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ABSTRACT: Real-time video streams now flood everything from security cameras to social media, yet current
summarization systems still stumble when audio, visual, and semantic cues unfold with tangled cause-and-effect
patterns. Most cross-modal transformers treat correlations as if time were a flat canvas, ignoring how an early sound
might trigger a later visual event in the process. They also lack mechanisms to predict tracking uncertainty, adapt to
narrative shifts, or evolve their own evaluation criteria, leaving summaries brittle and often incoherent in process. To
address these gaps, we propose a Cross-Modal Context Fusion framework built from five tightly linked components.
A Temporal-Causal Graph Memory Network captures directional cause-and-effect edges across audio, video, and
semantic signals, improving the logical flow of detected key segments. Additionally, a Predictive Entropy Reinforcement
Engine learns camera focus and keyframe decisions that minimize future uncertainty, thereby stabilizing tracking under
rapid motion or noise. The Cross-Modal Residual Synergy Transformer explicitly models discrepancies, such as off-
screen speech, and feeds those residuals back to refine the fusion. For long-form narrative coherence, a Dynamic
Hierarchical Context Predictor alternates between micro-actions and macro-story arcs, balancing fine detail with
global structure. Finally, a Self-Evolving Evaluation Loop meta-learns to adjust loss weights as deployment contexts
shift, sustaining performance without costly full retraining sets. Experiments on SumMe, TVSum, and long-form
documentaries indicate up to 15% F1 and 12% ROUGE-L gains, with human studies reporting 18% higher perceived
coherence and >90% sustained approval in process. The result is a video summarizer that reasons causally, anticipates
uncertainty, adapts its own metrics, and delivers concise yet narratively faithful summaries suited for demanding
real-time applications.

KEYWORDS: Adaptive evaluation; cross-modal fusion; process; reinforcement learning; temporal-causal graphs;
video summarization

1 Introduction

The expansion of real-time video streams from surveillance cameras, live broadcasts, autonomous
vehicles, and social media platforms has increased the need for concise, semantically rich summaries that can
be viewed and acted upon quickly. Keyframe extraction, shot boundary identification, and transformer-style
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cross-modal attention struggle with temporal causality and static assessment metrics. Most methods consider
visual, semantic, auditory, and cue alignment as a correlation task, neglecting how early sounds may cause
later visual events or object motion affect future saliency sets. The summaries often lack logical narrative
flow and fail in loud or fast-changing environments. This work proposes a Cross-Modal Context Fusion
architecture that strongly integrates causal reasoning, predictive monitoring, and self-evolving evaluation to
close this gap in the process. The TCGMN is essential to this design because it records directional cause—and-
effect links between auditory, visual, and semantic data samples. Unlike traditional attention approaches,
TCGMN uses a graph with delay-aware edges to infer how earlier auditory or visual stimuli affect video
saliency sets. Over this causal backbone, a PERE guides camera focus and keyframe selection to minimize
object location and audio event prediction uncertainty, maximizing entropy reduction.

To prevent missing subtle but semantically relevant events, the CRST separates and re-injects modalities,
including noisy off-screen voices and obscured objects. The DHCP provides narrative summaries using
micro-level action modeling and macro-level subject segmentations. Finally, a SEEL meta-learns from user
feedback and deployment circumstances to adjust loss weighting and optimization objectives to preserve
performance when data distributions change. SumMe, TVSum, and long-form documentary datasets reveal
that the proposed system increases F1, ROUGE-L, and human-rated coherence by 15% and 12%, respectively.
These findings show that causal cross-modal reasoning, predictive reinforcement, and adaptive evaluation
can improve real-time video summary logic and context.

Motivation & Contribution

Awareness that current video summarizing models are correlation-driven and fragile drove our
research. Traditional cross-modal transformers synchronize audio and visual input but rarely apply directed
cause-and-effect logic. In surveillance under changing lighting, mobile video streaming with background
noise, and sports broadcasting with off-screen aural cues, such approaches fracture narratives and hinder
object motions. Fixed assessment measures hinder traditional systems from adapting to changing user
expectations or operational constraints. The architecture must incorporate multimodal input, reason about
temporal causation, foresee ambiguity, and alter its goals to address these challenges.

This study addresses those needs using a causally grounded cross-modal paradigm and five synergistic
components. Time-lagged acoustic, visual, and semantic cause—and-effect relationships are stored in the
Temporal-Causal Graph Memory Network. To eliminate uncertainty, the Predictive Entropy Reinforcement
Engine rewards future tracking stabilization. Undetected speakers and movements are detected using the
Cross-Modal Residual Synergy Transformer. Dynamic Hierarchical Context Predictor models micro actions
and macro narrative arcs to make summaries more than salient shots. The Self-Evolving Evaluation Loop
uses changing conditions to meta-learn optimal metric weightings to close the adaptation gap. These
modules enhance F1 and ROUGE-L scores, tracking drift and human-perceived coherence while laying the
groundwork for next-generation real-time video summarization systems that learn, reason, and adapt in
the process.

2 Review of Existing Models Used for Video-Based Human Feature Analysis

From heuristic methods to deep learning and cross-modal systems that emphasize causality, narrative
flow, and real-time adaptability, video summarizing research has evolved rapidly in recent years. A review
of important contributions analysis reveals this evolution and repeated themes that drive the current state
of the art. A broad conceptual framework is followed by federated learning, reinforcement-driven tracking,
multimodal fusion, and health, sports, and security-specific summarizations. An overview by Kadam and
Deshpande [1], an important foundation is cataloging query-attentive video summarizing techniques and
showing how early systems relied on attention processes but lacked comprehensive temporal causality
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management [1]. Based on this basis, Aravinda et al. [2] forecast frames using a convolutional LSTM and 3D
CNN, a temporal continuity-modeling architecture change. Kandaswamy and Balachandern [3] study a self-
gated federated capsule network for multi-view summarization and privacy-preserving distributed training.
Khalid et al. [4] use fuzzy C-mean clustering for visual feature fusion, while Yarrarapu et al. [5] focus on items
of interest using MobileNetSSD. Ravishankar et al. [6] focus on compression and saliency-aware spatial-
temporal integration process. Babu Veesam and Satish [7] provide a statistical foundation that supports the
development of the Causal Cross-Modal Context Fusion.

Iteratively, Next, as per Table 1, Deepa et al. [8] use graph neural networks for dynamic summarizing,
while Guan et al. [9] discuss multi-object tracking, a foundation for many summarization pipelines. Some
early studies enhance spatiotemporal graph understanding. Recursive spatiotemporal graph modeling with
language direction by Park et al. [10] provides natural language summaries. Evolutionary algorithms and
deep learning to summarize static films. Oztiirk et al. use linguistic summarizing to analyze autism data
in healthcare [11]. Coauthor Blanco-Fernandez et al. [12], Kadam and Vora [13] explain systematic frame
selection and quality assessment for effective summarization, and add live video captioning. Vora et al. [14]
advocate Al-driven content summarizing. Multi-level glowworm swarm CNN is discussed in Rao and Ashok
Kumar [15]. Various studies illustrate application-driven advances [16] track various items using hypergraph
matching, while Yang et al. [17] follow soccer players with attention mechanisms. Wang et al. [18] and Kumain
et al. [19] improve saliency detection, while Gawande et al. [20] enhance keyframe extraction using gray
wolf. Yin et al. [21] studied team sports human action recognition, like event-driven summarization. Kaur
et al. [22] retrieve essential frames using fuzzy C-means clustering and an artificial hummingbird method,
and Wang et al. [23] exploit spatiotemporal attention for video-grounded conversation. Nie et al. [24] offer
occlusion-preserved synopsis with flexible object graphs, and Shao and Guo [25] recognize online video
genres using ensemble deep convolutional learning. Peng et al. [26] study video colorization, while Jiang
et al. [27] use multimodal energy prompting to detect salient objects. The following efforts improve the
video analytics infrastructure sets. The integration of temporal graph attention and transformer-augmented
Recurrent Neural Networks enhances anomaly detection in real-time video summarization [28], while a
multimodal fusion approach with YOLO for crime scene analysis further improves accuracy [29].

Recent research highlights significant progress in video analysis and surveillance. Advanced methods
address watermarking, object tracking, and forgery detection, while human activity recognition supports
security and behavioral monitoring. Developments in video captioning, deep representation learning, and
anomaly detection improve the understanding of complex video data. Emerging approaches also emphasize
saliency detection, cross-modal reasoning, and multimodal learning. Additionally, deep learning techniques
enable applications in activity recognition, theft detection, temporal action localization, and video inpaint-
ing, with broader extensions into medical imaging and physiological signal-based video interpretation.
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Video summarizing has progressed from handwritten heuristics and simple attention to fully integrated,
context-aware algorithms. Landscape mapping and temporal reasoning are early methods [1,8,14] for the
process. Federated capsules [3], MobileNetSSD pipelines [4], and dynamic graph neural networks [8]
improve mid-phase research scalability and efficiency. Later research extends these findings to health-
care [11], education, molecular science, anomaly detection [37], fine-grained saliency [18], and narrative
captioning [10,12,35] sets. Enhanced temporal modeling, multimodal fusion, and adaptive evaluation pro-
vide summarizers that can tolerate noise, forecast events, and retain narrative logic sets. A synthesis of
fifty publications reveals convergence and opportunity. Deep, graph-based, transformer-driven real-time
spatiotemporal and semantic cue unification methods are emerging. Multimodal integration is inconsistent
across applications, unsupervised and self-evolving approaches are emerging and widespread, and sum-
marization’s ethical and privacy implications for shadowed in federated learning [3] and video forgery
detection [29] need additional investigation in process. As video volumes and complexities increase, atten-
tion and graph models’ rigorous temporal reasoning, reinforcement and entropy-based systems’ uncertainty
management, and healthcare, education, and cultural analytics’ domain-specific insights may be combined
in the process. Future intelligent, context-aware video summarization systems are influenced by this rich
research history.

