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ABSTRACT

Weakly-supervised audio-visual video parsing (AVVP) seeks
to detect audible, visible, and audio-visual events without
temporal annotations. Previous work has emphasized refin-
ing global predictions through contrastive or collaborative
learning, but neglected stable segment-level supervision and
class-aware cross-modal alignment. To address this, we
propose two strategies: (1) an exponential moving average
(EMA)-guided pseudo supervision framework that generates
reliable segment-level masks via adaptive thresholds or top-k
selection, offering stable temporal guidance beyond video-
level labels; and (2) a class-aware cross-modal agreement
(CMA) loss that aligns audio and visual embeddings at reli-
able segment—class pairs, ensuring consistency across modal-
ities while preserving temporal structure. Evaluations on
LLP and UnAV-100 datasets shows that our method achieves
state-of-the-art (SOTA) performance across multiple metrics.

Index Terms— Audio-visual video parsing, Weakly-
supervised learning, Exponential moving average, Cross-
modal agreement, Audio-visual learning

1 Introduction

Weakly-supervised audio-visual video parsing (AVVP) [1]
aims to localize audible, visible, and audio-visual events in
unconstrained videos. As illustrated in Fig. [I] only video-
level annotations are available during training, making it
highly challenging to infer precise temporal boundaries and
modality-specific events. This task is critical for applica-
tions such as audio-visual understanding, event detection,
and segmentation [2| 3| 4]. Recent AVVP studies have ex-
plored strategies such as multi-instance learning for weak
labels [ 13]], attention mechanisms to highlight informative
segments [6, 7], and contrastive or collaborative learning to
exploit audio—visual correlations [8, |9]. Although these ap-
proaches improve performance, two key challenges remain.
First, the lack of segment-level supervision, due to train-
ing with only video-level labels, makes it difficult to achieve
stable learning. Previous works often propagate coarse labels
to all segments or apply simple thresholding, which intro-
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Fig. 1. Illustration of the AVVP task.

duces noise [10}[11]. Although large pre-trained models (e.g.,
CLIP [12], CLAP [13]]) have been used to generate pseudo
labels [[14,[15]], these are typically static and cannot be refined
during training, leaving them prone to noise and domain mis-
match. Thus, more reliable, dynamically updated pseudo su-
pervision is needed. Second, most cross-modal approaches
align modalities by maximizing global audio—visual similar-
ity [8} [16], overlooking that different classes may occur in
different modalities at different times. Without class-aware,
segment-level alignment, models risk forcing mismatches be-
tween unrelated events, leading to suboptimal localization.

To overcome these limitations, we proposed E-CMA,
which includes two strategies. (1) Exponential moving av-
erage (EMA)-guided pseudo supervision [17]. We adopt a
teacher—student framework where the teacher, updated via
EMA of student parameters, periodically generates segment-
level pseudo masks from frame-wise predictions using adap-
tive thresholds or top-k selection per class. This transforms
noisy video-level labels into stable, dynamically updated
supervision, reducing error propagation from static pseudo
labels. (2) Class-aware cross-modal agreement (CMA) loss.
Rather than enforcing global similarity between audio and
visual embeddings, CMA aligns modalities only at confident
temporal—class positions where both modalities strongly indi-
cate the same event. This selective alignment prevents over-
matching asynchronous content and provides fine-grained,
event-consistent supervision.

We evaluated our method on the widely used AVVP
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Fig. 2. Framework of E-CMA. The EMA Teacher provides stable pseudo labels to guide the Student, and the CMA module
enforces class-aware cross-modal alignment. The final loss combines Pseudo loss, AVVP loss, and CMA loss.

benchmarks, the LLP dataset [1] and also the weakly-labeled
UnAV-100 dataset [18]]. Experimental results show that our
approach achieves state-of-the-art (SOTA) performance on
multiple metrics, which highlights the importance of stable
pseudo supervision and fine-grained cross-modal agreement
for advancing weakly-supervised AVVP.

