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ABSTRACT This paper addresses the challenge of quantitatively modeling the dynamic alignment
between musical rhythm and plot turning points in films by proposing V2A-AlignNet, a genre-
aware cross-modal deep learning framework. As intelligent multimedia perception increasingly relies
on advanced signal processing and multimodal information fusion techniques that are conceptually
relevant to electromagnetic sensing and communication systems, accurate temporal alignment has
become an important research topic. The proposed model adopts a dual-stream architecture integrating
VideoMAE for long-range spatiotemporal video representation and a CRNN for extracting both local
and global rhythmic characteristics from Mel spectrograms. A cross-modal attention module constructs
a shared semantic space to generate alignment saliency sequences and similarity matrices, while a
genre-conditioning mechanism enables adaptive modeling for different film categories. Experiments
conducted on 120 films spanning six genres (800 clips) demonstrate that V2A-AlignNet achieves superior
performance in turning-point detection, alignment pattern classification, and genre recognition compared
with representative baseline methods. Ablation studies further verify the effectiveness of each component,
and visualization results reveal distinctive genre-specific alignment behaviors. The proposed framework
provides a computational basis for audio-visual temporal relationship analysis and offers valuable insights
for multimodal signal interpretation and intelligent information processing in advanced electromagnetic
sensing and communication-related applications.

INDEX TERMS cross-modal learning, CRNN, audio-visual alignment, multimodal signal processing,
electromagnetic sensing

I. INTRODUCTION

AS a core multimodal art form, film’s emotional nar-
rative effectiveness relies heavily on the precise coor-

dination of auditory and visual channels. Among these, the
dynamic interaction between musical rhythm and plot struc-
ture is a key artistic means for directors to shape emotions,
guide the audience, and strengthen narrative transitions
[1,2]. However, this interaction has long relied primarily on
the intuition and experience of creators, lacking a calculable
theoretical model for systematic quantitative analysis and
interpretation [3,4]. Existing computational methods mostly
focus on macro-level emotional matching or static feature
associations, and still lack an effective modeling framework
for the core relationship of "rhythm-transition", which is
complex and dynamic at the micro-temporal level [5,6]. This
bottleneck restricts a deeper understanding of film narrative
grammar and also limits the development of AI-assisted
creative tools. In the field of cross-modal analysis of video

and audio, early research mainly relied on hand-designed
features and shallow models, calculating the correlation
between optical flow and audio energy, or using dynamic
time warping algorithms to align the temporal sequence
of motion and rhythm [7,8]. Although these methods are
inspiring, their representational capabilities are limited, and
they are difficult to capture high-level semantic information
[9]. With the development of deep learning, researchers have
begun to use pre-trained models such as I3D (Inflated 3D
Convolution) and VGGish to extract features from video and
audio, respectively, and fuse them through splicing, pooling,
and other methods to complete tasks such as event detection
or sentiment classification [10,11]. Although these methods
have improved the understanding of content semantics, their
fusion strategies are often relatively superficial and fail to
specifically model the fine temporal dependencies between
audio and video [12]. More advanced cross-modal models,
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such as CLIP (Contrastive Language-Image Pre-training)
architecture [13,14], have learned rich joint representations
on massive network data through contrastive learning, but
their focus is more on global semantic alignment rather
than local, dynamic temporal interaction patterns in media
content. Studies specifically on the relationship between
sound and image in film have largely started from film
theory, attempting to computationally verify hypotheses
such as "how music enhances the narrative". Some works
have attempted to detect climax scenes in films and ana-
lyze their statistical correlation with musical features [15];
others have focused on the synchronicity of music and
camera movement, or analyzed narrative rhythm through
the alternation of dialogue and music [16,17]. However,
these studies generally simplify the dynamic process of "plot
twists" into discrete labels or scenes, failing to examine its
coupling relationship with the evolution of musical rhythm
from the perspective of continuous temporal sequence [18].
More importantly, most methods assume the existence of a
universal sound-image alignment pattern, while ignoring the
essential differences in narrative conventions and emotional
arousal strategies between different types of films—such as
horror films and romance films—and their potential type-
specific alignment rules have not yet been fully explored
and verified [19,20]. In summary, previous studies have
significant limitations in the depth of features, the precision
of temporal modeling, and the dimensions of typological
analysis. To overcome the aforementioned limitations, this
paper proposes a novel cross-modal deep learning frame-
work, V2A-AlignNet (Video-to-Audio Alignment Network),
aiming to systematically solve the dynamic alignment prob-
lem between musical rhythm and plot twists. The main
contributions of this research are threefold. First, method-
ologically, an end-to-end neural network is constructed,
fusing VideoMAE (Video Masked Autoencoder), which
excels at capturing long-range spatiotemporal context, with
CRNN (Convolutional Recurrent Neural Network), which
specializes in temporal pattern modeling, to achieve high-
level abstraction and refined extraction of audio-visual fea-
tures. Second, in model design, a dedicated cross-modal
dynamic alignment module is applied, capable of actively
learning and outputting a continuous alignment saliency se-
quence and corresponding alignment pattern labels, thereby
achieving a precise and interpretable quantitative description
of the core question of "when and how to align". Finally,
in terms of theoretical findings, by using film genres as
a conditional information embedding model, the unique
audio-visual dynamic alignment patterns in different film
genres are empirically revealed and compared on large-scale
data, providing new analytical dimensions and theoretical
insights for computational film studies.

