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Abstract
With video and audio being integral to modern multimedia content, 
accurately retrieving relevant segments based on textual queries is 
crucial for enhancing user experience and information accessibility. 
However, contextual misalignment across video segments presents 
significant challenges, particularly when different segments exhibit 
varying degrees of relevance to specific portions of a text query. To 
address this issue, a novel Hierarchical Temporal Audio-Video Cross-
Attention Fusion Network has been developed. This model utilizes a 
Video Swim Feature Pyramid video encoder to enhance the extraction 
of multi-scale spatial features and capture intricate details within 
videos. Additionally, a Temporal RoBERTa Graph Network serves 
as the text encoder, enabling a deep understanding of relationships 
within the text and allowing for minute interpretations of queries that 
encompass multiple themes. To effectively align video and audio 
representations with textual queries, the model employs a Hierarchical 
multiscale spatial-temporal attention mechanism. Furthermore, an 
Audio Spectrogram Short-Term Memory Transformer is utilized to 
capture the temporal dynamics of complex audio streams. To refine 
audio-text alignment, the model incorporates a Threshold-Based 
audio-text Dynamic Time cross-attention block, which selectively 
filters irrelevant audio components and dynamically adjusts for 
temporal misalignments. The experimental results demonstrate 
that the proposed model significantly enhances retrieval accuracy 
by effectively aligning video and audio representations with textual 
queries, resolving multi-scene transitions, and isolating relevant audio 
cues among complex soundscapes.
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I. Introduction

The association of video and audio aids with text 
prompts has emerged as a forefront issue in research 
within the cross-modal retrieval paradigm, especially 
with the dynamics of multimedia content develop-
ment. Video and text retrieval has traditionally been 
focused on the continuous representation of video 

clips and video-to-text matching one-to-one by 
methods like cosine similarity. These are sufficient 
for  simple tasks; however, in the case of multi-scene 
diverse video content, they do not work well. Usually, 
some parts of the video may be more or less related 
to a particular content, and the text cannot be aligned 
to a certain segment of the video, but only to two 
or a particular scene. In this case, addition results 
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in more complications with video containing mul-
tiple topics or subtopics, as the current continuous 
context and rudimentary attention do not model the 
change of scenes or the content being portrayed. 
Consequently, models fail to allocate different  levels 
of attention depending on the context within the 
video, causing distortion and a drop in accuracy for 
complex,  uneven videos [1–4].

Audio-text retrieval, in contrast, is underscored by 
different yet equally difficult problems. Usually, theo-
ries put forth until today assume a direct proportion of 
audio frames to their corresponding textual descrip-
tion, which is rarely the case in real audio, with other 
sound events occurring, or even in the presence of a 
loud background and sporadic sounds, the retrieval 
process becomes complicated. Take, for example, a 
situation where the model is unable to distinguish the 
features in question because there is some irrelevant 
sound, like background conversations or noise. Hence, 
there is a mismatch between the query in text form 
and the audio stream, as it is most of the time when 
sounds are reproduced periodically with other dis-
tractions. These rather crude audio embeddings and 
attention mechanisms are incapable of resolving multi-
tasking acoustic images, further reducing the semantic 
scope of the content being searched. Hence, current 
methods are deficient in addressing the aspects of 
temporal hierarchies of audio streams, primarily limiting 
interactions in real-world settings [5–8].

Moreover, both video and audio search methods 
face significant challenges due to temporal misalign-
ment issues. For instance, in the case of videos, such 
simplistic continuous representations with constant 
relevance over the whole video are often not well-
suited to encapsulate the dynamically changing con-
tent or scene transitions. These interpretations are 
often flawed, especially when such a video is asked 
with a verbal query where many different segments 
of the video belong to vastly varying parts of the text. 
In the same way, audio models struggle with the cor-
respondence of a segment of the text with the rel-
evant and appropriate audio, even if there is a clear 
event in the audio sequence, given its interface with 
the text, as such events rarely exist without the noise 
of other extraneous sounds. Attention to this tempo-
ral disjunction is compounded by the inability of any 
known mechanisms to dynamically resize attentional 
windows across time or to extract signals of interest 
from the overwhelming irrelevant information [9–12].

Finally, while cross-attention mechanisms have 
improved alignment for multi-modal retrieval tasks, 
their effectiveness is still lacking. In the video case, 
these mechanisms do not consider the transitions 

between the scenes, leading to misaligned or even 
incomplete retrievals. Audio is even more difficult due 
to the layered nature of soundscapes, where multiple 
sounds, or audio events, coexist or happen one after 
the other. The already existing models do not provide 
such capabilities to untangle these composite acous-
tic properties from the text and synchronize them, 
while the relevant sound information is scattered over 
several frames or is interrupted by unrelated sounds. 
This is because the problem entails developing more 
sophisticated competitive methods that, for instance, 
can cope with dynamic scale multi-time and mul-
ti-event problems in video and audio retrieval [13–15]. 
Despite significant advancements in the alignment 
of video and audio representations with text que-
ries, there remain substantial challenges that hinder 
retrieval accuracy, particularly due to contextual mis-
alignment across video segments and the complexi-
ties of audio streams. The paper’s key contributions 
are outlined below.

•  To improve the extraction of multi-scale spatial 
features from videos, introduce the Video Swim 
Feature Pyramid Transformer, which enhances 
the model’s ability to capture intricate details and 
scene transitions, facilitating more accurate align-
ments between specific portions of text queries 
and the corresponding video segments that con-
tain distinct themes or subtopics.

•  To address the limitations of traditional video rep-
resentation methods, a novel hierarchical mul-
tiscale spatial-temporal attention mechanism is 
implemented in the video-text cross-attention 
block, which dynamically adjusts attention spans 
across different video segments, ensuring that 
the model focuses on the most relevant content 
in relation to the text, thereby resolving issues 
related to multi-scene transitions.

•  To tackle the complexities associated with audio 
alignment, propose the audio spectrogram short-
term memory transformer, which integrates an 
audio spectrogram transformer (AST) with long 
short-term memory (LSTM), which captures the 
temporal dynamics of audio streams, enabling the 
isolation of relevant audio cues amidst overlapping 
sounds and background noise, thereby enhancing 
the model’s retrieval accuracy.

•  To enhance the audio-text alignment process, 
implement a threshold-based dynamic time atten-
tion mechanism in the audio-text cross-attention 
block, which selectively filters out irrelevant audio 
components, focusing on the most pertinent 
audio features that correspond to meaningful tex-
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tual references. Additionally, dynamic time warp-
ing (DTW) is utilized to address temporal misalign-
ments, allowing the model to align audio cues 
effectively with specific segments of text.

The ensuing sections of the paper are structured 
as follows: In Section II, is review some of the exist-
ing literature on the existing techniques available for 
audio and video representation alignment with tex-
tual input, where previous works will be analyzed 
together with their drawbacks. Section III sketches 
the methodology that is put forward, where Section 
IV assesses the performance of the architecture that 
was proposed, taking into consideration the effec-
tiveness in comparison with other approaches with 
respect to retrieval accuracy and adaptability to con-
textual misalignment of videos with rich background 
sounds. Finally, Section IV concludes the paper.