2 Proposed Methods
2.1 Problem Statement

The goal of AVVP is to determine whether the event occurring
in each time segment of a video is audio-only, video-only, or
audio-visual event and to determine its category. Given a T’
second video X that is partitioned into 7' non-overlapping
segments, each one second long. We denote the sequence as
X = {(2%,2¥)}L_, where z¢, 27 € R? represent the audio
and visual features at time ¢ and d represents the dimension
of the features. For each segment, we define the event la-
bels as y¢ € {0,1},y¢ € {0,1}¢,y2 € {0,1}, where
C is the number of event classes. The audio-visual event
occurs only when both modalities detect the same event at
time ¢, that means ¥ = y{* © yy, where © denotes element-
wise multiplication. AVVP is often a weakly supervised
task, as only video-level labels are available during training,
ie. y € {0,1}¢. In contrast, evaluation is performed with
segment-level annotations, where fine-grained event bound-
aries are provided for both modalities.

2.2 Framework

As shown in Fig. 2] our framework builds upon the CoLeaF [§]
baseline. We first extract audio and visual features using
pre-trained CLAP [13] and CLIP [12]] encoders. These
features are refined by a Hierarchical Attention Network
(HAN) [] with self- and cross-attention to capture intra-
and inter-modal dependencies. The updated segment rep-
resentations are aggregated by Multimodal Multi-Instance
Learning (MMIL) pooling [[1] for video-level predictions. To

enhance temporal supervision, we further introduce an EMA-
guided teacher—student scheme. The teacher, updated by the
exponential moving average, periodically generates stable
segment-level pseudo masks that supplement weak video-
level labels. In addition, a class-aware CMA loss is applied to
enforce alignment between audio and visual embeddings in
confident event segments. These novel designs enable more
reliable segment-level learning and fine-grained cross-modal
alignment.

2.3 Teacher-Guided Pseudo Supervision

To address the lack of segment-level annotations and the lim-
itations of fixed, non-adaptive pseudo labels, we introduce an
EMA-guided teacher—student framework, where a slowly up-
dated teacher generates reliable segment-level masks, which
are then used to supervise the training of the student network.
As shown in Fig. 2] the student network follows the
architecture we introduced in Section 2.2] which includes
CLAP and CLIP encoders, HAN aggregation, and MMIL
pooling. It is updated by backpropagation with standard
weakly-supervised objectives. The student network produces
audio and visual probabilities P¢, PY € [0,1]°. Then we
fuse them into a joint prediction vector,
P, = %(P; + P, P e [0,1] (1
The teacher network shares the same backbone architec-
ture as the student network but is not optimized by gradient
descent. Instead, its parameters are updated as an EMA [17]
of the student’s parameters, which maintains a weighted aver-
age of the previous student parameters to form a more stable

teacher model. Let # denote the parameters of the student at
iteration k, and 6’ denote the teacher parameters, thus:

0p = ab_; + (1 — )by )

where o € [0, 1) controls the update rate of the EMA teacher.
This update ensures that the teacher evolves smoothly, mak-
ing its predictions more stable than the student network.



To provide effective temporal supervision for the student,
we transform the teacher’s segment-level predictions into bi-
nary pseudo masks that indicate reliable event occurrences.
The teacher’s audio and visual predictions are first fused into
a joint score:

- 1 -~ - -
P, = 5(1);‘ + P, P, €10,1]¢ 3)

From P,, we can derive binary pseudo masks M; €
{0,1}¢ in two ways: adaptive thresholding or top-k selec-
tion. For adaptive thresholding, the threshold is dynamically
adjusted by the mean prediction confidence for each class c,

that means:
T
RSN @
where ~y is the scaling factor, then we define the pseudo mask:
1, if P>,
Myo=4 Dite=T 5)
0, otherwise,

where M € {0,1}7%¢ is the pseudo mask matrix of
elements M; ., and IE’t,C indicate the teacher’s predicted
confidence score for class c¢ at segment ¢. Alternatively,
we can use Top — k selection to generate pseudo mask:
ift € Top—k({]styc};r:l, k), where Top—Fk returns the in-
dices of the k highest confidence scores among all 7" segments
for class ¢, and k is a hyperparameter which is the number
of selected segments. After generating M, we integrate them
into the learning objective by enforcing consistency between
the student’s predictions and the pseudo labels, which we use
a masked binary cross-entropy loss:

Losesto = |M”1ZZM“ (Pe1),  ©

where || M]||; is the L1 norm. By this design, only the trusted
segment—class pairs indicated by M contribute to the loss,
while the remaining uncertain positions are ignored. This
prevents noise accumulation and provides consistent temporal
guidance beyond video-level labels.