II. METHODS
A. OVERALL FRAMEWORK OVERVIEW
The V2A-AlignNet proposed in this paper is a type-aware
cross-modal dynamic alignment network. Its overall archi-

tecture is shown in Figure 1. The core objective is to learn
the complex alignment relationship between music rhythm
and plot twists from film data.

Figure 1 illustrates the overall architecture of V2A-
AlignNet, which employs a dual-stream encoder-fusion de-
sign. First, the video and audio streams are processed by
independent backbone networks: the video frame sequence
is input to the Vision Transformer-based VideoMAE en-
coder, which, through its powerful spatiotemporal context
modeling capabilities, outputs a feature sequence containing
plot development information; simultaneously, the audio
waveform is converted into a Mel spectrogram and input into
a CRNN network, where its CNN (Convolutional Neural
Network) front end extracts local spectral patterns, and then
its RNN (Recurrent Neural Network) back end captures
the long-term temporal dynamics of rhythm, ultimately
outputting a music rhythm feature sequence. Subsequently,
the feature sequences from both modalities, along with the
film genre conditional vector, are fed into the core cross-
modal dynamic alignment module. In this module, the fea-
tures are first projected onto a common subspace, and then
deeply interact through a cross-modal attention mechanism
to calculate their correlation. The output of this interaction
process, on the one hand, generates alignment saliency
sequences S that directly characterize the strength of the
audio-visual association, and is used to classify specific
alignment patterns; on the other hand, the projected features
are used to construct a cross-modal similarity matrix M to
visualize the temporal alignment structure. Ultimately, the
model’s synchronous outputs S, M , and alignment mode
labels together constitute a complete quantitative description

FIGURE 1. Overall architecture of V2A-AlignNet 

of the dynamic alignment relationship.
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B. VIDEO STREAM PLOT FEATURE ENCODING
In video stream processing, VideoMAE is used as the
core encoder [21,22]. Its core lies in the self-supervised
pre-training paradigm of mask reconstruction. This process
forces the model to learn rich spatiotemporal context infor-
mation in video data to complete the reconstruction task,
thereby enabling it to capture coherent plot dynamics from
low-level actions to high-level semantics. It is very suitable
for detecting plot twists that depend on contextual anticipa-
tion [23,24]. The feature extraction process of VideoMAE
is shown in Figure 2.

FIGURE 2. Feature extraction process of VideoMAE

The film clip in Figure 2 is taken from: https://www.ka
ggle.com/datasets/michau96/images-from-hobbit-movies?
select=The+Desolation+of+Smaug. Given an input video
V = {V1, V2, . . . , VT }, it is first divided into a series of
non-overlapping segments where each segment Vt contains
F frames. Each segment is then fed independently into the
encoder. For a video segment Vt ∈ RF×N×(P 2·C), each
frame is uniformly divided into N image patches, where P
is the patch size, and C is the number of channels. During
the pre-training phase, VideoMAE randomly masks a very
high proportion of spatiotemporal patches, only passing
the visible patches through a linear projection layer with
position embedding, and then inputting them along with a
learnable [CLS] token into the standard Vision Transformer
encoder.

z0 = [xclass;x
1
pE;x2

pE; · · · ;xN
p E] + Epos (1)

In Formula 1, E is a projection matrix, and Epos is a
position embedding. The Transformer encoder consists of
alternating L-layer multi-head self-attention and multi-layer
perceptron modules:

z′l = MSA(LN(zl−1)) + zl−1 (2)

zl = MLP(LN(z′l)) + z′l (3)

Finally, the state of the [CLS] token output by the last
Transformer layer is used as a compact global plot represen-
tation vt of the video segment. This process is repeated for
all segments to obtain the feature sequence of the entire
video, that is, Fv = {v1, v2, . . . , vT }, which carries the
spatiotemporal semantic evolution of the film’s narrative.