II. Literature Survey

Yariv et al. [16] suggested a method that is based on 
a lightweight adaptor network that learns to map an 
audio-based representation to the input representa-
tion required by the text-to-video production model. 
This allows for video production based on text, voice, 
or both, which is a first. Validate the method exten-
sively on three datasets that show high semantic 
diversity in audio-video samples, and then propose 
a new evaluation measure (AV-Align) to assess the 
alignment of output videos with input audio samples. 
AV-Align was based on detecting and comparing 
energy peaks in both modalities. However, the draw-
back of the method is that AV-Align might struggle 
with complex audio-video sequences where energy 
peaks are less clear or aligned.

Hayes et al. [17] presented multimodal under-
standing and GENeration (MUGEN), a large-scale 
video-audio-text dataset acquired through the open-
source platform game CoinRun. Significant changes 
were made to enhance the game’s richness, including 
the addition of audio and new interactions. Then, we 
trained RL agents with various goals to travel through 
the game and interact with 13 objects and charac-
ters. This allows for automatic extraction of varied 
films and sounds. Analyze 375K video clips (3.2 s 
each) and gather text descriptions from human anno-
tators. The game engine automatically extracts anno-
tations from each video, including semantic maps 
and templated written descriptions. MUGEN can 
facilitate research in MUGEN. Moreover, the dataset 
is game-specific, which may limit its generalizability to 
real-world scenarios.

Zolfaghari et al. [18] provided a CrossCLR loss 
that resolves this issue. To prevent false negatives, 
eliminate closely related samples based on input 
embeddings from negative samples. These concepts 
continuously enhance the quality of learned embed-
dings. CrossCLR-learned joint embeddings signifi-
cantly outperform the state-of-the-art in video-text 
retrieval on the Youcook2 and LSMDC datasets, as 
well as video captioning on the Youcook2 dataset. 
Learning improved joint embeddings for other pairs 
of modalities demonstrated the concept’s generaliza-
bility. However, a drawback is that eliminating closely 
related samples might inadvertently remove valuable 
contextual information, potentially impacting perfor-
mance in complex scenarios.

Gorti et al. [19] presented XPool, a cross-modal 
attention model that reasoned between text and 
video frames. The central technique was a scaled 
dot product attention, which allowed a text to focus 
on its most semantically comparable frames. Then, 
an aggregated video representation was con-
structed based on the attention weights of the text 
throughout the frames. The approach was evaluated 
on three benchmark datasets: MSRVTT, MSVD, and 
LSMDC, yielding new state-of-the-art results by up 
to 12% in relative improvement in Recall@1. The 
study emphasizes the significance of combining text 
and video thinking to derive key visual cues from 
text. However, a weakness of XPool is that its reli-
ance on attention mechanisms struggles with very 
long video sequences, where maintaining attention 
over numerous frames could become computation-
ally intensive.

Jiang et al. [20] suggested that the hierarchi-
cal cross-modal interaction (HCMI) explores cross-
modal interactions between video sentences, clip 
phrases, and frame words for text-video retrieval. 
HCMI uses self-attention to identify frame-level cor-
relations and adaptively cluster them into clip- and 
video-level representations, taking into account intrin-
sic semantic frame linkages. HCMI creates multi-level 
video representations at frame-clip levels to capture 
fine-grained video content and multi-level text rep-
resentations at word-phrase-sentence granularities 
for the text modality. Hierarchical contrastive learning, 
with multi-level representations for video and text, 
explores fine-grained cross-modal relationships such 
as frame-word, clip-phrase, and video-sentence. 
This allows HCMI to compare video and text seman-
tically. However, a drawback is that the hierarchical 
approach was less efficient in real-time applications 
due to the complexity of multi-level representation 
computations.
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Fang et al. [21] introduced an uncertainty- adaptive 
text-video retrieval technique, known as UATVR, 
that models each lookup as a distribution matching 
procedure. Optimal entity combinations for cross-
modal inquiries with hierarchical semantics, such as 
video and text, remain understudied due to inher-
ent uncertainty. Add learnable tokens to encoders 
to aggregate multi-grained semantics and enable 
 flexible high-level reasoning. In the revised embed-
ding space, text-video pairs are represented as 
probabilistic  distributions, with prototypes selected 
for matching evaluation. However, the UATVR is that 
modeling  text-video pairs as probabilistic distributions 
could introduce uncertainty in retrieval, leading to less 
 precise matches in certain scenarios.

He et al. [22] incorporated multi-view image condi-
tions into the supervision signal of NeRF optimization, 
which explicitly enforced fine-grained view consist-
ency. With such stronger supervision, their proposed 
text-to-3D method effectively mitigated the genera-
tion of floaters (due to excessive densities) and empty 
spaces (due to insufficient densities). Their quanti-
tative evaluations on the T3Bench dataset demon-
strated that their method achieved state-of-the-art 
performance over existing text-to-3D  methods. 
They intended to make the code publicly available. 
However, one drawback of their approach is that it 
requires significant computational resources due to 
the additional supervision.

Wan et al. [23] decomposed the CIR task into a 
two-stage process and proposed the cross modal 
feature alignment and fusion model (CAFF). They 
first fine-tuned CLIP’s encoders for domain- specific 
tasks, learning fine-grained domain knowledge 
for image retrieval. In the subsequent stage, they 
enhanced the pre-trained model for CIR. Their model 
incorporated the image-guided global fusion (IGGF), 
text-guided global fusion (TGGF), and adaptive com-
biner (AC) modules. IGGF and TGGF integrated 
complementary information through intra-modal and 
inter-modal interactions, discerning alterations in the 
query image compared to the target image. However, 
the approach is that fine-tuning CLIP’s encoders 
for domain-specific tasks may lead to overfitting on 
 certain datasets.

Lee et al. [24] proposed a new continual audio-
video pre-training method with two novel ideas: (1) 
Localized patch importance scoring, where they 
introduced a multimodal encoder to determine the 
 importance score for each patch, emphasizing 
semantically intertwined audio-video patches. (2) 
Replay-guided Correlation Assessment, where they 

assessed the correlation of the current patches with 
past steps to reduce the corruption of previously 
learned audiovisual knowledge due to drift, identi-
fying patches exhibiting high correlations with past 
steps. Based on these results, they performed prob-
abilistic patch selection for effective continual audio-
video pre-training. A drawback of their method is that 
the replay-guided assessment might introduce addi-
tional complexity, which could make it challenging to 
scale the approach for large datasets.

Li et al. [25] proposed a novel multi-granularity 
feature interaction module called MGFI, consisting of 
text-frame and word-frame, for video-text representa-
tion alignment. Moreover, they introduced a cross-
modal feature interaction module of audio and text, 
called CMFI, to address the problem of insufficient 
expression of frames in the video. Experiments on 
benchmark datasets such as MSR-VTT, MSVD, and 
DiDeMo showed that the proposed method outper-
formed existing state-of-the-art methods. However, a 
problem with their approach is that the cross-modal 
feature interaction module may not perform well in 
highly noisy environments, where audio and text mis-
alignments could affect performance.