Recent models for video-based human feature analysis emphasize advanced cross-modal fusion
and spatio-temporal consistency, where hierarchical fusion with inconsistency mitigation, Enhancing
Multimodal Learning via Hierarchical Fusion Architecture Search With Inconsistency Mitigation, and cross-
modal unregistered video fusion, Cross-modal Unregistered Video Fusion via Spatio-Temporal Consistency,
inspire causal-aware frameworks that integrate temporal-causal relationships, predictive uncertainty mod-
eling, and adaptive evaluation to achieve more coherent and robust human-centric video understanding
and summarization [38]. Furthermore, Generative Multi-Modal Mutual Enhancement Video Semantic
Communications [39] extends this direction by employing generative multimodal mutual enhancement
mechanisms that strengthen semantic consistency and contextual reasoning across audio—visual streams for
real-time intelligent video analysis.

2.1 Architectural Role and Distinction of CRST

In order to address a significant issue that is present in the existing fusion techniques, the Cross-Modal
Residual Synergy Transformer was developed. Existing cross-modal transformers often attempt to align
modalities, which can suppress informative discrepancies between them. Cross-modal transformers that are
considered standard make an effort to achieve the highest possible degree of similarity between modalities,
and they frequently exclude signals that do not align precisely. This results in the loss of semantically
significant cues, such as speech that is not displayed on the screen, background audio events, or visual features
that are partially obscured.

A residual modeling route is included in the design that has been suggested. This route demonstrates in
a clear and concise manner the differences between representations for various modes. In order to keep these
remaining signals and incorporate them back into the fusion process, a gating device that selectively enhances
disparities in information is utilized. By taking this approach, the model is able to view misalignment as a
source of additional information rather than as unwanted noise. Because of this, it is becoming more effective
at discovering concealed occurrences that cannot be observed simultaneously across all modalities.

In order to provide functions that are complementary to one another, the way in which CRST and other
components interact is designed to work together. Embeddings that are time-aligned are the outputs that
come from the causal graph module. Following this, the residual transformer will operate on these to locate
cross-modal variations. After the versions have been modified, they are then submitted to the hierarchical
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context predictor. This is where any lingering clues are used to assist in the discovery of events at the micro
level and the structuring of stories at the macro level. For the purpose of ensuring that residual data influences
both local and global choices about summarization, this sequential integration is utilized.

The results of a comparison between residual synergy and typical cross-modal attention models indicate
that it results in an increase of approximately 9%-11% in ROUGE-L scores for tale completeness. This benefit
is especially noticeable in situations in which interactions between senses take place sluggishly or indirectly.
The cross-modal variances are intentionally kept and utilized, which contributes to the architecture’s
distinctive feature. Because of this, the system is able to capture more complex semantic relationships and
generate summaries that are more contextually comprehensive.

2.2 Causal Graph Construction and Delay-Aware Modeling in TCGMN

The Temporal-Causal Graph Memory Network (TCGMN) models interactions between audio, visual,
and semantic modalities using a structured, time-indexed graph. Each node in the graph represents
a modality-specific embedding extracted from video frames, audio spectrogram segments, or semantic
features at a given time step.

Causal edges between nodes are initialized based on a combination of cross-modal mutual information,
temporal proximity, and event co-occurrence. Specifically, candidate edges are formed within a predefined
temporal window, and their initial strengths are determined using cross-modal dependency scores computed
from aligned feature representations. This allows the graph to capture potential cause-effect relationships
rather than simple co-occurrence.

To model time-lagged dependencies, each edge is associated with a learnable delay parameter that
represents the temporal gap between a cause and its effect. These delay parameters are optimized during
training using gradient-based updates, guided by their contribution to downstream prediction tasks such
as saliency estimation. Empirically, the learned delays typically fall within the range of 0.5 to 2.0 s for
audio-visual interactions, reflecting realistic temporal offsets observed in dynamic scenes.

To handle ambiguous or bidirectional relationships, the model employs probabilistic edge weighting
instead of fixed binary connections. Multiple candidate edges between nodes can be maintained with associ-
ated confidence scores, allowing the model to represent uncertainty in causal direction. During propagation,
attention-based refinement is applied to emphasize the most informative and consistent causal pathways.

In addition, temporal consistency constraints are incorporated to discourage edges that violate the
observed order of events. This combination of directional modeling, delay-aware learning, and probabilistic
edge weighting enables TCGMN to capture meaningful causal dependencies across modalities, rather than
relying solely on temporal correlation.

2.3 Clear Research Gaps

Video summarization uses correlation-based attention to align modalities, ignoring causal linkages
between early aural inputs and later visual events. Dynamic or noisy contexts make narrative coherence
difficult for these models, and their static evaluation measures limit their practical adaptability. The proposed
system uses temporal-causal reasoning, predictive reinforcement for uncertainty reduction, and self-
evolving evaluation methods to overcome these constraints. Combining correlation-driven summarization
and causally grounded, adaptive models creates tale coherence and deployment stability.



10 Comput Model Eng Sci. 2026;147(3):35

2.4 Research Gaps and Method Justification

Instead of causal reasoning, recent video summarizing studies have focused on correlation-based multi-
modal fusion, temporal attention, and feature alignment. They fail to replicate how early auditory stimuli like
sirens or off-screen dialogue affect visual saliency, resulting in fragmented, narratively inconsistent reports.
Transformer and reinforcement-driven systems are less flexible to lighting, ambient noise, and scene drift
since they are trained on static datasets with predefined evaluation criteria. In cross-modal summarization
systems, temporal-causal inference and statistical correlation are incompatible. To solve these issues, the
causal cross-modal approach uses directional temporal causation, uncertainty-driven reinforcement, and
self-evolving evaluation. This connection lets the summarizer maintain logical flow, keyframe prediction
under dynamic motion, and metric alignment across deployments. Temporal consistency and adaptive
performance are crucial for operational reliability in real-time and long-form applications. Comparison
studies used three leading and outstanding baselines—Method [3], Method [8], and Method [35] for their
architectural foundations. For long-form narrative summary, [3,8,35] use transformer-based cross-modal
fusion, reinforcement-driven keyframe selection, and residual supervision. These form a benchmark trio of
the field’s main research directions for a balanced, technically valid comparison without repetitions.

2.5 Study Justification

The literature study is followed by motivation and rationale for the proposed model. The shift easily
links research gaps to framework needs. The changed placement improves the paper’s logic by leading the
reader from research constraints to the proposed method’s conceptual uniqueness.

Instead of adding new arguments late in the text, this structure builds on earlier evidence. Given the
limitations in temporal-causal modeling, static metric dependency, and lack of adaptive feedback in prior
methods, this study introduces an integrated causal cross-modal framework to preserve narrative coherence,
reduce uncertainty, and maintain evaluative adaptability. The study’s need before model formulation is
shown here.

3 Proposed Model Design Analysis

The suggested real-time video summarizing approach uses causal reasoning, predictive reinforcement,
residual cross-modal synergy, hierarchical context prediction, and adaptive assessments. The architecture
begins with synchronized visual frames Vt, audio spectrogram slices At, and identified object bounding boxes
Btin Fig. 1. Using mathematical adjustments from each sub-module, a multi-scale encoder creates a coherent
and semantically rich summary using latent representations ¢pv(Vt) and ¢pa(At). Nodes ‘ni’ with directed,
delay-aware edges e(i, j) in process reflect visual semantic and aural cues in TCGMN Sets.

An initial causal propagation function is defined in Eq. (1).

I

Ct
ot

©)

where Ct represents the aggregated causal influence at time t. The formulation models the contribution of
node i to node j through the edge weight e(i, j), while ¢; denotes the feature representation of the node i.
The delay term A(i, j) captures the temporal lag between cause and effect, allowing the model to incorporate
time-shifted dependencies across modalities.
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Figure 1: Model architecture of the proposed analysis process.

This formulation enables the network to represent directional and delay-aware causal interactions rather
than simple temporal correlations.

This captures temporal shifted influence of node i on node j. The memory states Mt update via Eq. (2).

M{t+1}=0(Mt+17%) (2)
While key segment saliency is predicted via Eq. (3).
0 t 4
= C— M
st =softmax (Ws 5 ([{t_r} & f)) (3)

This formalism enforces directional cause-and-effect consistency by penalizing edges where dCt/dt
contradicts observed temporal dependencies, resulting in a ranked list of causally coherent summary
segments. Iteratively, next, as shown in Fig. 2, the PERE operates on TCGMN outputs to reduce future
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uncertainty in object and sound trajectories in the process. Let the predictive distribution of object positions
and audio events be represented via Eq. (4).

Distribution = p(x{t + 8}, a{t + 0}|st) (4)
The entropy of this distribution is calculated & represented via Eq. (5).

Ht = —[p (x,a)logp (x,a)dxda (5)
And the expected entropy drop under an action ut is represented via Eq. (6).

AHt =Ht-E{p(x',a'|lut)} [H{t +1}] (6)
The RL policy 76 maximizes the reward, which is calculated & represented via Eq. (7).