C. AUDIO STREAM RHYTHM FEATURE ENCODING
To extract features that reflect the dynamics of musical
rhythm from audio signals, CRNN is used, whose structure
can effectively take into account both local spectral patterns
and long-term temporal dynamics [25,26]. The CNN part
slides on the Mel spectrogram through its convolution ker-
nel, which is good at capturing fine spectral patterns such as
beat onset and timbre texture in local areas; while the RNN
part receives the feature sequence extracted by the CNN
and uses its internal state memory to model the long-term
evolution trend of rhythm, thus completely depicting the
temporal structure of musical rhythm from micro to macro
[27,28]. The complete process of audio feature extraction is
shown in Figure 3.

FIGURE 3. Audio feature extraction process

Figure 3 shows the entire processing process: firstly, the
audio waveform is transformed into a time-frequency repre-
sentation - the Mel spectrogram - through short-time Fourier
transform and Mel filter bank. The CRNN network extracts
local spectral patterns, including dynamic features such as
rhythm, timbre, and energy, through its CNN front-end, and
then models its long-term temporal evolution through the
Bi LSTM back-end, ultimately outputting a comprehensive
feature sequence that represents the dynamics of music.
The original audio waveform is first converted into a time-
frequency representation—a Mel spectrogram M ∈ RT×F ,
where T is the number of time frames, and F is the number
of Mel filter banks [29,30]. This spectrogram is then fed
into the CNN front end. The front end of a CNN consists
of multiple layers of convolutional and pooling operations
stacked together. Let the convolutional operation of the l-th
layer be:

Hl = ReLU(Wl ∗Hl−1 + bl) (4)

In Formula 4, ∗ represents the convolution operation; Wl

and bl represent the weights and biases of the convolu-
tional layer; Hl−1 is the input feature map. Convolutional
layers are typically followed by pooling layers (such as
max pooling) to apply translation invariance and reduce
dimensionality. After multiple convolutional-pooling layers,
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the output is flattened into a sequence of feature vectors
C = {c1, c2, . . . , cT }, where each vector ct encodes the
local spectral pattern corresponding to the time step t. The
RNN back end uses a bidirectional long short-term memory
(Bi-LSTM) network to process the sequence C. For each
time step t, the Bi-LSTM aggregates the information from
the forward and backward propagation:

−→
h t = LSTM(ct,

−→
h t−1) (5)

←−
h t = LSTM(ct,

←−
h t+1) (6)

Ultimately, the rhythmic features of each time step are
composed of the concatenation of the forward and backward
hidden states:

at = [
−→
h t;
←−
h t] (7)

The output of the entire audio stream is a rhythmic feature
sequence Fa = {a1, a2, . . . , aT }, which integrates the local
beat information of the music with the global rhythmic
evolution dynamics, providing rich auditory representations
for subsequent cross-modal alignment.

D. CROSS-MODAL DYNAMIC ALIGNMENT MODULE
The cross-modal dynamic alignment module is the core
innovation of this study, which aims to model the dynamic
interaction between video feature sequences Fv and au-
dio feature sequences Fa. This module achieves accurate
quantification of audio-visual alignment relationship through
attention mechanism and contrastive learning [31,32]. The
core working principle of this module lies in establishing
a dynamic association between video and audio features
through a cross-modal attention mechanism. Specifically, the
module first projects the video and audio feature sequences
onto a common semantic space, and then calculates cross-
modal attention weights using video features as queries
and audio features as keys. These weights reflect the
correlation strength between each video segment and all
audio segments. By aggregating the weighted audio context
information, a video representation fused with cross-modal
information is generated. By analyzing the variance of the
attention weight distribution, the module can quantify the
significance of audio-visual alignment at each moment and
identify specific alignment patterns such as synchronization,
anticipation, or continuation based on the fused features.
Heterogeneous modal features are projected into a common
semantic space through linear transformation:

v′i = Wvvi + bv, a′j = Waaj + ba (8)

In Formula 8, Wv ∈ Rdp×dv and Wa ∈ Rdp×da are the
learnable projection matrices; bv and ba ∈ Rdp are the
bias terms; dp is the projection dimension. A cross-modal
similarity matrix M ∈ RT×T is constructed based on the
projected features:

Mij =
v′i

T
a′j

∥v′i∥∥a′j∥
(9)

In Formula 9, Mij represents the cosine similarity between
the i-th video segment and the j-th audio segment in the
public semantic space. A query-key-value cross-attention
architecture is adopted [33,34]. Video features are used as
queries, and audio features are used as keys. The projection
of the query, key, and value is calculated as follows:

qi = v′iWQ, kj = a′jWK , vj = a′jWV (10)