From the above readings, it is clear that [16] strug-
gle with complex audio-video sequences where 
energy peaks are less clear or aligned, [17] intro-
duced a game-specific dataset, which may limit 
generalizability to real-world scenarios, [18] faced 
the drawback of eliminating closely related samples, 
potentially losing valuable contextual information in 
complex scenarios, [19] encountered challenges with 
computational efficiency when dealing with very long 
video sequences due to the reliance on attention 
mechanisms, [20] had efficiency issues in real-time 
applications because of the complexity of multi-level 
representation computations, [21] noted that mod-
eling text-video pairs as probabilistic distributions 
could introduce uncertainty, leading to less precise 
matches in certain situations, [22] required significant 
computational resources due to the added supervi-
sion in their method, [23] noted the risk of overfitting 
when fine-tuning CLIP’s encoders for domain-specific 
tasks, [24] faced challenges in scaling their replay-
guided assessment method for large datasets due 
to increased complexity, [25] found that their cross-
modal feature interaction module not perform well in 
noisy environments, where audio-text misalignments 
could negatively affect performance. Hence, there is 
an imperative need for a novel method for address-
ing the complicated challenges associated with 
audio-enhanced text-to-video retrieval.
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III. Motivation of the Research

Text-conditioned Feature Alignment method 
 effectively aligns video and audio representations with 
text queries using cross-attention mechanisms, allow-
ing the model to focus on the most relevant parts of 
the video and audio. The method combines embed-
dings from both modalities and compares them with 
the text query using cosine similarity. The approach 
is designed to leverage the strengths of both video 
and audio representations while conditioning them 
on textual information to enhance retrieval accuracy. 
However, the problem is contextual misalignment 
across video segments, where different segments of 
a video exhibit varying degrees of relevance to  distinct 
portions of a text query, resulting in  difficulty captur-
ing the complex shifts in topic, content, or scene tran-
sitions. This issue becomes especially pronounced 
when a video encompasses multiple themes or 
subtopics within a single sequence, requiring accu-
rate and dynamic interpretations of the same text. 
The challenge lies in accurately aligning specific text 
components to the corresponding video  segments, 
which cover entirely different contextual landscapes. 
Existing methods typically employ a single, con-
tinuous representation for the video, which cannot 
dynamically adjust to changing contexts or scene 
boundaries within a single query. Cross-attention 
mechanisms, while effective for pointwise alignment, 
often overlook the need to adjust attention spans for 
varying granularity across video segments, leading to 
a misinterpretation of complex multi-scene transitions. 
Furthermore, traditional cosine similarity and global 
matching approaches do not incorporate a local-
ized understanding of intra-video scene relevance, 
which is crucial for fine-grained retrieval in videos with 
diverse and segmented content.

Additionally, aligning text with audio presents a 
significant challenge, particularly when dealing with 
complex audio streams that involve overlapping sound 
events, continuous background noise, or varying 
acoustic environments. In these cases, the temporal 
structure of the audio does not map neatly to the lin-
ear progression of the text, making it difficult for mod-
els to disentangle relevant audio cues from irrelevant 
or background sounds. For example, a text query 
describes a specific action or event, but if the audio 
contains multiple overlapping sound sources—such 
as conversations layered with environmental noise or 
background music—the model must isolate the perti-
nent audio features that correspond to the described 
event. This complexity is compounded when the rele-
vant audio events are interspersed with non-informative 

or unrelated sounds, further complicating the task 
of temporal alignment. Existing methods struggle to 
address this issue because they often rely on global 
audio embeddings or simplistic attention mecha-
nisms that are incapable of isolating fine-grained, 
event-specific audio signals amidst a continuous or 
noisy soundscape. Most models assume a one-to-
one temporal correspondence between text and 
audio, but in real-world scenarios, events described 
in the text span multiple audio frames or occur inter-
mittently. This leads to models focusing on irrelevant 
audio portions, thus diluting the semantic relevance 
of the retrieved content. Furthermore, traditional align-
ment approaches, such as cross-attention, often fail to 
capture the minute of overlapping or sequential audio 
events, particularly when these sounds extend beyond 
simple, isolated acoustic features, resulting in impre-
cise or incomplete retrieval. Without mechanisms to 
disentangle multi-layered audio cues and dynamically 
match them to the appropriate parts of the text, exist-
ing systems cannot effectively handle the complexity 
of real-world audio streams in retrieval tasks.

IV. Proposed Method

To overcome the challenges in the existing method, a 
novel “Hierarchical Temporal Audio-Video Cross-
Attention Fusion Network” is proposed. The detailed 
explanation for the proposed method is mentioned 
below. The Video Swim Feature Pyramid video 
encoder, the Video Swim Transformer, in conjunc-
tion with a feature pyramid network (FPN), the video 
encoder enhances the extraction of multi-scale spatial 
features. This approach captures intricate details and 
scene transitions, allowing the model to understand 
varying contextual relevance within different segments 
of a video. The FPN facilitates a rich representation 
of both fine and coarse features, making it easier to 
align specific portions of the text query with corre-
sponding video frames that exhibit distinct themes 
or subtopics. On the text side, utilizing the Temporal 
RoBERTa Graph Network as the text encoder, the 
RoBERTa and temporal graph network (TGN) are inte-
grated, it enhances the model’s ability to understand 
the intricate relationships within the text, enabling 
more minute interpretations of queries that span mul-
tiple themes. When these embeddings enter the vid-
eo-text cross-attention block, this system employs 
a novel Hierarchical multiscale spatial-tempo-
ral attention mechanism that dynamically adjusts 
attention spans across different video segments, 
focusing on those most relevant to the correspond-
ing text components. The cross-attention mechanism 
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effectively aligns the fine-grained video features with 
the semantically rich text embeddings, leveraging the 
multi-scale video representation and temporal graph 
dynamics to ensure precise and contextually rele-
vant retrieval. As a result, the model accurately aligns 
specific text components with appropriate video seg-
ments, effectively resolving the issue of multi-scene 
transitions and enhancing retrieval accuracy.

In addressing audio-related challenges, the Audio 
Spectrogram Short-Term Memory Transformer, the 
integration of AST and LSTM captures the  temporal 
dynamics of complex audio streams. This integration 
enables the model to isolate relevant audio cues from 
overlapping sound events and background noise. 
The LSTM’s ability to model sequential dependen-
cies is crucial for understanding how various audio 
events relate over time, particularly when relevant 
sounds are interspersed with  unrelated noise. The use 
of Temporal RoBERTa Graph Network as the text 
encoder plays a critical role in generating high-quality 
contextual embeddings from textual inputs. By lever-
aging its masked language modeling capabilities and 
pre-trained representations, RoBERTa encodes not 
only the semantics but also the structural dependen-
cies within the text. These embeddings are crucial in 
the cross-modal alignment process. The integration of 
a TGN in the text encoder further enhances this pro-
cess by capturing temporal and relational dynamics 
within the text. The TGN constructs a graph-based 
representation, where nodes represent textual tokens 
and edges capture temporal and contextual relation-
ships between words, phrases, or events over time. 
This structure allows the model to encode both tem-
poral progression and hierarchical relationships within 
the text, ensuring that complex, multi-event descrip-
tions are effectively modeled and aligned with audio 
signals. When these embeddings enter the audio-
text cross-attention block, this system employs a 
novel threshold-based audio-text dynamic time 
cross-attention block, the threshold-based attention 
mechanism selectively filters irrelevant or noisy audio 
components, focusing only on audio features that are 
likely to align with meaningful textual references. This 
mechanism sets dynamic thresholds based on the 
relevance of audio frames, ensuring that only pertinent 
acoustic events are emphasized. Additionally, DTW is 
applied to address temporal misalignment by dynami-
cally stretching or compressing time in both the audio 
and text domains, allowing the model to align tem-
porally dispersed audio cues with specific segments 
of the text. This combination of DTW with the thresh-
old-based attention ensures that the cross-attention 

mechanism adapts to variations in the temporal struc-
ture of audio, leading to a more robust and precise 
alignment with textual components, even in challeng-
ing acoustic environments.