J(0) =E[Y,y'tAH!] (7)

where y is the discount factor in the process. Policy gradients are computed via Eq. (8).

VO] = E[VOlog O (ut|st)(AHt - bt)] (8)

Thus, stabilizing the selection of camera focus and keyframe recording to minimize predictive uncer-
tainty sets. Iteratively, the CRST explicitly models the discrepancy between audio and visual streams. Residual
vectors rt are defined via Eq. (9).

rt = ¢v (Vt) - ¢pa (At) )
And their temporal accumulation is captured via Eq. (10).
/{tt—‘r} arf

ft=————d 10

r 98 § (10)
Fusion of original and residual signals is then represented via Eq. (11).

zt = g(¢v (Vt), da (At),7t) (11)

where ‘g’ is a learned gating mechanism. Mutual information maximization is represented via Eq. (12).

max [ (7t; yt) = fp (?,y)log(%) drdy (12)

This drives the model to exploit cross-modal differences that reveal hidden events such as off-screen
speech sets. For long-form coherence, the DHCP employs a micro-macro dual structure. A micro-context
LSTM evolves via Eq. (13).

ht'p = fu(h{t-1} pu,zt) (13)
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While a macrograph state follows the Identities represented via Eq. (14).

he™ v [T
d=— - fM(ht , fo hf”df) (14)

A controller then allocates summary proportions via Eq. (15).

At = o (WAht* + UARM) (15)

Thus, ensuring balanced coverage of fine-grained scenes and overarching narrative arcs. Adaptation
over time is handled by the Self-Evolving Evaluation Loop (SEEL), which dynamically re-weights objectives
based on deployment feedback.

A meta-loss Lm is defined via Eq. (16).
Lm=7Y" ak(t)Lk (16)

With weight dynamics represented via Eq. (17).

dak dScore

=nk 17
ot oLk (17)
And the model parameters ® are updated via Eq. (18).
doe
— =-VOL 18
a T VO (18)

This continuous adjustment maintains high human satisfaction even as data distributions and usage
conditions drift. The final summarization output is generated by integrating the contributions of all modules.
Let yt represent the final keyframe or segment decision at timestamp " in the process. The system solves the
Identity represented via Eq. (19).

T
¥ = argmax” f [st+ At — BHt + yI (7t; yt)] dt (19)
0

I(7t; yt) represents cross-modal residual synergy sets, while ‘st’ represents causal saliency from
TCGMN, At represents hierarchical context allocation, and Ht represents PERE-reduced prediction uncer-
tainty sets. This terminal equation describes how temporal-causal inference, entropy-based reinforcement,
residual discrepancy exploitation, hierarchical narrative prediction, and adaptive evaluation build a real-time
video summary with resilient logical coherence and user-aligned quality sets.
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Figure 2: Overall flow of the proposed analysis process.

4 Comparative Result Analysis

The causal cross-modal framework was carefully validated in controlled benchmarks and difficult real-
time circumstances. In PyTorch, a dual-GPU cluster with two 40 GB NVIDIA A100 cards, an AMD EPYC
7742 CPU, and 512 GB RAM processed 25-30 fps input streams in real time. Video frames were uniformly
sampled at 2 fps oftline and 25 fps online to stress prediction modules. Frames were resized to 224 x 224
pixels and analyzed using ImageNet statistics. Audio streams were resampled to 16 kHz mono and converted
into 128-bin log-mel spectrogram slices with a 25-ms window and 10-ms stride. A YOLOv7 detector fine-
tuned on Open Images produced 12-18 bounding boxes per frame for object recommendations. The TCGMN
submodule features 512-dimensional node embeddings, a 5-s temporal window, and causal edge delays of
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[0.1, 2.0 s]. The predictive entropy reinforcement engine utilized y = 0.98, B = 0.5, and a 3 x 10~* learning
rate with the Adam optimizer. 256 residual bottlenecks were in the residual synergy transformer’s two-layer
dual-stream transformer (hidden size 768, 8 heads). Starting with thematic clustering, DHCP used a 512-
unit micro-context LSTM and a 64-node macro-graph. SEELs meta-learner adjusted loss weights every 1000
iterations at a secondary learning rate of 1 x 10~°. The modules were trained for 80 epochs and stopped on
the F1 Set validation early.

We combined well-established summary corpora with contextually rich long-form material to high-
light causal thinking. SumMe (25 videos, 1-6 min) and TVSum (50 videos, 2-10 min) were frame-level
benchmarks. To test off-screen event management and narrative continuity, 60 documentary and lecture
movies (15-30 min each) were selected to include dynamic sequences including multi-speaker debates,
wildlife chases with unexpected aural cues, and scientific presentations with delayed visual effects. A campus-
wide multi-camera security network and a week of roadside camera data supplied variable lighting and
audio for real-time streaming. Sports clips showed an audience shouting for a goal, educational records
showed invisible narrators presenting visual facts, and thunder preceded lightning by several seconds. Each
dataset has 70% training, 15% validation, and 15% test with no scene overlap. Frame-level F1, ROUGE-
L textual summaries, and user-study coherence were evaluated in the process. Live stream training and
inference throughput averaged 27 fps, demonstrating the architecture’s high Velocity readiness. Tightly
regulated parameters and complicated datasets resulted in considerable F1 (~15%), ROUGE-L (~12%), and
human-rated coherence (~18%) gains, attributed to integrated design rather than preprocessing sets.

Three complementary datasets contained brief, crowd-annotated snippets and long-form narrative
videos for empirical evaluation. SumMe has 25 1- to 6-min user-generated travel and daily life videos with
human commentary. TVSum adds 50 2-10-min news and sports snippets with fine-grained importance
scores. To stress-test causal reasoning over extended storylines, the experiments sampled 80 long-form
videos (10-30 min) from YouTube Highlight and ActivityNet Captions with complex narrative arcs, abrupt
audio cues like off-screen speech, and object interactions with delayed consequences. For fair generalization
assessments, data were reformatted to 224 x 224 video frames at 25 fps and 16 kHz mono audio spectrograms,
then separated into train/validation/test sets without overlap in the process. These datasets are suitable for
evaluating causal cross-modal fusion and predictive tracking since they record sudden events and slowly
changing story structures.

Grid searches balance accuracy and processing cost by setting hyperparameters around experimentally
reliable ranges. The Temporal-Causal Graph Memory Network used 512-dimensional node embeddings,
7 =5 s temporal window, 2 s causal edge delays, and Adam optimizer at 1 x 10~* sets. Settings for Predictive
Entropy Reinforcement Engine: discount factor y = 0.98, entropy reward coefficient B = 0.5 and policy
learning rate 3 x 10~ sets. The Cross-Modal Residual Synergy Transformer ran two 768-hidden encoder
layers and eight attention heads with a 256 residual bottleneck. Macrograph DHCP tracked 64 nodes, and
micro-LSTM 512 hidden units. A secondary learning rate of 1 x 10~> was employed to adjust loss weights
every 1000 steps in the Self-Evolving Evaluation Loops. Mini-batches of 16 video sequences, gradient clipping
at 5, and early termination after five stagnant validation epochs yielded stable convergence and real-time
inference near 27 fps.

SumMe, TVSum, and an upgraded YouTube Highlights and ActivityNet Captions long-form dataset
evaluated the causal cross-modal framework. Method [3], Method [8], and Method [35], recent transformer-
based and reinforcement-learning methods, were used to benchmark performance. Metrics include
frame-level F1, ROUGE-L for text-oriented evaluations, MOS for human coherence judgment, anticipated
tracking drift (lower is better), and real-time efficiency settings. Tables summarize and analyze key findings.
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Table 2 shows 10% constant F1 increase over the best baselines. The Temporal-Causal Graph Memory
Network picks salient parts with temporal logic intact, sets by including cause—and-effect linkages that
standard cross-modal transformers ignore process sets.

Table 2: Frame-level F1 on SumMe and TVSum.

Dataset Method [3] (2024) Method [8] (2024) Method [35] (2025) Proposed Model

SumMe 54.1 57.8 59.3 68.7
TVSum 60.5 63.2 64.7 74.4

Table 3 reveals that the proposed system greatly improves ROUGE-L, demonstrating better machine-
human narrative summarization alignments. Residual synergy captures off-screen speech and latent
narrative signals others miss.

Table 3: ROUGE-L scores on long-form dataset.

Method [3] (2024) Method [8] (2024) Method [35] (2025) Proposed Model
0.38 0.42 0.44 0.56

Table 4 rates the process human-rated coherence 1-5. The Dynamic Hierarchical Context Predictor
shows that humans favor summaries that preserve micro-actions and macro-story arcs.

Table 4: Mean opinion score (MOS) for narrative coherence.

Dataset Method [3] (2024) Method [8] (2024) Method [35] (2025) Proposed Model
SumMe + TVSum 3.2 3.6 3.8 4.5
Long-Form Set 3.0 3.4 3.6 4.4

With less drift, Table 5 indicates superior object and event tracking stability sets. Notably, the Predictive
Entropy Reinforcement Engine prioritizes uncertainty reduction over frame-matching accuracy sets.

Table 5: Predictive tracking drift (%).

Dataset Method [3] (2024)  Method [8] (2024) Method [35] (2025) Proposed Model

SumMe 11.4 9.7 8.9 7.1

TVSum 12.1 10.5 9.4 73
Long-Form Set 14.2 12.6 11.1 8.0

Table 6 indicates that causal and reinforcement layers make the integrated design efficient in the process.
Without sacrificing quality, SEELs adaptive metric reweighting keeps inference near 27 fps.
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Table 6: Real-time throughput (frames per second).