2.4 Class-Aware Cross-Modal Alignment Loss

Although pseudo supervision provides reliable temporal
masks, it does not explicitly enforce feature-level alignment
across modalities. Hence, we introduce a class-aware CMA
loss, which selectively encourages audio and visual embed-
dings to be consistent at confident segment—class positions.
Concretely, for each time step ¢ € {1,2,..., T} and event
class ¢ € {1,2,...,C}, we select valid segment-class pairs
(t, c) which meet two conditions: (1) The predicted probabil-
ities for both modalities Pt“C and Pt”C over their respective
confidence thresholds 7, and 7,; (2) The video-level label
Y. = 1, indicating the event ¢ occurs in the video. We de-
note (2 as the set of these valid pairs, and apply the CMA loss

for these pairs. For each pair (¢,¢) € Q, we calculate the
cosine similarity between audio and visual features:
_ @) ey .
Ste = T an ool (7N
[z ll2 - [l 12

Then, the CMA loss is formulated as the average cosine dis-
tance across all valid pairs:

1
Lema = 9l Z (1-
(t,c)e
By restricting the loss to confident and label-consistent
segment—class pairs, CMA suppresses noisy interactions and
reinforces semantically meaningful alignment across modali-
ties. Overall, the total loss [ for our framework is as follows:

St,c) ®)

L = Lavvp + Lpseudo + Loma )

Here, L ayvp is the standard binary cross-entropy loss between
predictions and ground-truth labels.

3 Experimental Results

3.1 Experimental Setup

Dataset. We evaluate our model on the LLP dataset [1],
which is the benchmark for AVVP. It includes 11,849 10-
seconds videos covering 25 event categories. We also perform
tests on UnAV-100 [18]], a large-scale dataset for audio-visual
event localization, containing 10,790 videos and over 30k
event instances from 100 classes. Following CoLeaF [8]], we
use only video-level labels for training UnAV-100.
Implementation Details. For the LLP dataset, we extract
768-dimensional audio and visual features using the pre-
trained CLAP [13] and CLIP [12]]. For the UnAV-100 dataset,
we extract 2048-dimensional visual features using a two-
stream I3D model (RGB + RAFT) [19], and 128-dimensional
audio features using pre-trained VGGish [20]].

Evaluation Metrics. We evaluate our model using F1-scores
for three event types: audio (A), visual (V), and audio-visual
(AV). A prediction is considered correct if the intersection-
over-union (IoU) with ground truth exceeds 0.5. We com-
puted the scores at the segment and event levels. The
segment-level evaluation compares predictions and labels
frame-by-frame, while event-level evaluation merges con-
secutive positive segments into a single event. We further
report Type @AYV, the average over A, V, and AV events, and
Event@AYV, which assesses the overall audio-visual event
detection performance in each video.

3.2 Overall Performance Analysis

Table [T] and [2] show the comparative experimental results on
the LLP and UnAV-100 datasets between our approach and
previous SOTA methods. The results indicate that our method
delivers superior performance on several key metrics, with
particularly notable improvements in segment-level parsing,
substantially outperforming existing approaches. Since our
method does not incorporate text embeddings with audio and



Table 1. The performance of E-CMA and comparative methods in AVVP, with the best results highlighted in bold and the
second results highlighted in text.

Model |

Segment-level (%)

Event-level (%)

Venue
| | A v AV Type@AV Event@AV | A \" AV  Type@AV Event@AV
HAN [1] ECCV’20 60.1 529 489 54.0 55.4 513 489 430 47.7 48.0
MGN [16] NeurIPS’22 | 60.8 554 500 55.1 57.6 527 51.8 444 49.9 50.0
MA [3] CVPR’21 60.3 60.0  55.1 58.9 57.9 536 564 490 53.0 50.6
CMPAE [L1]] CVPR’23 64.2 66.2 592 63.3 62.8 56.6  63.7 518 574 55.7
VALOR [14] NeurIPS’23 | 61.8 659 584 62.0 61.5 554 626 522 56.7 54.2
CoLeaF [8] ECCV’24 64.2 67.1  59.8 63.8 61.9 571 648 528 58.2 55.5
PPL [15] CVPR’24 65.9 66.7  61.9 64.8 63.7 573 643 543 59.9 57.9
RLLD [21] CVM’25 62.2 66.7 593 62.7 62.4 557 63.1  53.7 57.5 54.9
PPAE [9] TPAMI’25 64.3 66.6  59.6 63.5 63.0 570 641 525 579 56.1
E-CMA 66.1 699 61.7 65.9 65.4 545 66.6 535 58.2 54.3
(+0.2) (+2.8) (+1.1) +1.7) (+1.8)