Figure 1 represents the architecture diagram of 
the proposed framework, which integrates the visual, 
auditory, and textual modalities for enhanced seman-
tic alignment. The model begins by encoding the 
video frames using a Video Swin Feature Pyramid 
encoder, which produces the high-level video tokens 
that capture the spatial and temporal dynamics. 
Instantaneously, the textual inputs are processed 
through a Temporal RoBERTa Graph Network 
encoder to generate the textual embeddings, while 
the corresponding audio signals are transformed to 
audio tokens by audio spectrogram short-term mem-
ory transformer. These multimodal tokens are then 
fused through the two distinct cross-attention mod-
ules, which are a hierarchical multiscale spatio-tem-
poral attention mechanism for video-text interaction 
and a threshold-based audio-text dynamic time 
cross-attention block for audio-text synchronization. 
Then the outputs from both the attention mecha-
nisms are aggregated to form the overall multimodal 
embedding energy. Finally, this fused representation 
is decoded to generate the final video output, thereby 
enabling the context-aware and temporally consistent 
video understanding.

a. �Video swim feature pyramid video 
encoder

a.i. �Input to video encoder: Feature 
 extraction

The video input consists of a sequence of frames, 
{ }1 2, , , ,TV v v v= …  where each frame  Tv is repre-

sented by its spatial dimensions H W×  and channel 
depth C, corresponding to pixel values and RGB or 
grayscale information. These frames pass through 
the Video Swim Transformer, which works in con-
junction with a FPN. The FPN is crucial for extract-
ing multi-scale features from each frame, producing a 
hierarchical set of feature maps at various  resolutions. 
Formally, the video encoder processes the input 
through convolutional layers and pooling operations 
to produce feature maps { }1 2, , , ,LF F F F= …  where 
each lF  is a feature map at scale T, with F1 capturing 
fine-grained details and  LF capturing more coarse-
grained information.

These feature maps are essential for capturing 
the intricate details in each video frame, including 
object transitions and subtle scene changes, allowing 
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the model to maintain context even when there are 
rapid transitions between different themes or subtop-
ics. The output of this step is a set of embeddings 

{ }1 2, , ,V v v vTE e e e= … , where each vTe  represents the 
embedding of a frame  Tv at time t. These embed-
dings are multi-scale, capturing different levels of 
visual detail from the video, and will later be aligned 
with the corresponding text [26] in Eq. (1).

( )1 2  FPN , , ,V TE v v v= … � (1)

Thus, the video encoder output  VE consists of 
video tokens, each representing the visual content of 
a frame, ready to be aligned with the textual query in 
subsequent stages.

a.ii. �Text encoder: Temporal RoBERTa 
graph network

The text input { }1 2, , , ,NT t t t= …  where each nt  is 
a tokenized word or subword from the text query, 
is passed through a Temporal RoBERTa Graph 
Network. The first step in this process is encod-
ing the text with the RoBERTa model, which gener-
ates  context-aware embeddings. RoBERTa applies 
 multiple layers of self-attention to model the relation-
ships between words within a sentence, resulting in 
embeddings { }1 2, , ,T NE et et et= …  that capture the 
semantic and syntactic relationships between the 
words.

However, the TGN considers the temporal 
sequence of the words or phrases in the text, which 

Figure 1: Diagram for the proposed method.
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builds a graph over the text tokens, where each node 
represents a word, and edges represent temporal 
relationships that model the flow of themes or top-
ics across the query. This graph-based representation 
allows the model to track shifts in context or themes 
across the query, which is essential for handling 
long or multi-theme texts. The output of this step is 
an enriched set of textual embeddings that not only 
 capture the word meanings but also the underlying 
temporal structure of the text [27].

( )( )1 2TGN RoBERT , , ,T NE a t t t= …
�

(2)

Thus, (Eq. [2]) the output TE  is a set of  textual 
embeddings enriched with both semantic and 
 temporal information, preparing them for alignment 
with the video features in the cross-attention block.

a.iii. �Video-text cross-attention block: 
 Hierarchical multiscale spatial-
temporal attention mechanism 
 (dynamic  alignment)

Once the video and text embeddings are generated, 
they are passed into the video-text cross- attention 
block, where the cross-modal alignment takes 
place. This block employs a hierarchical multiscale 
 spatial-temporal attention mechanism that allows the 
text tokens to selectively attend to the most  relevant 
video frames. Specifically, for each text token ,tn Te E∈ ​
attention weights ,t vα  are computed for each video 
token .vt Ve E∈  These weights are based on the 
 similarity between the text and video  embeddings, 
often computed using cosine similarity in Eq. (3):

( )
,

,

|| |||| ||
tn vt

t v
tn vt

e e

e e
α =

�
(3)

,t vα  denotes the affinity coefficient,  tne  repre-
sents the feature embedding of node n at time ,t  
nd vte  represents the feature embedding of node t 
at vertex v. The attention mechanism focuses on the 
video tokens that are most semantically aligned with 
the text query. The hierarchical structure ensures 
that attention is distributed not only across different 
frames but also across different spatial scales within 
each frame, ensuring that both fine and coarse details 
are captured. The attention mechanism dynamically 
adjusts to changes in the video, such as transitions 
between scenes or objects, allowing the model to 
align specific parts of the text with the most relevant 
video segments.

The output of this process is a set of fused 
embeddings { }1 2, , , ,VT vt vt vtTE e e e= …  where each 

 
tvte represents the aligned video-text token at time, 

TE  represents the temporal feature embedding, and 

VE  represents the visual or spatial feature embed-
ding, integrating both visual and textual information 
for each frame in Eq. (4).

( )Cross Attention ,VT T VE E E= − � (4)

a.iv. �Output representation: 
 Comprehensive alignment

The final fused embeddings ,VTE  which combine 
video and text information, are processed further to 
produce a single comprehensive representation. The 
system employs a classification token, CLS, which 
serves as a summary representation of the entire 
video. This CLS token aggregates information from all 
video-text tokens, condensing the multi-modal align-
ment into a single embedding in Eq. (5):

( )CLS CLS VTe E= � (5)

where CLSe  denotes the classification embedding. 
This token encapsulates the most relevant informa-
tion from both the video and the text query, effectively 
serving as a final feature embedding that represents 
the entire video, conditioned on the textual query. 
This CLS token is used for downstream tasks such as 
retrieval or classification, ensuring that the most rele-
vant parts of the video are highlighted based on the 
text input.

The flow diagram for video swim feature pyramid 
video encoder is illustrated in Figure 2. The process 
begins by aligning the video and text features using 
a multi-stage approach. Then the video input con-
sists of frames, is processed through a video swim 
transformer and FPN, which is used to extract the 
multi-scale features, thereby generating the embed-
dings for each frame. Simultaneously, the text input is 
tokenized and passed through a RoBERTa encoder, 
followed by a TGN to produce enriched text embed-
dings that capture both semantic and temporal struc-
tures. These embeddings are then aligned using 
a hierarchical multiscale spatial-temporal attention 
mechanism, which dynamically adjusts to the content 
of both video and text. Attention weights are com-
puted to fuse the most relevant video frames with 
corresponding text tokens. Finally, a comprehensive 
representation is generated using a classification 
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token (CLS) that condenses the aligned information 
for downstream tasks like retrieval.

b. �Audio spectrogram short-term 
memory transformer

b.i. �Audio encoder: Audio spectrogram 
short-term memory transformer 
 (temporal dynamics extraction)

The input to the audio processing pipeline consists 
of raw audio signals, typically represented as a 
sequence of audio frames { }1 2, , , ,TA a a a= …  where 
each frame contains information about the ampli-
tude of the audio signal over time. To handle the 
time-frequency characteristics of the audio input, 
these frames are first converted into a spectrogram 

representation. The spectrogram transforms the 
raw audio signal into a 2D representation that cap-
tures both time (along one axis) and frequency 
(along the other axis). This is done using tech-
niques such as short-time Fourier transform (STFT), 
which decomposes the signal into its constituent 
frequency components over time. The spectro-
gram serves as the input to the Audio Spectrogram 
Short-Term Memory Transformer, a hybrid model 
designed to extract both spectral and temporal fea-
tures from the audio data.