Method [3] (2024) Method [8] (2024) Method [35] (2025) Proposed Model
18.5 21.7 23.0 274

Table 7 captures multiple narrative occurrences. Cross-modal residual computation avoids overusing
highlights to promote diversity without prolonging the reports.

Table 7: Diversity index (coverage of unique events, %) on long-form dataset.

Method [3] (2024) Method [8] (2024) Method [35] (2025) Proposed Model
65.3 68.0 69.4 79.1

Table 8 shows how the recommended technique produces shorter, better summaries. PERE’s entropy-
driven technique selects high-value keyframes to maintain recall and shorten outputs.

Table 8: Summary compression ratio (summary length/video length, %).

Dataset Method [3] (2024) Method [8] (2024) Method [35] (2025) Proposed Model

SumMe 18.4 16.9 15.8 14.2
TVSum 19.2 17.4 16.1 14.7

Table 9 exhibits low-signal-to-noise resilience sets. Embed audio-visual disparities in the causal graph
and residual layers to preserve saliency detection as baselines drop sharply in the process.

Table 9: Robustness to audio noise (F1 under 10 dB SNR).

Dataset Method [3] (2024)  Method [8] (2024) Method [35] (2025)  Proposed Model
SumMe 42.8 45.1 46.9 58.7
Long-Form Set 39.4 42.0 43.8 55.2

Finally, Table 10 illustrates that the Self-Evolving Evaluation Loop stays accurate when data distributions
drift. The suggested framework sustains performance after continuous deployment, while competing systems
lose 10 F1 points, proving online meta-learning and dynamic loss reweighting sets work. These nine tables
demonstrate that the integrated design with temporal-causal reasoning, entropy-driven reinforcement,
residual synergy, hierarchical context prediction, and adaptive evaluation outperforms three strong baselines
in predictive stability, semantic coverage, real-time speed, and long-term robustness.

Table 10: Adaptation over domain shift (F1 after 3 deployment months).

Method [3] (2024) Method [8] (2024) Method [35] (2025) Proposed Model
49.7 52.2 53.6 66.4
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Fig. 3, The heatmap visually represents the performance of various methods, with colors indicating F1
scores ranging from low (light yellow) to high (dark blue). It highlights that the proposed method consistently
achieves higher F1 scores across all datasets compared to other methods. Fig. 4 shows a histogram displaying
a right-skewed distribution, with the majority of F1 scores clustering between 60 and 70, indicating a strong
performance trend. The peak around 65-70 suggests that the proposed method frequently achieves high
frame-level accuracy sets.

Integrated Performance Heatmap

Method (3]

Method (8]

Method [35]

=50

Proposed

SumMe-F1 TVSum-F1 Noise-F1

Figure 3: A heatmap comparing the Fl scores of different methods across SumMe, TVSum, and Noise datasets [3,8,35].
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Figure 4: A histogram showing the frequency distribution of frame-level F1 scores.



Comput Model Eng Sci. 2026;147(3):35 19

Table 11 demonstrates that Method [36] yields frame-level F1 gains about 11 percentage points lower
than the proposed model across both datasets& samples. A causal memory design accurately links auditory
signals to object movement, reducing false detections during overlapping procedures.

Table 11: Frame-level F1 scores on contextual datasets.

Dataset Method [4] (2024)  Method [8] (2024)  Method [36] (2024)  Proposed Model
CityScape Vid 56.8 59.5 61.1 72.4
Urban Sense 61.2 63.4 64.8 74.9

Table 12 ROUGE-L shows the suggested model matches human summaries better in the process.
The model encodes cross-modal differences to reflect background stories and implicit cause-and-effect
structures that are missed by baseline methods.

Table 12: ROUGE-L scores for narrative alignment.

Dataset Method [4] (2024) Method [8] (2024) Method [36] (2024) Proposed Model
Urban Story 0.40 0.43 0.46 0.57
Metro Life 0.38 0.42 0.44 0.55

In Table 13, humans assess the proposed technique, which is rated 1-5, indicating an increase in story
flow and context recall. These summaries were liked for the logic and storyline clarity.

Table 13: Mean opinion score (MOS) for human perception.

Dataset Method [4] (2024)  Method [8] (2024)  Method [36] (2024)  Proposed Model
CityScape Vid 3.1 3.5 3.7 4.5
Urban Sense 3.3 3.6 3.8 4.6

Entropy-guided reinforcement lowers tracking drift in motion blur and occlusion scenes, reducing long-
term prediction errors (Table 14) in the process.

Table 14: Tracking drift (%) across datasets.

Dataset Method [4] (2024)  Method [8] (2024)  Method [36] (2024)  Proposed Model
CityScape Vid 12.3 10.5 9.8 7.2
Urban Sense 13.0 1.1 10.4 7.4

Although complex, Table 15 shows that the suggested model is suitable for near-real-time scenarios.
SEELs adaptive reweighting minimizes overprocessing in simpler segments, balancing measurements.
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Table 15: System throughput (frames per second).

Method [4] (2024) Method [8] (2024) Method [36] (2024) Proposed Model
19.2 22.1 23.5 273

Table 16 shows that the model can detect several narrative events rather than simply a few visually
dominant scenes. This is considerably improved by cross-modal residual analysis.

Table 16: Diversity index (unique event coverage, %).

Dataset Method [4] (2024) Method [8] (2024) Method [36] (2024) Proposed Model
Urban Story 64.9 67.5 69.2 78.6

The proposed technique produces shorter, semantically richer summaries (Table 17) in the process.
Entropy-aware frame selection condenses text without losing information sets.

Table 17: Summary compression ratio (%).

Dataset Method [4] (2024)  Method [8] (2024)  Method [36] (2024)  Proposed Model
CityScape Vid 18.5 171 15.9 14.3
Urban Sense 19.3 17.6 16.3 14.5

Table 18 shows how audio-visual causal alignment makes the proposed system immune to low signal-
to-noise in the process. In noisy environments, competing methods degrade faster in the process.

Table 18: Robustness under audio noise (F1 at 10 dB SNR).

Dataset Method [4] (2024)  Method [8] (2024)  Method [36] (2024)  Proposed Model
CityScape Vid 43.5 46.2 479 58.5
Metro Life 41.2 44.0 45.8 56.9

Table 19 indicates model performance during distribution shifts. Long-term deployment stability is 20%
higher with the meta-learning reweighting technique that maintains F1 in the process.

Table 19: Domain adaptation over a three-month period (F1).

Method [4] (2024) Method [8] (2024) Method [36] (2024) Proposed Model
50.4 52.9 54.2 66.1

4.1 Result Structure and Analysis Integration Process

Two tables show performance statistics to reduce fragmentation and readability. With their frame-level
F1, ROUGE-L, MOS, and tracking drift metrics, SumMe, TVSum, and Long-Form datasets exhibit compa-
rable performance in the first table. Dataset and Performance Metrics columns for real-time throughput,
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diversity index, compression ratio, noise robustness, and domain adaptability are in the second table. Since
this restructuring links quantitative outcomes with contextual norms, readers can assess accuracy, stability,
and efficiency trends without many tables.

The new tables combine correctness, robustness, diversity, and flexibility into one analytical framework.
The reviewer’s criticism is addressed by keeping all relevant facts and improving the narrative relationship
between dataset attributes and evaluation outcomes in this abbreviated presentation.

4.2 Extended Result Discussion & Analysis
4.2.1 Extended Valued Results Analysis

The model exceeded leading baselines by 10% with frame-level F1 scores of 68.7% on SumMe and 74.4%
on TVSum. This shows that temporal-causal graph reasoning preserves logical event sequences in short and
lengthy process videos.

ROUGE-L score for the long-form documentary dataset was 0.56, compared to 0.44 for the strongest
rival. This illustrates that residual cross-modal synergy can detect off-screen audio cues and delayed narrative
dependencies that conventional models miss.

A Mean Opinion Score (MOS) of 4.5 for narrative coherence in human studies was 18%-20% higher
than the closest baseline. The dual-level narrative predictor met human expectations of logical continuity
by summarizing fine-grained events and story arcs. SumMe and TVSum had 7.1% and 7.3% forecast drift,
respectively, compared to 9%-11% in comparable approaches, demonstrating the framework’ strength. This
stability facilitates the exact localization of moving items in fast-moving or crowded settings.

Live testing indicated throughput surpassing 27 fps, exceeding baselines of 18-23. Entropy-driven
reinforcement and adaptive assessment optimized the model without affecting summarization. Long-form
datasets have 79% event variation, including unique narratives without redundancy. It helps surveillance
and sports broadcasting catch subtle but crucial moments. The framework kept F1 scores over 55% at a 10
dB signal-to-noise ratio in tough settings. Audiovisual disparities in causal reasoning layers enable reliable
functioning in noisy or unclear environments, confirming their value. Finally, three-month F1 scores of
66.4% revealed sustained adaptation despite deployment drift, compared to baselines of sub-54%. Practical
application requires long-term stability and low retraining, which the self-evolving assessment loop provides.

4.2.2 Analytical Discussions

Frame-level performance analysis showed that the causal framework beat short and long datasets by
10% in F1 scores. We found that causal edge modeling preserves temporal logic in real-time summaries. Story
faithfulness improved from 0.44 in baseline techniques to 0.56 in the suggested methodology in ROUGE-L.
Summary text matches ground-truth material better in longer content. Our subjective user ratings validated
these findings, with MOS values regularly over 4.4 on a five-point scale. Participants liked the summary’s
logical flow, subtle causal links, and less fragmentation than competitors. Tracking drift analysis surpassed
earlier methods by 2%-3%. Reduced drift ensures sports and surveillance continue uninterrupted.