Table 2. Comparison of E-CMA performance on the weakly-
labeled UnAV-100 dataset.

Method AV (Seg) AV (Evn)
HAN [1] 35.0 414
MA [5]] 37.9 44.8
JoMoLD [10] 36.4 41.2
CMPAE [[11] 39.7 43.8
ColLeaF [8] 41.5 47.8
E-CMA 41.8 (+0.3) 474

visual features, we restrict the comparison to approaches that
also do not employ such fusion.

As shown in Table [I, E-CMA achieves the best over-
all performance on the LLP dataset. At the segment level,
it consistently outperforms previous approaches, reaching
66.1% and 69.9% on the audio and visual modalities, both
new SOTA results. It also yields improvements on joint AV
metrics, with 61.7% on AV and 65.4% on Event@AV. At
the event level, E-CMA attains the highest visual score of
66.6% and competitive results across other metrics, includ-
ing 58.2% on Type@AV and 54.3% on Event@AV. These
results demonstrate that E-CMA not only enhances unimodal
performance but also achieves more consistent cross-modal
event parsing. On the UnAV-100 dataset with weakly super-
vised labels, E-CMA achieves 41.8% on AV (Seg), surpassing
CoLeaF by +0.3%. For AV (Event), our model obtains 47.4%,
which is competitive with the best baseline (47.8%). These
results show that E-CMA not only enhances segment-level
localization but remains strong event-level parsing ability
under weak supervision.

3.3 Ablation Study

To assess the impact of the EMA and CMA modules, we con-
ducted ablation study on the LLP dataset by removing them
from our method. For fairness, we train the CoLeaF with the
same feature extractor as our method, denoted as CoLeaF7.
As shown in Table 3] both modules contribute to the ef-

fectiveness of our framework. Specifically, removing CMA
leads to drops in visual and audio-visual metrics at both the
segment and event levels, indicating that CMA is crucial for
enhancing cross-modal alignment. On the other hand, exclud-
ing EMA mainly affects event-level results, with a decrease in
Event@AV, which confirms its role in capturing event-level
consistency. When both modules are integrated, E-CMA
achieves the best overall performance across all metrics, sur-
passing the strong baseline CoLeaF and demonstrating the
complementary benefits of CMA and EMA.

Table 3. Ablation study for E-CMA. w/o CMA and w/o EMA
mean without CMA and EMA, respectively.

Method A V AV Type@AV Event@AV
CoLeaF' 64.2 67.4 59.9 63.8 63.3
Segment ./, CMA 654 682 60.4 64.7 64.4
level w/0o EMA 659 68.8 61.0 65.2 64.8
E-CMA 66.1 699 61.7 65.9 65.4

Method A V AV Type@AV Event@AV
CoLeaF' 53.2 64.1 52.4 56.6 52.7
Event /) CMA 54.4 64.7 523 57.2 53.8
level w/o EMA 545 655 529 57.7 54.0
E-CMA 545 66.6 53.5 58.2 54.3

4 Conclusion

In this paper, we have presented E-CMA, a novel framework
for audio-visual video parsing that incorporates the cross-
modal alignment and exponential moving average modules.
EMA module establishes a teacher—student scheme, where
the EMA teacher generates reliable segment-level pseudo
labels to guide the student. CMA enforces class-aware
cross-modal consistency at the segment level, enhancing
audio—visual alignment. Experiments on LLP and UnAV-100
show the effectiveness of our framework. Our approach still
relies on fixed strategies for pseudo label generation, which
may not fully adapt to varying event distributions. In fu-
ture work, we aim to develop more adaptive teacher—student
update and selection mechanisms to address this issue.
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