The AST is applied to the spectrogram to cap-
ture relationships between frequency components 
at different time points. AST leverages the self-atten-
tion mechanism, where each time-frequency patch 
in the spectrogram attends to other patches, allow-
ing the model to build a contextual representation of 
the audio signal. This process generates initial audio 
embeddings in Eq. (6) [28]:

{ }spec spec spec
1 2

spec , , ,
T

A a a a
E e e e= … � (6)

where spec
AE  represents the spectral attention embed-

ding set, spec
Ta

e  is the spectral feature vector at time 
step, and T represents the total number of time steps, 
which encode the spectral features of the audio 
signal.

Next, these spectrogram embeddings are passed 
into a LSTM network. The LSTM is crucial for mod-
eling the sequential nature of the audio signal by 
learning the dependencies between different audio 
frames over time. This helps in isolating relevant audio 
events from unrelated background noise or overlap-
ping sound events. The LSTM’s recurrent structure 
ensures that it captures long-term dependencies 
between audio frames, producing contextually aware 
audio embeddings in Eq. (7):

{ }1 2, , ,A a a aTE e e e= … � (7)

where AE  represents the attention embedding set, 
and aTe  represents the attention embedding at time 
step. These final audio embeddings are enriched with 
both spectral and temporal information, making them 
suitable for cross-modal alignment with the text input 
in Eq. (8).

( )( )LSTM ASTAE A= � (8)

where A  represents the input attention sequence 
and the output of the audio encoder  AE consists 
of temporally and spectrally informed audio tokens, 

Figure 2: Flow diagram for video swim 
feature pyramid video encoder. FPN, 
feature pyramid network.
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which are then passed to the audio-text cross-atten-
tion block for further processing.

b.ii. �Text encoder: Temporal RoBERTa 
graph network (temporal and contex-
tual embedding generation)

The text input { }1 2 , , , ,NT t t t= …  which consists of 
words or tokens, is first tokenized into smaller lin-
guistic units using a tokenizer. The tokenized text 
is then passed into the Temporal RoBERTa Graph 
Network. Initially, the text is processed by the 
RoBERTa model, a transformer-based encoder pre-
trained on large corpora using masked language 
modeling. RoBERTa applies self-attention over the 
text tokens to generate contextually rich embed-
dings in Eq. (9) [29]:

{ }ctx ctx ctx ctx
1 2 tN, , ,T t tE e e e= …

�
(9)

where each embedding captures the semantic rela-
tionships between the words in the sentence. The 

ctx
TE  represents the contextual temporal embedding 

set, ctx
1te  represents the context-aware temporal fea-

ture at time step  1t  and N  denotes the number of 
time frames.

To further enhance the temporal understanding 
of the text, the TGN is applied to the embeddings 
generated by RoBERTa. The TGN constructs a 
graph-based representation where each node cor-
responds to a text token, and the edges between 
nodes represent temporal and contextual relation-
ships between the tokens. The TGN captures the 
evolving structure of the text over time, allowing it 
to model dependencies between words and events 
that unfold sequentially in the text. This is particu-
larly useful for text with multiple events or actions 
that need to be aligned with corresponding audio 
events.

The final output from the text encoder is a set of 
text embeddings: { }1 2, , , ,T t t tNE e e e= …  where each 
embedding is enriched with both semantic context 
and temporal structure. These text embeddings are 
prepared for cross-attention with the audio embed-
dings in the subsequent block in Eq. (10).

( )( )TGN RoBERTaTE T= � (10)

The text encoder’s output  TE contains contex-
tually aware and temporally sensitive embeddings 
that align effectively with audio features in the cross-
attention mechanism.

b.iii. �Audio-text cross-attention block: 
Threshold-based audio-text  dynamic 
time cross-attention block (dynamic 
alignment)

Once the audio embeddings  AE and text embed-
dings  TE are generated, they are passed into the 
Audio-Text Cross-Attention Block for alignment. 
In this block, the threshold-based dynamic time 
cross-attention mechanism is applied, allowing the 
text tokens  TE   to selectively attend to the audio 
tokens .AE

The core operation in the cross-attention mech-
anism involves calculating the attention weights , ,t aα   
which represent the similarity between each text 
token ,tne    each audio token  ,ate  and  ate  represents 
each audio key. The attention score is computed as 
the dot product of the text and audio embeddings, 
followed by a softmax operation to normalize the 
scores [30] in Eq. (11):

( )
( ), exp ,

exp ,
n t

t an k

t a

t a e e

e e

k
α =

�
(11)

However, to ensure that irrelevant or noisy audio 
tokens are filtered out, a Threshold-Based Attention 
Mechanism is employed. This mechanism sets 
dynamic thresholds for each audio token, discarding 
tokens that do not meet a certain relevance criterion. 
By focusing only on audio tokens with high relevance 
scores, the system reduces the impact of noise and 
focuses on meaningful audio signals.

To handle temporal misalignment between audio 
and text events, DTW is applied. DTW dynamically 
adjusts the timing of both the audio and text streams 
by stretching or compressing them as needed, ensur-
ing that audio events occurring at different times can 
be aligned with the corresponding text segments. 
This step is particularly useful for aligning long or out-
of-sync audio clips with specific textual descriptions.

The output of the audio-text cross-attention block 
is a set of fused audio-text embeddings is denoted as 

 ATE which is represented in Eq. (12):

{ }1 2, , ,AT at at atTE e e e= …
�

(12)

where 1 ate represents the embedding of the tht  
 element, and each token contains information from 
both the audio and text modalities, effectively aligned 
for further processing in Eq. (13).

( )( )DTW Threshold Based Cross Attention ,AT T AE E E= − −
�
(13)
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The output of the Audio-Text Cross-Attention 
Block, denoted as:

{ }1 2, , ,AT at at atTE e e e= …  consists of a set of fused 
audio-text embeddings. Each token in  ATE integrates 
relevant information from both the audio and text 
modalities. This alignment enhances the contextual 
understanding of the audio events in relation to their 
corresponding textual descriptions, making them suit-
able for subsequent processing tasks.

Algorithm 1: Audio Spectrogram Short-Term 
Memory Transformer for Audio-Text Processing

Input:

•  Audio frames { }1 2, , , TA a a a= …

•  Text sequence { }1 2, , , NT t t t= …

Step 1: Audio Encoding

1.  Convert Audio to Spectrogram:

¡  Input: A
¡ �Process: Apply short-time Fourier transform 

(STFT) to obtain spectrogram S.
¡ Output: S

2.  Apply audio spectrogram transformer (AST):

¡ Input: S
¡ �Process: Use self-attention to generate audio 

embeddings.
¡ Output: Initial audio embeddings 
    { }

1 2
 , , ,spec spec spec

T

spec
A a a a

E e e e= …

3.  a

¡ Input: { }
1 2

 , , ,spec spec spec
T

spec
A a a a

E e e e= …

¡ Process: LSTM learns temporal dependencies.
¡ Output: Contextually-aware audio embeddings
    { }1 2, , ,A a a aTE e e e= …

¡ Formula: ( )( )AE LSTM AST A=

Step 2: Text Encoding

1.  Tokenize Text:

¡  Input: T

¡  Process: Tokenize into smaller linguistic units.
¡  Output: Tokenized text.