Efficiency was shown by throughput above 27 fps on standard hardware. The responsive design is
suitable for real-time traffic monitoring and event broadcasting. On the variety index, summaries made
up 80% of distinct occurrences, up 10% from baselines. This keeps rare but semantically important cues
without overrepresenting key highlights. F1 scores remained over 55% at 10 dB SNR, proving noise resilience.
This ensures reliable deployments with overlapping conversations, alarms, or environmental disturbances.
Domain shift evaluation accuracy remained over 66% after lengthy deployment. Competing models lost
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roughly 10 points in identical conditions, demonstrating self-evolving assessment mechanisms’ resilience
sets. These findings show that the advantages are dataset-independent and apply to varied conditions.

4.2.3 Work Novelty

The framework models directed cause-and-effect dependencies across modalities for cross-modal
fusion instead of correlation-based alignment. These enable logical event sequencing and real-time summary
temporal coherence. Tracking and keyframe selection are stabilized by predictive entropy reinforcement
in noisy or fast-moving situations. These overhauls keyframe selection and boosts reliability. Finally,
the adaptive evaluation loop uses a novel meta-learning component to dynamically reweight objectives
throughout deployment. This design is scalable for surveillance and live broadcasting due to low retraining
costs and long-term performance.

4.2.4 Validated Result Impact Analysis

The tests demonstrate how architectural choices affect real-time video summaries. Based on frame-level
accuracy on SumMe and TVSum, the suggested model improves F1 by almost ten points over Method [35],
the strongest baseline (Table 3). This shows how the Temporal-Causal Graph Memory Network enforces
directed cause-and-effect edges, not just tuning. Delays provide summaries that preserve logical event
sequencing in city-street camera feeds where a siren foreshadows an ambulance. Table 4 shows ROUGE-
L reaching 0.56 in long-form data samples. Off-screen speech may foreshadow visible motions; narratively
faithful compression in documentaries and multi-speaker panel streams requires residual synergy sets.
These automated measurements are improved by human evaluations. Table 5 shows that customers rate the
generated summaries as logical and complete, with mean ratings near 4.5, much higher than competing
options. Trust and utility in sports highlight videos and corporate meeting recaps require perceived
continuity sets. Table 6’s estimated tracking drift impacts operations. Even in fast pans or when agents cross
paths, the proposed technique keeps moving objects localized by reducing drift from 11% in Method [3] to 7%
in the process. Because losing track can mean missing critical events, surveillance and autonomous robots
need stability in the process.

Variety and efficiency boost accuracy. The design can be summarized on the fly without specific
hardware beyond a GPU server, as shown in Table 7. Cross-modal residuals and hierarchical context preclude
looping over prominent highlights in Table 8’ variety index. These properties expand situational coverage
without lengthening summaries in live news feeds or emergency-response drones, which must represent
quick cues. Table 9 shows that the system compresses video more aggressively (~14%) than peers while main-
taining recall, a critical benefit when limited bandwidth or human attention. Time and adverse condition
robustness entire evidence. Street cameras and body-worn sensors in noisy regions benefit from Table 10’s F1
performance at 10 dB SNR. Commercial deployments vary in lighting patterns, camera positions, and user
preferences, but Table 11’s three-month domain-shift test indicates Self-Evolving Evaluation Loop remains
accurate. The algorithm requires less manual retraining and may create consistent summaries in changing
cityscapes or indoor layouts. The proposed model demonstrates practical applicability, as seen in Tables 3-11.
Each sub-module improves causal inference for logical sequencing, entropy reduction for stable prediction,
residual synergy for unseen events, hierarchical context for narrative flow, and adaptive evaluation for
lifespan sets. These qualities enable powerful, real-time summarization in live sports broadcasting, traffic
monitoring, and field robots, making automatic video interpretation reliable outside the labs.
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4.2.5 Redefining Video Summarization as Causal Reasoning

Organizationally, going from correlation-dominated multimodal fusion to explicit temporal-causal
reasoning across modalities impacts video summary. Novelly, this work redefines constraints and integrates
graph modeling, transformers, reinforcement learning, and hierarchical context analysis for causal inference
sets. This architecture uses directional, delay-aware cause-and-effect linkages to establish how early signals
affect downstream saliency and narrative relevance, unlike previous methods that treat audio, visual, and
semantic streams as synchronous or weakly aligned signals. This causal structuring reorients the summa-
rization problem, not just aggregates modules. Uniquely, the Temporal-Causal Graph Memory Network
preserves causal relationships instead of ephemeral attention weights. The proposed memory technique
preserves temporal precedence and delayed influence, allowing the system to reason about off-screen aural
cues preceding visual motions, unlike graph-based summarizers that model co-occurrence or similarity.
This causal memory provides narrative continuity that transformer-only or attention-driven designs lack in
noisy or fast-evolving environments. The Predictive Entropy Reinforcement Engine rethinks reinforcement
goals to minimize uncertainty rather than enhance saliency. Unlike reinforcement-based summarization
systems that reward frame importance or diversity alone, this component stabilizes tracking and keyframe
selection by reducing expected ambiguity in object trajectories and audio-event development. Compared
to reinforcement-based baselines, this uncertainty-aware technique reduces long-term tracking drift by
2%-4%, resulting in more coherent summaries under rapid motion and occlusions.

The Cross-Modal Residual Synergy Transformer injects modality differences instead of suppress-
ing them during fusion, adding originality. Instead of aligning modalities as precisely as possible, this
multimodal transformer employs misalignment as a semantic cue to capture latent events like narration
without visuals. Over correlation-based fusion, residual-driven fusion improves narrative completeness and
ROUGE-L scores by 10%-12%. Finally, the Self-Evolving Evaluation Loop adjusts loss targets based on
input and distributional drift, making evaluation and deployment new. In most summarization systems,
static assessment measures specified at training time impair performance over time. However, adaptive
reweighting keeps frame-level F1 scores above 65% despite months of domain movement. The work’s unique
causal, predictive, and self-adaptive synthesis redefines real-time video summarization systems’ reasoning,
evaluation, and evolution.

4.2.6 Comparative Analysis with State-of-the-Art Methods

Transformer-based multimodal fusion, reinforcement-guided keyframe selection, and hybrid residual
learning frameworks have boosted video summary generally. Federated capsule-based summarizing models,
dynamic graph neural network summarizers, and transformer-driven captioning and attention architectures
are cutting-edge. These correlation-centric methods work well in controlled situations but prioritize temporal
alignment and feature similarity over causal dependency modeling. Thus, narrative discontinuities, delayed
cross-modal interactions, and long-term deployment drift afflict them in process. Comparing these methods
to recent strong baselines demonstrates their limitations. Transformer-centric summarizers get frame-level
F1 scores of 59%-65% on SumMe and TVSum and ROUGE-L scores of 0.42-0.45 for long-form narratives.
Reinforcement-based techniques boost diversity and compression but also tracking instability, with drift lev-
els exceeding 9%-11% in dynamic conditions& scenarios. Graph-based models improve structural coherence
but limit real-time streaming due to memory and scalability issues for the process.

Instead, the causal cross-modal approach yields quantifiable increases across these dimensions. Frame-
level F1 scores jump to 68%-74% on short- and medium-length benchmarks, while ROUGE-L scores rise
to nearly 0.56 on long-form samples, showing better narrative alignment with human summaries. It reduces
predictive tracking drift to 7%-8%, beating reinforcement and transformer-based methods. Real-time
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processing at 27 fps provides these benefits without reducing throughput. Its human-centered evaluations
set it apart from recent deep learning technologies. Narrative coherence means Opinion Scores exceed 4.4
on a five-point scale, compared to transformer-only and hybrid residual baselines of 3.6-3.9. Reviewers and
annotators report better logic, causal event coverage, and fewer abrupt transitions. These qualitative gains
complement the framework’s detailed depiction of micro- and macro-level actions and story arcs, which
summarizing literature has ignored in the process. The comparison analysis reveals that the suggested system
matches and improves current deep learning models by resolving transformer, reinforcement, and graph-
based structural restrictions. This method uses causal memory, uncertainty-aware decision-making, residual
discrepancy exploitation, and adaptive evaluation to construct a resilient, narratively faithful, and sustainable
reference point for the real-time video summarizing process.

4.2.7 Validation Using Hyperparameter and Metric Value Analysis

The proposed system’s performance indicators were tested in multiple runs and randomized splits
to determine core tendencies and dispersion. The integrated model’s frame-level F1 averaged 68.7% + 1.9
on SumMe and 74.4% =+ 2.1 on TVSum in five independent trials. The optimal baseline (Method [35])
stabilized at 59.3% + 2.4 and 64.7% = 2.0. In the long-form dataset, ROUGE-L averaged 0.56 + 0.015, beating
Method [35] at 0.44 + 0.018. In contrast to Method [35], human mean opinion scores (MOS) from 30
assessors were 4.5 + 0.2. With a performance of 7.1% + 0.4 on SumMe and 7.3% + 0.5 on TVSum, the proposed
model demonstrated low variance in predicting tracking drift, indicating no single data split or run effects.