In Formula 10, WQ, WK , and WV ∈ Rdp×dk are the
projection matrices, and dk is the attention dimension. The
attention weight calculation is:

eij =
qik

T
j√
dk

, αij =
exp(eij)∑T
k=1 exp(eik)

(11)

The context vector generation is:

ci =

T∑
j=1

αijvj (12)

The alignment significance score for each time step is
obtained by calculating the variance of the row vectors of
the attention weight matrix:

si =
1

T

T∑
j=1

(αij − ᾱi)
2 (13)

In Formula 13, ᾱi = 1
T

∑T
j=1 αij . The alignment signifi-

cance score aims to quantify the degree of alignment con-
centration between video segment i and all audio segments
by calculating the variance of the row vectors in the attention
weight matrix. From the perspective of information theory
and attention mechanism, if the attention distribution is rel-
atively concentrated, it indicates that the video clip only has
strong correlation with a few specific audio clips, reflecting
that the audio and video are highly synchronized or closely
coupled in semantics or rhythm at this time. Therefore, it
can be used as an effective proxy indicator for "alignment
strength". On the contrary, low variance implies scattered
attention, corresponding to weak cross modal correlations or
unclear temporal alignment. The original video features are
concatenated with the context vector before classification:

hi = ReLU(Wh[vi; ci] + bh) (14)

yi = Softmax(Wyhi + by) (15)

In Formula 15, yi ∈ R3 corresponds to the probability
distribution of three alignment modes: synchronization, pre-
diction, and continuation.

E. FILM GENRE CONDITIONALIZATION AND OUTPUT
LAYER
To achieve type-aware modeling, film type information is
injected as a conditional signal into each stage of the
network. The type embedding representation is:

eg = Wgg (16)

VOL. 15, NO. 3, AUGUST 20265737



S. Chi et al.

In Formula 16, g ∈ {0, 1}Ng is a one-hot type label, Ng = 6,
and Wg ∈ Rdg×Ng is an embedding matrix. The feature
extraction process is modulated using the FiLM (Feature-
wise Linear Modulation) mechanism. For the output feature
H l

v ∈ RB×T×dv of the l-th layer of the video encoder, there
are:

γl
v = Wγveg + bγv, βl

v = Wβveg + bβv (17)

FiLM(H l
v) = γl

v ⊙H l
v + βl

v (18)

In Formula 18, ⊙ indicates element-wise multiplication, and
the modulation parameters γl

v, β
l
v ∈ Rdv are generated based

on the type characteristics. In the alignment module, type
information is integrated into the attention calculation:

qi = [v′i; eg]W
′
Q, kj = [a′j ; eg]W

′
K (19)

Film genre conditional information is integrated into the
model during the feature extraction stage via the FiLM
mechanism, specifically acting on the intermediate layer
features of VideoMAE and CRNN to achieve typological
modulation of video spatiotemporal semantics and audio
rhythm representation. Simultaneously, the genre embed-
ding vector is concatenated into the query and key of the
cross-modal attention module, directly participating in the
calculation of alignment weights. This dual fusion strategy
ensures that genre information both influences low-level
feature extraction and guides high-level alignment relation-
ship modeling, thereby achieving true genre-aware dynamic
alignment. The current model adopts a static type condition
vector and performs global modulation at the feature level
through the FiLM mechanism, assuming that the film type
alignment style remains consistent within the same segment.
Although this method can effectively capture the alignment
preferences of different movie genres as a whole, this article
acknowledges its theoretical limitations in handling dynamic
style transitions within segments, such as action scenes that
suddenly appear in drama films. Future work can explore
dynamic type conditioning mechanisms, such as predicting
type weights based on local content or introducing temporal
aware type embeddings, to more finely model the evolution
of type alignment strategies in the time dimension.

F. LOSS FUNCTION
The model employs a multi-task learning framework, and
the total loss function is:

L = Lalign + λ1Lmode + λ2Lgenre (20)

Alignment loss combines contrastive learning and regression
loss:

Lcontrast = −
1

T

T∑
i=1

log
exp(Mii/τ)∑T
j=1 exp(Mij/τ)

(21)

In Formula 21, τ is a temperature hyperparameter that
encourages audio and video features at the same moment

to move closer together in the joint space. Regression loss
uses mean squared error:

Lreg =
1

T

T∑
i=1

∥si − s∗i ∥22 (22)

In Formula 22, s∗i represents the true alignment saliency
generated based on the labeled plot turning points. The total
alignment loss is:

Lalign = Lcontrast + Lreg (23)

Alignment pattern classification uses cross-entropy loss:

Lmode = −
1

T

T∑
i=1

3∑
c=1

y∗ic log(yic) (24)

In Formula 24, y∗ic is the one-hot encoding of the true
alignment mode. The film genre classification loss is:

Lgenre = −
Ng∑
c=1

g∗c log(ĝc) (25)

In Formula 25, ĝc represents the probability distribution of
the type predicted by the model. The key hyperparameter
settings of the model are shown in Table 1.

