis. Table 8 compares DEL with visual-
only and audio-only variants. Using both modalities im-
proves average mAP by +13.2 (UnAV-100), +2.1 (THU-
MOS14), and +2.1 (EPIC-Verbs), confirming the critical
role of audio-visual fusion.

Data Video Audio | 0.1 02 03 04 05 06 07 075 08 09 095 Avg
2*THUMOS 14 v X - - 799 768 707 6716 59.7 - - - - 708

v v - 810 780 718 684 605 - - - - 719

2*ActivityNet 1.3 v X - 537 - - 401 - - 138 358

v v - - - - 569 - - 425 - - 147 380

2*EPIC-Kitchens-100 (Verb) v X 309 287 266 241 20.1 - - - - - - 260
v v 322 299 278 251 208 - - - - - - 271

2*EPIC-Kitchens-100 (Noun) v X 280 270 249 216 185 - - - - - - 239
v v 295 284 262 229 193 - - - - - - 252

Table 8. DEL performance with various modality combinations.
Fusing audio and video yields the best results, emphasizing the
importance of multi-modal input.

5. Conclusion

We presented DEL, a dense audio-visual event localiza-
tion framework for untrimmed videos. By combining adap-
tive attention with a dual contrastive learning strategy, DEL
effectively aligns audio and visual streams while mod-
eling fine-grained temporal dependencies. A multi-scale
path aggregation network further enhances cross-modal fu-
sion. DEL achieves state-of-the-art results across four
challenging benchmarks—UnAV-100, THUMOS14, Ac-
tivityNet 1.3, and EPIC-Kitchens-100—demonstrating its
ability to localize overlapping events with high precision.
DEL narrows the gap between controlled benchmark tasks
and the complexity of real-world audiovisual scenarios,
offering a strong foundation for downstream applications
such as accessibility tools and intelligent video summariza-
tion.
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