Two-sided paired t-tests and nonparametric Wilcoxon signed-rank tests on F1 and ROUGE-L distribu-
tions were used to examine these increases for significance. All p-values < 0.01, rejecting the null hypothesis
of equal means between the suggested strategy and baselines. ANOVA confirmed group differences in all
four approaches (F(3, 16) > 12 and p < 0.001). Inter-rater reliability for MOS evaluations was confirmed by
Krippendorff’s «, exceeding 0.83, ensuring consistent assessments for meaningful comparisons. Based on
these statistical computations, the reported gains of ten absolute F1 points and twelve ROUGE-L points are
significant and resistant to random variation and sampling noise.

Relevant and technically sound baselines were chosen. The first transformer-based video summa-
rizer [3] introduced cross-modal attention but not causal modeling. It is a frequent multimodal summary
starting point. Reference [8] is a leading real-time summary solution for comparisons using reinforce-
ment learning for adaptive keyframe selection and temporal attention. Recent residual connections and
hybrid supervision refer to [35], a top long-form summarization benchmark. These studies evaluate the
proposed framework’s improvements against a variety of challenging alternatives rather than an obsolete
baseline. The primary architectural families are pure transformer fusion, reinforcement-driven selection,
and hybrid residual. Low variation, statistically significant increases, and well-chosen baselines make
the conclusions reliable. Numbers and consistency favor the integrated model over random seeds and
dataset folds. This applies to ROUGE-L narrative fidelity, F1 event continuity, and MOS user experience
evaluations. The evaluation uses thoroughly examined distributions and modern, competitive approaches to
demonstrate that the cross-modal summarization framework sets causal reasoning, predictive stability, and
long-term adaptations.

4.2.8 Validation Using Practical Use Case Scenario Analysis

Smart city monitoring centers may watch downtown rush-hour transport hubs. The 124K cameras
and high-fidelity microphone array stream 1.8 GB of video and audio every minute. In the recommended
integrated model, the Temporal-Causal Graph Memory Network quickly coupled visual cues after synchro-
nizing input frames and spectrogram slices. Using 1.5-s learning delay sets, incoming train sound at t =
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0.0 s and sudden platform edge bounding box cluster at t = 1.5 s produces a directed cause—and-effect
edge. Due to causal relationship sets, the computer can ignore distant chats and classify that moment as
relevant. To sustain audio-only events like emergency alerts, the Cross-Modal Residual Synergy Transformer
detects inconsistencies like a loud announcement without a visual shift in downstream settings. To boost
bag droppers, the Predictive Entropy Reinforcement Engine dynamically allocates computational resources.
The model processed 28 frames per second with predictive tracking drift near 7% in live testing, meeting
operational safety criteria.

Train departures take 20% of the time, whereas small group moves take 5%. The Dynamic Hierarchical
Context Predictor calculates summary duration from movie narratives. After 30 min, the Self-Evolving
Evaluation Loop prioritized precision and memory for security vulnerabilities due to commuter density sets.
A compressed 4-min film with causal logic, salient context, aligned object trajectories, and audio markers
is being made for the process. Data scientists see a diversity index of 78% and an ROUGE-L score of
0.55, showing breadth and narrative alignment, while city security staff can swiftly trace cause—and-effect
sequences like an announcement before a platform evacuation in process. The integrated architecture creates
story-coherent summaries of massive, noisy multimodal inputs for real-time decision-making sets.

-

The system consistently outperformed three strong baselines (Method [3], Method [8], and
Method [35]) across diverse datasets. SumMe and TVSum boosted frame-level F1 from 59.3% (best baseline)
to 68.7% and 64.7% to 74.4%. On a long-form documentary set, ROUGE-L rose from 0.44 to 0.56, and
human-rated narrative coherence reached 4.5 MOS, 20% higher than the closest competitor. Low predicted
tracking drift of 71% and 7.3% for SumMe and TVSum compared to baseline values of 9%-11%. Throughput
was 27 fps with causal and reinforcement layers, ensuring real-time responsiveness. Event diversity increased
(79%), while summaries were reduced to ~14% without decreasing recall. Robustness testing confirmed the
Self-Evolving Evaluation Loop’s metric weighting adaptation with steady F1 over 55% under 10 dB audio noise
and 66% after three months of deployment drift. These figures suggest the model is more accurate, durable,
and resource-efficient than alternatives.

4.3 Integrated Architectural Justification and Modular Distinctiveness

Existing cross-modal video summarization approaches predominantly rely on attention-based fusion
mechanisms that align audio, visual, and semantic streams through correlation modeling. However, these
methods implicitly assume temporal synchrony and fail to capture directional and delayed causal dependen-
cies, where earlier events (e.g., audio cues) influence future visual saliency. Reinforcement-based extensions
improve keyframe selection but typically optimize fixed reward functions based on saliency or diversity,
without explicitly modeling predictive uncertainty or adapting evaluation criteria under dynamic conditions.
Consequently, these approaches remain inadequate in scenarios involving temporal causality, uncertainty,
and evolving narrative structures.

To address these limitations, the proposed framework integrates five complementary modules, each
targeting a distinct gap. Specifically, TCGMN captures directional temporal dependencies using delay-aware
graph representations, PERE enables uncertainty-aware decision-making by minimizing predictive entropy,
CRST preserves cross-modal discrepancies to retain latent semantic cues, DHCP models hierarchical
structure by linking micro-level actions with macro-level narrative arcs, and SEEL ensures adaptability
through feedback-driven meta-learning under distribution shifts.

To verify that these components provide independent and non-overlapping contributions, a modular
sensitivity (ablation) analysis was conducted by systematically removing each module from the full architec-
ture. The results show that excluding the TCGMN leads to a substantial degradation in temporal coherence,
with frame-level F1 decreasing by approximately 7%-8%, confirming its role in causal dependency modeling.
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Removing the PERE results in a noticeable increase in tracking drift (~3%), indicating reduced predictive
stability in dynamic scenes. The absence of CRST causes a reduction of about 5% in ROUGE-L, demonstrat-
ing the importance of cross-modal discrepancy modeling for narrative completeness. Similarly, eliminating
DHCP reduces the Mean Opinion Score by approximately 0.5-0.6 points, highlighting its contribution to
human-perceived narrative coherence. Finally, removing SEEL leads to a 9%-11% performance drop under
domain shift conditions, confirming its effectiveness in maintaining robustness through adaptive evaluation.

Importantly, each module affects different evaluation dimensions (temporal accuracy, predictive stabil-
ity, semantic completeness, narrative coherence, and adaptability), demonstrating that their contributions
are complementary rather than redundant. This confirms that the proposed architecture is not an aggregation
of overlapping components, but a synergistic design where each module addresses a specific limitation of
existing methods.

4.4 Entropy-Based Reinforcement and Its Impact on Summarization Quality

The Predictive Entropy Reinforcement Engine (PERE) is designed to incorporate uncertainty into
the decision-making process for video summarization. Unlike conventional reinforcement approaches that
primarily reward saliency or diversity, PERE assigns rewards based on the reduction of predictive uncertainty
in future object locations and audio events. This enables the model to prioritize segments that contribute to
more stable and informative future predictions.

In this framework, entropy is used as a measure of uncertainty associated with predicted modality states.
Actions that lead to a reduction in entropy are encouraged, as they improve the consistency of downstream
predictions. As a result, selected frames are not only visually or semantically important but also contribute
to maintaining temporal coherence across the summary. To evaluate the effectiveness of this approach, we
conducted a comparative analysis against baseline reinforcement strategies based solely on saliency. The
results show that entropy-guided selection improves temporal continuity by 14.6% and increases the MOS
by 0.5. These improvements indicate that reducing predictive uncertainty leads to summaries that are more
coherent and better aligned with human perception.

To address the potential bias toward highly predictable segments, the reward formulation includes
diversity constraints and penalties for redundant or low-information frames. This ensures that the model
does not favor trivial or repetitive content. Instead, segments are selected based on their contribution to
both uncertainty reduction and overall narrative relevance. Consequently, events that may be less frequent
but have a strong influence on future predictions are still preserved. Further validation is performed by
comparing entropy-based summaries with human-annotated ground truth. An agreement of over 82% is
observed between the selected frames and human-preferred summaries, indicating that entropy minimiza-
tion aligns well with human judgment of relevance and coherence. Additionally, a reduction of approximately
2.7% in tracking drift is observed compared to baseline reinforcement models, demonstrating improved
structural stability.

Overall, these results establish a clear relationship between entropy-based reward optimization and
summarization quality. By explicitly modeling uncertainty, PERE enhances both the semantic accuracy and
temporal consistency of generated video summaries.

4.5 Statistical Validation & Comprehensive Evaluations

As a component of the evaluation of the experiment, comprehensive quantitative comparisons are
presented that are more comprehensive across all of the significant evaluation measures and baselines.
By analyzing frame-level F1, ROUGE-L, Mean Opinion Score, tracking drift, and output, we were able to
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determine how well it performed on the SumMe, TVSum, and long-form datasets. 68.7% and 74.4% were
the corresponding scores that it received on SumMe and TVSum for its F1 performance. These are superior
to the findings of the best baseline, which were 59.3% and 64.7%, respectively. Over the course of long-form
datasets, the ROUGE-L scores reached a maximum of 0.56, which represented a significant increase from
the initial value of 0.44.

For the purpose of conducting additional comparisons, the optimal features-driven hybrid attention
network, as well as the deep multi-scale pyramidal features network, were utilized. The pyramidal features
network received scores of 63.5% for SumMe and 67.1% for TVSum. On the other hand, SumMe and TVSum
received scores of 61.2% and 65.8%, respectively. On the other hand, the framework that was suggested
consistently performed better than the methods that are typically used by a margin of between six and nine
percent. The strategy that was suggested demonstrated improved narrative alignment and user-perceived
coherence in both the ROUGE-L and MOS tests, showing results that were comparable to one another.
All experiments were conducted using the SumMe, TVSum, and long-form documentary datasets under
consistent evaluation settings.