2.  Apply RoBERTa:

¡  Input: Tokenized text
¡  Process: Generate contextually-rich embeddings.
¡  Output: Text context embeddings 

{ }1 2, , ,ctx ctx ctx ctx
T t t tNE e e e= …

3.  Pass to Temporal Graph Network (TGN):

¡  Input: ctx
TE

¡ � Process: Construct a graph-based representa-
tion for temporal relationships.

¡  Output: Text embeddings { }1 2, , ,T t t tNE e e e= …

¡  Formula: ( )( )TE TGN RoBERTa T=

Step 3: Audio-Text Cross-Attention

1.  Calculate Attention Weights:

¡  Input:  ate , tne
¡  Process: Compute attention scores 

    ( )
( ), exp ,

exp ,
n t

t an k

t a

t a e e

e e

k
α =

2.  Apply Threshold-Based Mechanism:

¡ � Process: Set dynamic thresholds to filter irrele-
vant audio tokens.

3.  Dynamic Time Warping (DTW):

¡ � Process: Align timing of audio and text streams to 
match events.

4.  Output: Fused Audio-Text Embeddings:

Output: { }1 2, , ,AT at at atTE e e e= …
Formula: 

( )( ) ,AT T AE DTW Threshold Based Cross Attention E E= − −

Final Outputs:

• � Audio embeddings: EA—Contextually enriched 
audio tokens.

(Continued) (Continued)
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• � Text embeddings: ET—Contextually and tempo-
rally enriched text tokens.

• � Fused audio-text embeddings:  ATE  —Aligned 
 representations integrating both modalities.

The audio spectrogram short-term memory trans-
former (Algorithm 1) processes audio and text inputs 
for effective alignment. First, audio frames are con-
verted into a spectrogram using the STFT, followed by 
the application of the AST to extract spectral features. 
These features are then passed through a LSTM net-
work to capture temporal dependencies, resulting in 
enriched audio embeddings. Simultaneously, the text 
input is tokenized and processed using the RoBERTa 
model to generate contextually rich embeddings, 
which are further enhanced by a TGN to capture tem-
poral relationships. The audio and text embeddings 
are then aligned in the Audio-Text Cross-Attention 
Block, where attention weights are calculated, irrel-
evant tokens are filtered out, and DTW is applied to 
ensure temporal synchronization. The final output 
consists of fused audio-text embeddings, effectively 
integrating information from both modalities for sub-
sequent processing tasks.

c. �Final summation output in multimodal 
systems

In multimodal systems where both audio and video 
inputs are processed, the integration of these 
modalities is crucial for generating a comprehensive 
understanding of the input data. The audio input 

{ }1 2, , , TA a a a= …  undergoes processing through 
an Audio-Text Cross-Attention Block, analogous to 
the Video-Text Cross-Attention Block. During this 
process, the text tokens attend to the audio tokens, 
creating a set of audio-text embeddings AT ,E   which 
represent the audio segments aligned with the corre-
sponding text query.

The final step involves combining the outputs from 
both the Video-Text Cross-Attention Block and the 
Audio-Text Cross-Attention Block. This is achieved 
through element-wise summation, which effectively 
merges the contextual information captured from 
both video and audio in Eq. (14):

final VT ATE E E= + � (14)

This combined representation finalE  integrates 
information from both video and audio modalities, 
conditioned on the textual query. The integration 
ensures that the model leverages the complementary 

information present in both modalities, enhancing the 
overall robustness of the representation.

The CLS  token from both the audio and video 
pipelines plays a critical role in this process. It serves 
as the final feature embedding that encapsulates the 
fused content from audio, video, and text. This token 
allows the model to effectively handle downstream 
tasks, such as retrieval or question answering, by 
identifying or ranking the most relevant segments of 
video or audio based on the provided text query in 
Eq. (15).

( )finalCLSCLSe E=
�

(15)

The final multimodal embedding, represented by 
CLS,e   is versatile and can be applied to various tasks, 

including cross-modal retrieval, classification, and 
segmentation. This capability enables the system to 

Figure 3: Flowchart for final summation 
output in multimodal systems.
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handle complex multimodal data, providing insights 
into the interplay between audio, video, and text 
in a unified framework. Thus, the model achieves a 
tinier understanding of the input, improving its per-
formance in applications that require comprehensive 
multimodal analysis.

Figure 3 illustrates the flowchart for Final 
Summation Output in Multimodal System, the pro-
cess begins with the input data, where audio and 
video inputs are represented as “Audio Input A” 
and “Video Input V,” respectively. Thus, the audio 
input is processed through the Audio-Text Cross-
Attention Block, producing audio-text embeddings 

AT ,E  while the video input undergoes processing 
in the Video-Text Cross-Attention Block, resulting 
in video-text embeddings VT .E  The outputs from 
these two blocks are then combined through ele-
ment-wise summation to create a final representa-
tion final.E  Following this, the CLS  tokens are 
extracted, culminating in the final feature embed-
ding CLS.e  This embedding is versatile and can be 
utilized for various downstream tasks, including 
retrieval, question answering, classification, and 
segmentation, ultimately leading to a comprehen-
sive multimodal analysis of the input data.

V. Results and Discussion

The following section details the performance and 
comparison of the proposed model.

a. Tools and specifications

•  Software: PYTHON
•  OS: Windows 10 (64-bit)
•  Processor: Intel i5
•  RAM: 8GB RAM

b. Dataset description

The proposed method utilizes two datasets for 
 efficient video retrieval, which are VidTIMIT  dataset, a 
comprehensive audio-visual speech dataset, and the 
TIMIT Acoustic-Phonetic Continuous Speech Corpus 
provides a comprehensive collection of English 
speech recordings designed for  acoustic-phonetic 
studies and the development of automatic speech 
recognition systems. The VidTIMIT [32] dataset con-
tains recordings from 43 participants each reciting 
10 phonetically rich sentences selected from the 
TIMIT corpus, thereby resulting in a total of 1,290 
video- audio samples. Each session includes both 
 synchronized video and audio data, with video 

 provided as JPEG image sequences at 512 × 384 
resolution and audio as mono 16-bit WAV files at a 
32 kHz  sampling rate with a high signal-to-noise 
ratio (SNR) of approximately 55 dB. For experimental 
 purposes, 80% of the samples (1,032 utterances) are 
typically used for training and 20% (258 utterances) 
for testing, ensuring balanced speaker representa-
tion. The recordings are captured over three sessions 
with intervals of approximately 1 week, introducing 
natural variability in speech patterns, facial expres-
sions, and appearance.