TABLE 1. Key hyperparameter settings of the model

Parameter cate-
gory

Parameter name Value Instructions

Optimize
configuration

Optimizer AdamW Use weight de-
cay

Optimize
configuration

Initial learning rate 1e-4 Cosine annealing
scheduling

Optimize
configuration

Batch size 16 Based on mem-
ory

Optimize
configuration

Weight decay 0.01 L2 regularization
coefficient

Loss weight λ1 0.5 Pattern
classification
weight

Loss weight λ2 0.2 Type
classification
weight

Dimension con-
figuration

Video feature di-
mension

768 VideoMAE out-
put

Dimension con-
figuration

Audio feature di-
mension

512 CRNN output

Dimension con-
figuration

Projection dimen-
sion

256 Dimension of
Public Space

Dimension con-
figuration

Attention
dimension

64 Each dimension

Architecture pa-
rameters

Number of atten-
tion heads

8 Multi head atten-
tion

Architecture pa-
rameters

Temperature coeffi-
cient

0.1 Compare
learning
temperature

Architecture pa-
rameters

ViT (Vision Trans-
former)

ViT-Base 12 layer Trans-
former

Architecture pa-
rameters

Type embedding
dimension

128 Conditional vec-
tor dimension

Training setup training cycle 50 Early stop strat-
egy
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III. EXPERIMENTS
A. DATASET AND EVALUATION METRICS
In order to systematically investigate the audio-visual align-
ment relationships across multiple genres of films, this
paper creates a comprehensive multi-genre film dataset. The
dataset consists of 120 films released between the years
2000 and 2023. Each genre is made up of 20 films in 6
primary genres, including action, horror, romance, suspense,
comedy, and drama. All films have been collected in 1080p
resolution or higher, with a standard audio sampling rate of
44.1kHz. This assures a certain quality of consistency across
the dataset. During data pre-processing, the opening se-
quences and end credits are removed, keeping only the rele-
vant content for analysis. Each film is broken down into 5-10
minute segments for analyzing. Therefore, there are a total
of 800 valid segments in the dataset that provide a wealth of
data for training and testing models. The processing method
of dividing the film into 5-10 minute segments in this study
is mainly based on practical considerations such as training
efficiency, computational resource limitations, and existing
annotation granularity. Although longer narrative arcs may
span longer periods of time, segmented design can still cap-
ture plot twists and rhythm alignment patterns within local
boundaries, and establish effective contextual connections
within segments through VideoMAE’s temporal modeling
capabilities. Longer segments or full film modeling may
theoretically better capture the narrative development across
paragraphs, which is also an important limitation and future
improvement direction of this study. At the current stage,
segmented analysis can provide effective and reproducible
quantitative insights for typified audio visual alignment, and
lay the methodological foundation for subsequent modeling
that extends to longer temporal contexts. Detailed statistics
of the dataset are shown in Table 2.

TABLE 2. Dataset statistics

Film genre Number of
films

Number of
fragments

Total duration
(h)

Average fragment duration
(s)

Total turning
points

Action 20 135 18.2 485.3 ± 45.2 2,415
Horror 20 142 19.5 494.7 ± 52.1 2,836
Romance 20 128 17.3 486.9 ± 38.7 1,792
Suspense 20 139 18.9 489.5 ± 43.6 2,645
Comedy 20 131 17.8 489.1 ± 41.3 2,098
Drama 20 125 17.1 493.2 ± 47.5 1,875
Total 120 800 108.8 489.8 ± 44.7 13,661