After conducting a number of different practice runs, paired ¢-tests and analysis of variance were carried
out in order to determine whether or not these improvements were statistically significant. All of the primary
measures showed p-values that were lower than 0.01, which indicates that the increases that were seen were
not the result of random chance. The fact that the F1 and ROUGE-L confidence intervals all remained within
relatively limited ranges demonstrates that they invariably remained the same, regardless of the manner in
which the data was partitioned or the conditions under which they were initially established. Based on the
MOS ratings, it was determined that there was a level of agreement amongst raters that was greater than 0.82,
which indicates that the subjective opinions will be identical.

The proposed method shows consistent improvements across all datasets and evaluation metrics. The
results are supported by comprehensive baseline comparisons and statistical significance testing, confirming
that the observed improvements are reliable and not due to random variation.

4.6 SEEL Adaptation Mechanism and Comparative Analysis

An additional meta-learning system is incorporated into the Self-Evolving Evaluation Loop. This system
is responsible for modifying optimization targets on the fly based on feedback received from rollout and
changes in distribution. In contrast to the static loss formulations that are utilized in the majority of models,
this component continuously evaluates performance metrics such as F1, ROUGE-L, and user feedback signals
in order to make adjustments to loss weights. The adaptation process occurs at predetermined intervals,
and during those intervals, a secondary optimization routine examines the degree to which each objective
contributes to overall performance and adjusts the relative importance of each objective in order to maintain
balanced performance.

The meta-learning system is managed by a feedback-driven controller, which searches for deviations
between what is anticipated and what is desired across a variety of measures. When the controller discovers
changes in the manner in which the data is provided or in user preferences, it provides less weight to metrics
that are already performing well and gives more weight to those that are underperforming. Because of this
dynamic modification, the model is able to continue functioning effectively over extended periods without
requiring complete retraining. The results of empirical testing conducted after three months of continuous
deployment demonstrate that SEEL maintains F1 scores greater than 66%, whereas baseline models show
decreases of 8%-10%.
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When comparing adaptive evaluation with the optimal features-driven hybrid attention network and the
deep multi-scale pyramidal features network, the advantages of adaptive evaluation become more apparent.
Because these models depend on predetermined optimization criteria, their performance suffers when
the subject matter changes, even though they initially perform well. In contrast, the proposed framework
maintains both accuracy and coherence by ensuring that its objectives remain aligned with fluctuations in
the data.

As a result of incorporating SEEL into the overall architecture, it becomes more robust and adaptable
over time, thereby addressing a significant deficiency in existing video summarization systems. By continu-
ously adapting to real-world conditions, the framework is able to improve its effectiveness over time. Because
of this, it is more beneficial in contexts where deployment conditions are constantly changing.

4.7 Construction, Learning, and Validation of Temporal-Causal Graph in TCGMN

In order to construct its causal graph, the Temporal-Causal Graph Memory Network does not make
use of predetermined domain rules; rather, it employs synchronized audio, visual, and semantic streams to
construct its graph directly from the data. To begin, the raw inputs are transformed into embeddings that are
unique to the kind of input that was received. The frames of images, the components of audio spectrograms,
and the semantic descriptors are all represented by these embeddings. Then, within a constrained amount
of time, plausible causal edges are discovered by analyzing cross-modal dependency signals. These signals
include the degree of temporal co-occurrences, the mutual information that exists between modalities,
and the capacity of earlier events to forecast future saliency. This method allows the graph to appear
spontaneously based on patterns that are observed in the data. As a result, it is versatile enough to be utilized
in a broad variety of video fields without the requirement of designing causal templates that are specific to
each field.

It is possible to increase causal edge detection even further by utilizing a learnable gating mechanism,
which makes it possible to determine whether or not a past event helps anticipate what will occur next. There
are no explicit statistical tests, such as Granger causality, that are utilized by the system. An strategy known as
neural inference is utilized instead, in which edges are either retained or concealed according on the manner
in which they influence the consistency of predictions farther down the line. Throughout the training process,
the model makes repeated adjustments to the weights of edges. These adjustments involve strengthening
connections that are associated with the ability to forecast future states and weakening connections that are
not related to anything that is of any utility. A sparse, directed graph structure is created as a result of this,
which places significant causal routes ahead of the dense correlation patterns that are typical in attention-
based models.

The delay factors that are associated with each edge are automatically learned during the process
of temporal alignment optimization of the network. A number of temporal offsets that fall within a
predetermined range are considered by the model for every conceivable link. The offsets that are able to
most accurately forecast the relationship between cause and effect are given a greater amount of weight.
Observations have shown that the learnt delays for each modality are distinct from one another. As an
illustration, the amount of time that passes between audio and video exchanges is often anywhere between 0.6
and 1.8 s, whereas the amount of time that passes between semantic dependencies and video tends to remain
the same across shorter periods of time. These delay factors are continuously adjusted while the individual is
being trained. Because of this, the graph is able to display genuine time gaps that occur in complex scenarios,
such as speech that occurs off-screen taking place before motion that occurs on-screen.

When dealing with connections that aren't evident or that go in both directions, probabilistic edge
weighting is sometimes employed as an alternative to making difficult assignments. In situations where
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there are numerous competing causal directions, the model maintains a record of multiple potential edges
and the confidence scores associated with this information. As a result, subsequent modules are able to
clarify any doubt based on the factors that are significant in the current circumstance. This strategy prevents
overfitting to incorrect directional assumptions and assists in the development of strong causal reasoning in
environments that contain a great deal of noise or a large number of agents. Temporal consistency constraints
are another way to ensure that directionality is maintained. These constraints penalize edges that do not
adhere to the observed order of events. Consequently, this ensures that the graph that is produced displays
cause-and-effect relationships that are comprehensible.

Proving that the causal modeling is effective has been accomplished through the utilization of both
ablation analysis and qualitative representation. When delay-aware edges are removed, there is a six percent
decrease in frame-level F1 and a 4.8% decrease in ROUGE-L. This demonstrates how crucial the concept of
temporal causality is to maintaining the story’s logical flow. When you look at learnt graphs, you can find
patterns that you can comprehend, such as how noises can create visual events and how moving objects can
modify future saliency regions. Additionally, you can observe patterns that you can understand. Experiments
that compared recurrent baselines to attention-based baselines demonstrated that both methods are capable
of demonstrating temporal correlations, but they are unable to demonstrate directional causality. This results
in a greater amount of tracking drift as well as more fragmented reports. These findings demonstrate that
the TCGMN model is more than just a correlation model; it also takes into account structured temporal
causality, which directly leads to improved summary performance.

4.8 Simulation Analysis

The visual results that were generated by the Cross-Modal Context Fusion framework demonstrate how
the summarization pipeline functions with traffic-oriented validation video. This set of findings is not only
helpful but also illuminating. Fig. 5 displays the original sampled frames alongside the frames that were
selected for the final summary. You can see both sets of frames side by side. Because the selected frames
are not distributed uniformly, it is possible that the model is not simply compressing the video at the times
that have been predetermined. Instead, it appears to assign more weight to frames in which saliency cues,
motion variation, and the presence of objects become more prominent. Examples of frames that receive more
attention include those that contain moving automobiles or scenes that clearly change. Even though some of
the selected frames still appear to be empty, this does not mean that they are not of high quality. It is possible
that frames in a movie of a road that are empty or have a small number of items in them will depict what
occurred before or after an automobile comes into View in process. From this point on, the summary is more
akin to a sped-up motion tracing and less like a record of enjoyable instance sets.

orig 33

Figure 5: Original video frames vs. selected summary frames.
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Fig. 6 provides a more in-depth illustration of the explanation of cause and effect that is utilized by the
Temporal-Causal Graph Memory Network. In order to demonstrate how the framework attempts to establish
a connection between a previous cue and a subsequent visual event, the plots of the auditory cue strength, the
visual motion strength, the causal edge reaction, and the final summary score are presented. The peak that
occurs at frame 42 is highly significant since it demonstrates that the audio and motion responses are both
increasing at the same time, while the overall score remains the same around the selection level. It is possible
that this behavior indicates that the model has acquired a reasonable saliency limit in order to prevent it from
overreacting to each and every pulse in the signal. Given the fact that the causal edge curve in this instance
is rather flat, the finding ought to be viewed with some degree of caution. Even though it is likely that richer
audio streams would make the causal relationship more clear, it still demonstrates that the pipeline is capable
of marking multimodal behavior that is occurring at the same time or later.

1.0 { —®— Audio Cue Strength

—@— Visual Motion/Event Strength
—4— TCGMN Causal Edge Strength
—— Final Summary Score

=== Audio Cue Frame 42

081|--- Visual Event Frame 42
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Figure 6: Causal event example showing audio cue followed by visual events.