Similarly, the TIMIT dataset provides a rich col-
lection of text data, including orthographic, pho-
netic, and word-level transcriptions. Each utterance 
is accompanied by a single-channel, 16-bit, 16 kHz 
speech waveform file recorded in a controlled studio 
environment, ensuring high-quality acoustic signals. It 
consists of a total of 6,300 speech samples recorded 
from 630 speakers representing eight major dialects 
of American English, with each speaker reading 10 
phonetically rich sentences. The dataset is divided 
into training and test subsets, with 4,620 utterances 
used for training and 1,680 utterances reserved for 
testing, thereby maintaining the balanced phonetic 
and dialectal coverage. It is organized into training 
and test subsets, carefully balanced for phonetic and 
dialectal coverage. The speaker metadata includes 
information such as gender, dialect region, birth date, 
height, race, and education level. These datasets are 
widely used for developing and evaluating models for 
multimodal video recognition and person identification 
or verification, thereby  making it highly valuable for 
research in human– computer interaction and biome-
tric applications.

c. Performance of the proposed methods

Figure 4 represents the detailed heat map of atten-
tion weights between the text tokens from Token 1 
to Token 5 and video segments from Segment 1 to 
Segment 10. Each cell contains the numerical atten-
tion weight ranging from 0.05 to 0.97, representing 
the model’s degree of focus on a particular video 
segment for each text token. Thus, Token 1 shows 
the highest attention at Segment 3 with 0.95 and 
Segment 10 with 0.71, indicating strong contex-
tual relevance. Also, the Token 2 exhibits the peak 
attention at Segment 3 with 0.83 and Segment 8 
with 0.52, suggesting alignment with temporally dis-
tinct frames. Similarly, Token 3 strongly attends to 
Segment 6 with 0.79, while Token 4 demonstrates 
dominant focus at Segments 5 with 0.97 and 6 
with 0.81, highlighting critical semantic correlations. 
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Finally, Token 5 emphasizes Segments 4 with 0.91 
and 7 with 0.83, suggesting visual regions carrying 
key information. The novel method relevant here is 
likely the Hierarchical Multi-Scale Spatial-Temporal 
Attention Mechanism, which optimizes attention dis-
tribution across multi-scale video representations and 
text components.

Figure 5 illustrates the model’s loss over 100 
epochs, showing a pronounced decline from a high 
initial loss of 2.0 to a final value below 0.5 over 100 
epoch, which signifies the effective learning and con-
vergence. The most significant improvement occurs 
within the first 20 epochs, where the loss plummets 
to approximately 0.8, after which the decrease sta-
bilizes, reaching its low point around epoch 50. This 
rapid yet stable optimization, characterized by early 
fluctuations and a consistent downward trend, is 
facilitated by the Hierarchical Multiscale Spatial-
Temporal Attention Mechanism, which accelerates 
convergence by focusing on relevant cross-modal 
features and filtering noise, thereby enhancing model 
generalization and accuracy.

Figure 6 illustrates the model’s accuracy over 
100 epochs, demonstrating a strong and consist-
ent upward trajectory from an initial value near 0.0 
to near-perfect performance. The accuracy shows 
the rapid improvement in the first 25 epochs, surg-
ing past 0.6 and continues to climb steeply to reach 

approximately 0.9 by epoch 50. Subsequently, the 
progress plateaus as it approaches its peak, stabi-
lizing at a value close to 1.0 by 100 epochs, with only 
minor fluctuations. This performance is driven by the 
Threshold-Based Dynamic Attention Mechanism, 
which enhances accuracy by dynamically focusing on 
the most relevant parts of the input data be it video, 
audio, or text, and reducing noise. By fine-tuning 
cross-attention across multiple scales and adapting 
to temporal variations, the model ensures superior 
feature alignment, directly leading to the precise and 
high-fidelity predictions reflected in the final accuracy.

The model’s recall performance over 100 training 
epochs is represented in Figure 7. This graph shows 
a strong positive trajectory from 10 epochs and the 
metric demonstrates particularly the rapid growth 
in the first 30 epochs, climbing to approximately 
0.6 and continues its steep ascent to reach about 
0.8 by epoch 50. Following this, the recall further 
enhanced at a more gradual pace, eventually sta-
bilizing at a value close to 1.0 by 100 epochs. This 
consistent improvement is facilitated by the novel 
Threshold-Based Dynamic Attention Mechanism, 
which enhances recall by dynamically prioritizing the 
most relevant segments of video, audio, or text data 
while filtering out irrelevant noise.

Figure 8 illustrates the model’s precision over 
100 training epochs, demonstrating a consistent 

Figure 4: Heat map of the proposed model.
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Figure 5: Model loss of the proposed model.

Figure 6: Accuracy of the proposed model.

and robust climb from a modest starting point of 
approximately 0.2 to near-perfect performance. This 
graph exhibits a steady upward trajectory after that 
it exceeds by 0.5 around epoch 20 then it reaches 
approximately 0.9 by epoch 50 and stabilizes at a 
value very close to 1.0 around 100 epochs. This signif-
icant improvement is driven by the novel Hierarchical 

Multiscale Spatial-Temporal Attention Mechanism, 
which enhances precision by dynamically filtering 
out irrelevant or noisy segments of video, audio, or 
text data and focusing exclusively on the most salient 
elements.

Figure 9 illustrates the model’s F1 score over 100 
training epochs, showing a strong and consistent 
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Figure 7: Recall of the proposed model.

Figure 8: Precision of the proposed model.
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Figure 9: F1 score of the proposed model.

ascent from an initial value near 0.0 to near-perfect 
performance. Initially the plot increased during the 
first 20 epochs then climbing to approximately 0.7 
over epoch 50 and continues its steep rise to reach 
around 0.9 by epoch 50. Subsequently, it plateaus at 
this high level, stabilizing at a value close to 1.0 by 
epoch 100. This balanced improvement, indicative of 
an effective trade-off between precision and recall, is 
facilitated by the novel adaptive cross-layer attention 
technique.

Figure 10 illustrates the alignment of audio and 
text features using DTW, comparing the original 
audio features, the DTW-aligned audio features and 
the text embedding’s. This graph clearly shows a 
significant temporal misalignment between the orig-
inal audio and text signals. For instance, the original 
audio signal exhibits a noticeable feature values of 
0.1 at 1 s, which gradually increases to 1.1 at 2 s. 
Subsequently, the feature values decreases to −1.1 
at 5 s and finally settles at −0.6 at 10 s. Similarly, the 
aligned audio features closely follow this trajectory 
after temporal adjustment, demonstrating reduced 
misalignment and smoother transitions. The text 
embeddings exhibit similar fluctuations, maintaining 
correspondence with the aligned features between 
2 s and 8 s, where the feature values oscillate 
between −0.8 and +1.0.The DTW-aligned audio suc-
cessfully shifting its trajectory to closely mirror the 

text embedding’s, such as aligning a key feature val-
ley near the 6-s point. This demonstrates the efficacy 
of the novel Threshold-Based Audio-Text Dynamic 
Time Cross-Attention method, which incorporates 
DTW to handle time stretching and compression.

Figure 11 represents the multi-scale feature rep-
resentation from a FPN across five distinct levels, 
from Level 1 to Level 5. The graph quantifies the evo-
lution of feature values, showing that coarse features 
maintain a relatively high and steady presence, start-
ing near 0.8 at Level 1 and gradually decreasing to 
approximately 0.4 at Level 5. Conversely, fine features 
begin at a lower value of around 0.2 at the coarse 
level and demonstrate a significant increase, surpass-
ing the coarse features by Level 3 and rising to nearly 
0.7 at the finest level. This demonstrates the FPN’s 
effectiveness in building a multi-resolution feature 
hierarchy. The novel Video Swim Transformer, inte-
grated with this FPN, leverages these diverse feature 
levels, allowing the model’s hierarchical multiscale 
attention mechanism to simultaneously utilize high-
level contextual information from coarse features and 
intricate details from fine features.