The division of the dataset is based on the film ratings
and includes a training set (84 films), a validation set
(18 films), and a test set (18 films) (which avoids data
leakage by ensuring that different clips from the same
film do not exist in different sets). Plot turning points are
indicated independently by three trained annotators. Turning
points are thought of as interesting moments that cause
a significant change in plot direction, character state, or
emotional tone, and can include (but are not limited to)
the following examples: sudden events; major discoveries
or revelations; emotional intensity shifts; major pace shifts
in the narrative. Annotation consistency is assessed using

the Fleiss’ Kappa coefficient, which yields a final κ = 0.78,
showing good consistency. The timing difference ∆t is
derived directly from the time separation between the peak
of the audio energy envelope and the visual inflection point.
The annotation of alignment patterns is reliant on the precise
timing of the audio event and its temporal relationship with
the visual inflection point. Three patterns are established
based on the audio-visual timing: synchronous (musical
change and visual inflection occur simultaneously, |∆t| < 1
second); predictive (musical change occurs in advance of
visual inflection, ∆t ≥ 1 second), and continuous (musical
change occurs after visual inflection, ∆t ≤ −1 second).
Annotations use professional audio analysis software to
extract rhythmical feature peaks and compare them to the
visual inflection timestamps recorded in the video annota-
tions, thus assuring the objective and consistency of pattern
determinations. A multi-dimensional evaluation system is
constructed to provide an analysis of model performance.
For align point detection, the average precision is used
to analyze the accuracy of inflection point detection, and
computed using the below formula:

AP =

∫ 1

0

p(r)dr (26)

Alignment mode classification uses macro-average F1
scores to treat all categories equally:

F1macro =
1

3

3∑
c=1

2PcRc

Pc +Rc
(27)

In Formula 27, Pc and Rc represent the precision and recall
of category c, respectively. Film genre classification uses
overall accuracy to evaluate genre recognition performance:

Accuracy =

∑N
i=1 I(ĝi = gi)

N
(28)

Cross-modal retrieval: the quality of the joint embedding
space is evaluated, and the reported retrieval hit rate is:

R@K =
RS

TS
(29)

In Formula 29, RS represents the correct retrieval in the
topK, and TS represents the total number of queries. R@1
and R@5 are calculated for both the video-to-audio (V→A)
and audio-to-video (A→V) directions.

B. COMPARISON OF MODELS AND IMPLEMENTATION
DETAILS
To comprehensively evaluate the performance of the pro-
posed V2A-AlignNet, this paper selects representative base-
line models for comparison, covering traditional temporal
alignment methods, classic multimodal fusion models, and
cutting-edge cross-modal pre-training architectures. Specif-
ically, these include: the DTW (Dynamic Time Warp-
ing) method based on dynamic time warping; traditional
machine learning models using handcrafted features and
SVM (Support Vector Machine) classifiers [35-36]; fusion
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models that use I3D and VGGish to extract video and
audio features respectively and then concatenate them;
deep networks that combine SlowFast and LSTM (Long
Short-Term Memory) for temporal modeling; a visual-audio
contrastive learning model based on CLIP-ViT and CLAP
(Contrastive Language-Audio Pre-training); Perceiver IO
(Perceiver Input-Output architecture) that uses a unified
Transformer to process multimodal inputs; the X-CLIP
model designed specifically for video-language tasks. These
baselines reflect the mainstream technical approaches for
current audio-visual alignment tasks from different per-
spectives. For fair comparison, they are all reproduced or
adapted under the same dataset and evaluation protocol.
This research uses the PyTorch deep learning framework
to carry out experiments. All models are trained in parallel
on eight NVIDIA A100 80GB GPUs, and mixed precision
is used to speed up computations and mitigate memory
usage. To assess the comprehensiveness and stability of the
V2A-AlignNet training process, Figure 4 presents the loss
and performance convergence curves of the model over 50
training epochs.

FIGURE 4. Loss and performance convergence

Overall, the training loss steadily decreases and stabilizes
with more epochs; the validation set AP (Average Precision)
also steadily increases and converges at a high level, con-
firming that the model does not overfit and the optimization
process is effective. The loss curve initially decreases quite
rapidly for the first 15 epochs, indicating that the model
can quickly learn effective audio-visual alignment features;
the curvature of the loss in subsequent epochs indicates the
stability of the training process. The validation set AP curve
shows an approximately monotonic increasing trend and
then enters a relative plateau around 35 epochs, indicating
that the model can generalize well. In summary, guided
by the multi-task loss function design, V2A-AlignNet is
capable of simultaneously focusing on alignment saliency
regression, pattern recognition classification, and type recog-
nition objectives with sound optimization characteristics and
trustworthy performance convergence behaviour.

IV. RESULTS
A. COMPARISON OF QUANTITATIVE RESULTS
To systematically evaluate model performance, Figure 5
compares the AP, F1 score, and type classification accuracy

of each method on the test set, comprehensively measuring
their cross-modal alignment capabilities.