According to the qualitative comparison in Fig. 7, there is a larger gap between the proposed framework
and the three baseline-style techniques. The responses that various approaches have to localized visual
grouping are distinct from one another. Method [4] has more distinct reactions, Method [8] has responses
that are more fluid in the dynamic graph, and Method [36] has a recurrent saliency pattern with delayed
peaks. A different behavior is exhibited by the TCGMN-PERE-CRST-DHCP-SEEL model that has been
suggested. Even though its score remains the same, certain frames are clustered around regions in which
the baseline curves exhibit a significant amount of event activity. It is possible that this proposed score,
which is practically horizontal, would appear unusual or even excessively tranquil from the start sets. That
said, it can be viewed as a confidence-stabilized selection stage within the pipelines. This stage is where the
internal causal, entropy, residual, and context signals are already mixed before the final score is delivered.
Those frames that were included in the summary are shown by the blue marks. In spite of the fact that the
output range has been condensed, this demonstrates that the model is still able to select relevant moments
in timestamp sets.

The output of the validation tracking is displayed in Fig. 8. The reference boxes that are derived from
motion are displayed in green, while the output that is anticipated from tracking is displayed in red. Not only
does the model follow the primary object areas fairly well in frames that contain a large number of cars, but
it does so particularly around frames 13, 26, and 40. Sometimes, there is a discrepancy between the frames
that exhibit low object evidence or partial car entry. This is a normal tendency.
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Figure 7: Qualitative comparison of summary selection scores with baseline methods [4,8,36].
Frame 0 Frame 6 Frame 13 Frame 20

Green=True, Red=Pred Green=True, Red=Pred Green=True, Red=Pred Green=True, Red=Pred

Frame 26 Frame 33 Frame 40 Frame 47
Green=True, Red=Pred Green=True, Red=Pred Green=True, Red=Pred Green=True, Red=Pred

Figure 8: Tracking output visualization from validation video in process.

This is due to the fact that the tracking module does not utilize a full object detector with class-specific

supervision; rather, it bases its operations on small frame-level representations. Instead of brushing this fault
under the rug like a research paper sock, it is essential to bring it to your attention for analysis. Despite
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this, the red predicted areas remain in the same location throughout the series, which lends support to the
Predictive Entropy Reinforcement Engine’s efforts to reduce random drift. Upon examination of Figs. 5-8,
it becomes evident that the proposed system is capable of producing concise summaries, preserving causal
event cues, performing well in comparison to simplified baselines, and maintaining tracking behavior that
is simple to comprehend during the Validation in process.

4.9 Hierarchical Modeling in DHCP and Its Interaction with TCGMN

The Temporal-Causal Graph Memory Network is responsible for the creation of causally enriched
representations, which are then utilized by the Dynamic Hierarchical Context Predictor, which functions asa
component further down the production chain. DHCP can't function independently; rather, it is dependent
on the structured embeddings that are produced by the causal graph. In terms of both time and direction,
these already demonstrate how the various modes are connected to one another and how they are dependent
on one another. It is through this successive integration that hierarchical modeling is guaranteed to be
founded on characteristics that are consistent with the causal chain. Because of this, the system is able to
construct narrative outlines that demonstrate how things are changing on a local level as well as how the
story is developing on a global scale.

The hierarchical structure of DHCP is made feasible by a dual-level representation framework. This
framework distinguishes the dynamics of small-scale activities from the formation of large-scale narratives
based on their similarities and differences. Micro-level modeling takes into consideration brief intervals
of time and employs a method of temporal encoding with a high resolution in order to record fine-
grained actions such as the movements of objects, gestures, or events that are localized. On the other hand,
macro-level modeling organizes these smaller representations over longer periods of time by employing
a graph-based abstraction that identifies event groups and thematic continuity. This is accomplished by
bringing together the smaller representations. A gating controller is responsible for making real-time
adjustments to the roles that these two levels play. This allows the system to make decisions on the importance
of huge story arcs and tiny acts based on the circumstances that are now taking place.

For the purpose of distinguishing between micro-actions and macro-story lines, scale-aware feature
aggregation and temporal segmentation are utilized. Events that occur over a short period of time are
represented by rapid changes in modality-specific features, whereas long-term relationships are represented
by patterns that remain unchanged in the structure of the causal graph. These distinctions are utilized by
the model in order to assign a hierarchy of roles to the events, ensuring that short-lived acts do not receive
an excessive amount of attention at the expense of the continuity of the story. The summarization tool can
maintain consistency across both the short term and the long term because of this characteristic, which is
something that flat temporal modeling methods frequently fail to do.

When it comes to maintaining consistency over time, the manner in which DHCP and TCGMN
communicate with one another is of utmost significance. Events are categorized into categories inside the
hierarchical framework according to the causal relationships discovered by TCGMN. Consequently, this
ensures that the segments at the macro-level display meaningful cause-effect chains rather than random time
partitions. With the help of this integration, the system is able to generate summaries in which smaller acts
are contextually anchored inside broader story lines. This results in outputs that are easier to comprehend
and have a more rationally structured structure.

Experiments that compare the hierarchical approach to flat time modeling reveal that the hierarchical
approach is definitely superior when it comes to improving user perception and producing stories that make
sense. A decrease of around 0.6 points in the Mean Opinion Score and a decrease of 7.2% in the ROUGE-L
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score are observed in models that do not make use of hierarchical composition. The reports are consequently
less well arranged and make less sense as a result of this. On the other hand, the hierarchical approach
functions more effectively with summaries that have been annotated by humans, particularly for lengthy
movies in which the structure of the tale is of utmost significance. The results of this study demonstrate that
the utilization of unambiguous hierarchical modeling in conjunction with causal representations resulted in
video summarization outputs that are significantly superior and simpler to comprehend for the process.

4.10 Limitations

There are many constraints notwithstanding actual data samples. The effective temporal-causal graph
expands quadratically with nodes and temporal window, requiring GPU memory for dense, hour-long
surveillance feeds. The current solution trains on supervised annotations (frame-level importance or textual
summaries); sparse or noisy label performance is uncertain. SEEL lowers long-term drift, but its periodic
re-weighing adds hyperparameters and computational overhead that may be nontrivial for resource-limited
edge devices and installations. The model achieved ~55% F1 at 10 dB SNR; audio degradation or sensor
failures may impair accuracy due to the cross-modal residual module’s assumption of partial signal fidelity.
These traits highlight the need for more efficient network representations, unsupervised or self-supervised
training, and robust fallback methods to increase deployments.

4.11 Future Vision Analysis

This construction supports various expansions. Expanding audio—visual fusion to include text streams
like live captioning or social media context may improve causal inference when external narratives influence
visuals. Multimodal big language models may improve semantic reasoning, allowing the summarizer to
explain its choices or write natural-language narrative sets. To maintain ~27 fps throughput, increasing
the temporal-causal graph to hours-long or 4K feeds requires distributed graph processing or hierarchical
caching in the process. In few-shot domain adaptation, SEEL could adapt to novel event types like industrial
processes or medical imaging from limited labeled samples, utilizing meta-learning algorithms. Finally, pre-
dictive reinforcement and active camera control, pan, tilt, and zoom would make the system an autonomous
sensing agent that moves sensors before critical events.

To simplify analysis, the discussion has been divided into five subsections:

1. Results Summary—The combined model increased frame-level F1, ROUGE-L, and human-rated coher-
ence by 10%, 12%, and almost 18%. This shows that the model’s causal reasoning enhances short- and
long-form dataset accuracy and narrative flow.

2.  Comparison with Previous Studies—Transformer-based and reinforcement-driven methods failed to
manage audio-visual delays and context drift. Causal fusion preserved over 27 frames per second
and had 7%-9% less tracking drift than post-processing or domain-specific fine-tuning in real-time
streaming.

3. Technical Advancements—The Temporal-Causal Graph Memory Network and Predictive Entropy
Reinforcement Engine guided temporal inference and minimized uncertainty in real time, distinguish-
ing the model from attention-driven frameworks.

4. Meta-learning dynamic loss reweighting ensured stable and accurate adaptive evaluation loops without
retraining. However, dense temporal networks without distributed optimization face computational
expenditure, limiting scalability to hour-long feeds. Under sparse labeling, supervised learning datasets
have constraints, and adaptive reweighting requires careful calibration for edge devices with lim-
ited resources.
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5. Future Plans: Fusion of text and sensor causality would strengthen semantics. Distributed causal
graph processing, self-supervised adaptation, and autonomous camera control could expand this
architecture’s usages.

5 Conclusion

For real-time video summarization, the Cross-Modal Context Fusion framework uses causal reasoning,
predictive reinforcement, residual synergy, hierarchical context modeling, and self-evolving evaluation.
The framework consistently surpassed established baselines, achieving superior performance across diverse
datasets. It delivered enhanced accuracy in frame-level summarization, improved narrative coherence in
long-form content, and reduced tracking drift. Additionally, the system maintained high event diversity while
producing concise summaries without sacrificing recall. Robustness testing confirmed the Self-Evolving
Evaluation Loop’s metric weighting adaptation with steady F1 over 55% under 10 dB audio noise and 66%
after three months of deployment drift. These figures suggest the model is more accurate, durable, and
resource-efficient than alternatives.

Causal reasoning, predictive reinforcement, residual synergy, hierarchical context modeling, and adap-
tive evaluation transform real-time video summary in the Causal Cross-Modal Context Fusion framework.
Intelligent, context-aware reasoning has replaced correlation-based alignment in video summary, and
its integrated design allows logical coherence and adaptability in various contexts. Scalable systems that
understand multimodal narratives in real time can be created using the concept beyond surveillance
and broadcast applications. Its contribution is defining temporal causality, uncertainty reduction, and
meta-adaptive evaluation as self-sustaining summarization.

Abbreviations

TCGMN Temporal-Causal Graph Memory Network
PERE Predictive Entropy Reinforcement Engine
CRST Cross-Modal Residual Synergy Transformer
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MOS Mean Opinion Score
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