Figure 12 tracks the progression of Recall@1, 
Recall@5, and Recall@10 over 100 training epochs, 
illustrating a clear and consistent improvement 
across all metrics. All three curves start at low val-
ues, below 0.2, and show a rapid initial ascent within 
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Figure 10: Feature values representation of DTW. DTW, dynamic time warping.

Figure 11: Feature values representation of FPN. FPN, feature pyramid network.

the first 20–30 epochs. By epoch 50, Recall@5 and 
Recall@10 surge ahead, reaching approximately 0.7 
and 0.8 respectively, while Recall@1 demonstrates 
solid improvement to around 0.5. The final perfor-
mance shows a distinct hierarchy, with Recall@1 
stabilizing near 0.65, Recall@5 approaching 0.9, 
and Recall@10 achieving the highest score, nearly 
 reaching 0.95 by epoch 100. This performance 
 gradient is a key  indicator of effective retrieval  system 

learning. The novel hierarchical multiscale spatial-
temporal attention mechanism, combined with DTW 
for alignment, drives this success by dynamically 
refining focus across temporal and  spatial scales.

d. Comparison with existing methods

Figure 13A illustrates that the proposed model 
 significantly outperforms the other models, 
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Figure 12: Recall score (@1, @5, @10) for the proposed model.

 achieving a recall of around 80%. The models 
X-Pool, CAMoE + DSL, and TEFAL [31] show rel-
atively low recall values, suggesting they are less 
effective at retrieving the correct items at the top 
rank. Also in Figure 13B, the proposed model again 
leads with a recall of over 80%, indicating it effec-
tively retrieves relevant items in the top five results. 
The other models show modest improvements 
compared to R@1 but still fall short of the proposed 
model’s performance. Finally, the Figure 13C con-
firms the trend, with the proposed model maintain-
ing a high recall rate of around 80%, while the other 
models hover around 50%–60%. This consistent 
performance across R@1, R@5, and R@10 show-
cases the proposed model’s robustness and effec-
tiveness in retrieving relevant items compared to 
the existing models.

Figure 14 compares the performance of four 
models such as X-Pool, TEFAL, TS2-Net [31] along 
with the proposed model using the median rank 
(MdR) metric. The X-Pool and TS2-Net have the 
highest MdR values around 8, indicating relatively 
poorer performance in ranking tasks. TEFAL per-
forms slightly better with an MdR of around 7, but 
the Proposed model demonstrates the best perfor-
mance, with the lowest MdR around 5, suggesting it 
ranks items more effectively than the others. Overall, 
the proposed model outperforms the other three in 
this comparison.

Figure 15 compares the performance of four mod-
els, such as X-Pool, CAMoE + DSL, TEFAL [31], along 
with the proposed model based on the mean rank 
(MnR) metric. The X-Pool and CAMoE + DSL both 
have the highest MnR values around 50, indicating 
worse performance in ranking tasks. Thus, the TEFAL 
performs slightly better with a MnR around 40, but 
the proposed model shows a significant improvement 
with a much lower MnR, close to 5. This suggests 
that the proposed model is much more effective in 
ranking tasks compared to the other models, with the 
lowest MnR by a substantial margin.

Figure 16 represents a comparison of the root 
mean square error (RMSE) values across four differ-
ent models such as X-Pool, CAMoE + DSL, TEFAL 
along with the proposed model. The bars indicate the 
RMSE, with the Proposed model demonstrating the 
lowest RMSE of 0.5, suggesting it performs signifi-
cantly better than the other models in terms of accu-
racy. X-Pool and TEFAL have higher RMSE values at 
2.5 and 2.0, respectively, while CAMoE + DSL has the 
highest RMSE at 3.0. Overall, the graph highlights the 
effectiveness of the proposed model in reducing error 
compared to existing methods.

Figure 17 compares the mean absolute error 
(MAE) values of four different models such as X-Pool, 
CAMoE + DSL, TEFA, and the proposed model. 
This bar graph represents the MAE, indicating that 
the proposed model achieves the lowest MAE at 
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Figure 13: (A, B, C): Recall comparison of the proposed model with the existing models with 
(R@1, R@5, and R@10).
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Figure 14: MdR comparison of the proposed model. MdR, median rank.

Figure 15: MnR comparison of the proposed model. MnR, mean rank.

0.25, highlighting its superior accuracy compared to 
the other models. Both X-Pool and CAMoE + DSL 
exhibit the same MAE of 1.75, demonstrating a  similar 
level of performance, while TEFAL shows a slightly 
 better performance with an MAE of 1.25. Overall, the 

graph emphasizes the effectiveness of the  proposed 
model in minimizing error compared to existing 
methodologies.

Table 1 represents the comparative  performance 
analysis of the proposed model along with the 
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Figure 16: RMSE comparison for the proposed model. RMSE, root mean square error.

Figure 17: MAE comparison of the proposed model. MAE, mean absolute error.
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 existing models. Thus, the proposed model 
 consistently outperforms competing models across 
 multiple  evaluation metrics, demonstrating a recall of 
 approximately 80% at R@1, R@5, and R@10, which 
indicates its effectiveness in retrieving relevant items 
at the top ranks. In contrast, models such as X-Pool, 
CAMoE + DSL, and TEFAL exhibit significantly lower 
recall rates, highlighting their limitations. The MdR 
metric also favors the proposed model, achieving the 
lowest MdR of around 5, while X-Pool and TS2-Net 
struggle with higher values around 8. Similarly, the 
MnR metric reveals that the proposed model excels 
with an MnR close to 5, compared to X-Pool and 
CAMoE + DSL, both at around 50. Furthermore, the 
proposed model demonstrates superior  accuracy 
with the lowest RMSE of 0.5,  outperforming 
CAMoE + DSL, X-Pool, and TEFAL. The MAE results 
further confirm this trend, with the proposed model 
achieving the lowest MAE of 0.25, while the other 
models fall significantly behind. Overall, the  proposed 
model showcases remarkable robustness and effec-
tiveness in both ranking tasks and accuracy metrics 
compared to existing methodologies.

VI. Conclusion

In the context of video and audio retrieval, the pro-
posed model addresses key challenges in aligning 
text queries with complex, multi-scene video seg-
ments and audio streams containing overlapping 
sounds and noise. The “Video Swim Feature Pyramid 
Transformer” and “Audio Spectrogram Short-Term 
Memory Transformer” have been introduced to effec-
tively align video and audio features with text queries. 
By integrating a FPN and Temporal RoBERTa Graph 
Network for video-text alignment, the model captures 
intricate spatial and temporal details, improving con-
textual understanding and retrieval specificity, which 
enhances the R@1 recall by 80%. The AST combined 
with LSTM improves the isolation of relevant audio 

cues, enabling more accurate audio-text alignment 
and increasing robustness in noisy environments, 
reflected in the model’s high R@5 and R@10 recall 
rates of over 80%. The model’s effectiveness is fur-
ther validated by achieving the lowest MdR and MnR, 
as well as superior performance in reducing RMSE to 
0.5 and MAE to 0.25, outperforming existing meth-
ods such as X-Pool, TEFAL, and CAMoE + DSL. This 
comprehensive approach enhances retrieval accu-
racy, precision, and ranking effectiveness across a 
wide range of video and audio content.
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