FIGURE 5. Comparison of quantitative results

Quantitative findings indicate that V2A-AlignNet sur-
passes all baseline models in AP, macro-average F1 score,
and type classification accuracy, exhibiting comprehensive
performance improvements. For example, the proposed
model attains an AP of 0.816 and F1 score of 0.792,
exceeding prior models; it also obtains the highest type
classification accuracy (0.872), demonstrating the valid-
ity of the type conditionation mechanism employed. The
performance benefits of V2A-AlignNet arise from three
aspects: first, the VideoMAE encoder establishes a superior
spatiotemporal representation capacity acquired via mask
reconstruction pre-training that surpasses conventional video
encoders such as I3D; second, the CRNN architecture
can simultaneously capture both the local spectral patterns
and long-term temporal dynamics of musical rhythms that
outperforms static audio features such as VGGish; third, the
cross-modal dynamic alignment module explicitly models
the temporal dependencies existing between audio and video
content, featuring an attention mechanism for the modeling
process, while also enriching the representation using type
conditionation; whereas baseline models use basic strategies
for fusing audio and visual features such as concatenation
or pooling, which cannot effectively capture such sophis-
ticated dependencies. In summary, V2A-AlignNet achieves
optimization in three domains: feature extraction, temporal
modeling, and cross-modal fusion, thus obtaining superior
overall performance in a multi-dimensional evaluation ap-
proach.

B. ABLATION EXPERIMENTS
To verify the effectiveness of each module of V2A-
AlignNet, the contribution of key components to the model
performance is evaluated through ablation experiments. The
results are shown in Table 3.
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TABLE 3. Comparison of ablation test performance

Model AP R@1 (V→A) R@5 (V→A) R@1 (A→V) R@5 (A→V)

(a) 0.816 0.452 0.783 0.438 0.769
(b) 0.742 0.398 0.714 0.385 0.702
(c) 0.758 0.411 0.728 0.396 0.721
(d) 0.693 0.352 0.665 0.341 0.648
(e) 0.779 0.426 0.752 0.412 0.741

Notes: (a) Full model; (b) No VideoMAE (I3D alternative); (c) No CRNN (VGGish
alternative); (d) No cross-modal attention (spoofing alternative); (e) No type
conditionalization.

The ablation studies indicate that the full model per-
forms the best across all outcome measures, which confirms
that every design choice matters. For example, substituting
VideoMAE with I3D causes AP to decrease by 0.074
and R@1(V→A) to decrease by 0.054, indicating that
VideoMAE provides an important spatiotemporal context
modeling capability obtained from pre-training its mask
reconstruction. Another example is removing CRNN with
VGGish, which causes AP to decrease by 0.058 and
R@5(A→V) to decrease by 0.048, indicating CRNN’s
relative advantages for capturing longer dependencies for
musical rhythm. Certainly, the largest impact occurs when
the cross-modal attention mechanism is removed - replacing
it with simple concatenation - which leads to a substantial
performance drop, where AP decreases by 0.123. The cross-
modal attention mechanism is key in modeling the fine-
grained temporal alignment of audio and video signals.
Removing the type condition also reduces performance with
AP decreasing by 0.037. For the cross-modal retrieval task,
it also decreases performance simultaneously, demonstrating
that applying film type information allows the model to
help learn type specific alignment patterns. Overall each
component substantively contributes to final performance,
with the cross-modal attention module having the most
impact.

C. VISUALIZATION OF DYNAMIC ALIGNMENT
RELATIONSHIPS
To provide a deeper understanding of the dynamic alignment
mechanism between audio and video, Figure 6 presents
typical examples of salient sequences in action films and
cross-modal similarity matrices in horror films.

FIGURE 6. Dynamic alignment relationship

In Figure 6(a), the dynamic alignment of a car chase
scene in an action film is analyzed. The feature intensity
curves depicting plot events reveal that 6, 12, and 18

seconds peaks in the intensity coincide with the three
important action scenes taking place in front of viewers:
car chase, hand-to-hand combat, and shooting, respectively.
The music rhythm features intensities begin to rise just prior
to these visual transition points following a highly precise
synchronous reinforcement model pattern. The predicted
alignment saliency sequence from the model, S, captures all
three important temporal points. This precise chronological
mapping indicates V2A-AlignNet is sensitive in regard to
its perception of the audiovisual coordination mechanism
in action films. The music, through the consistency of
strong low-frequency impact sound effects with the action
sequences, requires the viewer to have the greatest sensory
impact when analyzing emotional intensity of audiovisual
coordination and implicates strength surrounding the pre-
dicted quantification of change of audiovisual intensity.
Figure 6(b) shows the cross-modal similarity matrix for a
typical "sudden scare" scene in a horror film. The most
noticeable structure in the matrix is the clear bright area
that appears in the upper left diagonal (at around video time
step 28 and audio time step 22); this demonstrates a clear
anticipation effect where audio precedes video (in time). The
finding is that, around audio time step 22, the string vibrato
gradually builds in intensity, and a low-frequency hum starts
to overwhelm the scenes with background tension. The
visual scare only appears later (around video time step 28).
This is an audio-first alignment strategy, that is, a narrative
grammar unique to horror films, that inflates the audience’s
anticipated anxiety through the emotional build of music,
thereby enhancing the psychological impact of the sudden
scare. The off-diagonal bright spot in the similarity matrix
clearly demonstrates that V2A-AlignNet can differentiate
patterns of audio-visual temporal relationships.

D. FILM GENRE PATTERNS
To explore the audio-visual alignment patterns of different
film genres, Figure 7 compares the average alignment sig-
nificance patterns of horror, action, and romance films on
the normalized time axis.

FIGURE 7. Mean alignment significance pattern of horror, action, and
romance films

There are notable differences in audio-visual alignment
trends across these three film genres, reflecting distinct nar-
rative strategies and emotional arousal mechanisms. Horror
films exhibit a “sharp rise” pattern, with alignment signifi-
cance significantly increasing before plot turning points (at
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normalized times 0.6 and 0.8), consistent with the genre’s
use of music to build tension and amplify shock effects.
Action films display a “high and sustained” pattern, main-
taining consistently high alignment significance throughout
the timeline (baseline around 0.5, peaking above 0.9), which
aligns with the need for continuous audio-visual intensifica-
tion to sustain viewer excitement. Romance films follow a
“smooth and stable” pattern, characterized by gentle fluctu-
ations and a mild mid-plot rise, corresponding to the genre’s
emphasis on gradual emotional buildup rather than dramatic
climaxes. These systematic patterns support the theoretical
premise that film genre is a key moderating variable in
audio-visual alignment and offer a quantitative foundation
for genre-adaptive film analysis and generation. To quan-
tify the differences in alignment strategies among different
film genres, Figure 8 shows the distribution frequency of
three alignment modes—synchronization, anticipation, and
continuation—across six film genres.

FIGURE 8. Alignment pattern distribution

The analysis of Figure 8 indicates that audio-visual timing
strategies vary greatly by film genre. Horror films exhibit
the greatest prevalence of the anticipation pattern (48%)
compared to other genres, which aligns with the genre’s
inherent narrative organization of tension through music.
Suspense films rely on the anticipation effect (38%) to
establish audience’s foresight and expectations. Action films
are characterized by the synchronous pattern (65%), which
is a reflection of action films’ creative characteristic of
reinforcing impact with synchronized audio-visual presen-
tation of action. Comedies and romance films make up
slightly less than action films with 62% and 58% occurrence
of the synchronous pattern, thus indicating these films
utilize audio-visual synchronization for amplifying emo-
tional resonance or comedic punchline effect. Drama films
boarder somewhere in the middle of the apparatus variations
with a slightly balanced distribution (synchronous 55%,
anticipation 22%, and continuation 23%), indicating that
drama films respond the needs of a complex narrative. The
continuation pattern accounts for a relatively high proportion
in romance and drama films (22-23%), indicating that these
films assign a greater importance on extended emotional
resonance through music and extending thematic expres-
sion. These distributions not only confirm the theoretical
assumption that genre is an important determining factor

of audio-visual alignment strategies, but also offers signifi-
cant quantitative contributions to account for the emotional
regulation and creative formation of respective genres.

V. CONCLUSION
The paper presents V2A-AlignNet, a cross-modal dynamic
alignment network that integrates VideoMAE and CRNN.
The model captures the spatiotemporal semantic evolution
of the video and the rhythmic behavior of the audio in a
dual-stream coding framework. Through a cross-modal at-
tention mechanism, the model builds a joint semantic space,
which produces continuous alignment saliency sequences
and similarity matrices to effectively identify "when and
how alignment occurs". In addition, it includes a type condi-
tionalization mechanism, which adapts film genre informa-
tion to identify audio-visual interaction patterns in different
genres. The model achieves state-of-the-art performance
on a large-scale dataset of six film genres for inflection
point detection, alignment pattern recognition, and genre
classification. Ablation studies indicate that VideoMAE,
CRNN, cross-modal attention, and type conditionalization,
each, is responsible for improving performance. This re-
search builds an end-to-end deep learning architecture for
dynamic audio-visual alignment, proposes a quantifiable and
interpretable alignment saliency modeling approach, and
systematically reveals the audio-visual alignment patterns
of different film genres with large-scale data. This paper
advances the development of computational film studies
in cross-modal temporal modeling, providing theoretical
support and technical pathways for AI-based film creation
and analysis.
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