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Abstract

In multi-view sports broadcasting, extracting high-quality highlights and selecting
the optimal camera angle from concurrent video streams is traditionally a labor-
intensive process with significant computational overhead.

This thesis explores the feasibility of automating the production of multi-view
sports highlights using Multimodal Large Language Models (MLLMs). To manage
the high computational demands of multi-camera environments, we investigate a
hierarchical data-reduction strategy that progressively filters temporal and spatial
redundancies.

The research focuses on evaluating the effectiveness of vision-language align-
ment for precise action localization, comparing traditional video understanding ar-
chitectures against emergent foundation models. Furthermore, we assess the capa-
bility of MLLMs to perform high-level decision-making in optimal view selection.
By conducting a performance analysis on real-world multi-view datasets, this study
validates the potential for multimodal architectures to achieve human-like directing
logic with significantly reduced manual intervention and computational cost.

Keywords:Temporal Sentence Grounding, Video Foundation Models, Vision-
Language Models, Cross-Modal Retrieval, Multi-View Video Understanding
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1

Introduction

1.1 Sony

Sony [1]] is a creative entertainment company with a solid foundation in technology.
In Lund Sony mainly work with Research, specializing in 5G, 6G & IoT; Software
Development for Sony products such as Xperia smartphones and Bravia TVs; New
Business, e.g., the Sony Startup Acceleration Platform Europe; and Design.

1.2 Problem Statement

Within contemporary sports media production, the process of extracting basket-
ball shooting highlights and selecting the optimal viewing angle from synchro-
nized eight-camera configurations depends predominantly on manual directing. To
mitigate the inefficiencies associated with this conventional approach, this paper
introduces a fully automated, end-to-end pipeline designed entirely from incep-
tion. However, the simultaneous processing of multiple video streams presents a
formidable technical challenge, particularly regarding the substantial computational
overhead that subsequently induces severe system latency. Consequently, the pri-
mary objective of this project is to construct a highly functional prototype with a
profound engineering emphasis on regulating computational expenditures, thereby
minimizing processing durations and ensuring real-time responsiveness.

1.3 Objectives

The main objective of this thesis is to design, implement, and evaluate an au-
tomated, end-to-end video processing pipeline capable of extracting basketball
shooting highlights and selecting the optimal camera angle from 8 synchronized
video streams, with a focus on minimizing computational latency.

The specific objectives are the following:



Chapter 1. Introduction

¢ Pipeline Architecture: Design and build a functional 0-to-1 pipeline capable
of ingesting and syncing 8 simultaneous camera feeds.

» Event Detection and Best Camera Selection : Implement algorithms/logic to
accurately identify shooting events and determine the most suitable viewing
angle for the highlight clip.

» Performance Optimization : Identify computational bottlenecks within the
multi-view processing logic and apply optimization strategies to reduce exe-
cution time and system latency.

» Evaluation : Evaluate the finalized pipeline based on two criteria: the ac-
curacy of the highlight extraction/angle selection, and the processing speed
compared to a defined baseline.

To provide a holistic perspective of the proposed autonomous sports production
system, an overview of our end-to-end multi-modal pipeline is illustrated in Fig-
ure[I.T} As a precursor to the detailed methodologies discussed in subsequent chap-
ters, the pipeline conceptually streamlines the flow of multi-view broadcast data
through five core stages: heuristic scoreboard trigger extraction, spatial-temporal ac-
tion grounding, synchronized multi-angle retrieval, VLM-driven camera selection,
and automated post-production. With this overview as a shared frame of reference,
the subsequent chapters explain each module in detail, covering its mathematical
formulation, architecture, and experimental validation.

1.4 Research Questions

To systematically evaluate the feasibility, efficiency, and alignment of the proposed
autonomous sports production pipeline, this study formulates and addresses three
overarching research questions:

* Pipeline Feasibility and System Integration
How feasible is the construction of an end-to-end, automated production
pipeline driven by multimodal frameworks for basketball highlight extraction
and multi-angle selection?

¢ System Architectural Role and Computational Efficiency
How can a hierarchical data-reduction strategy be designed to optimize the
trade-off between computational efficiency and the semantic reasoning capa-
bilities of Vision-Language Models for automated “best-camera” selection?

¢ Subjective Quality and Human Alignment
To what degree do the zero-shot view selection decisions generated by Vision-
Language Models align with human subjective aesthetic preferences?

10
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Figure 1.1 Overview of the proposed pipeline for automated basketball highlight gener-
ation. The system consists of five sequential stages: (1) scoreboard change detection with
active half-court detection, (2) action detection via model comparison, (3) multi-angle clip
retrieval, (4) cross-model best-camera selection using a vision-language model, and (5) final

clip editing.

1.5 Division of Work

This thesis was carried out jointly by the two authors. For the action detection ex-
periments, the TSM (MMAction2) part was conducted by Chun Zhou, and the In-
ternVideo2 part by Yuhe Bian. All other parts of the work were completed jointly

by both authors.
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Background and Related
Work

2.1 Background on Sports Pipeline Construction

2.1.1 Industry Standards and Production Bottlenecks

In the current sports broadcasting landscape, the generation of highlight reels re-
mains predominantly a manual endeavor[2} 3|]. Professional production workflows
typically involve a "logger-director" model, where specialized operators manually
tag key events (e.g., goals, fouls, or significant shots) in real-time or during post-
match review. For multi-camera environments, a director must concurrently mon-
itor several feeds and make split-second decisions on which angle to broadcast or
include in a summary[4]]. This traditional approach faces two critical bottlenecks:
first, the high operational cost and human error associated with manual logging;
and second, the "production lag" between the occurrence of an event and the avail-
ability of edited content[5]. While some commercial systems utilize ball-tracking
or basic rule-based triggers, a cohesive, autonomous pipeline capable of cinematic
multi-angle directing and accurately grounding key actions within long untrimmed
videos in near real time is still largely absent from the market[6l|7].

2.1.2 Automation and Latency: The E-sports Benchmark

In contemporary sports media, the speed of content delivery is as vital as its qual-
ity. A significant gap exists between traditional physical sports and competitive
gaming (e-sports) regarding production latency. In e-sports, automated highlight
systems can distribute key moments to live streams within seconds of their occur-
rence—often within the timeframe of a standard broadcast delay. This extreme ef-
ficiency is facilitated by direct access to game-engine telemetry, which provides
instantaneous, structured game-state data. In contrast, physical sports provide no
such structured signal: the only machine-readable record of the game is the raw
video itself. In contrast, physical sports provide no such structured signal, which
implies that the sole machine-readable record of the game is the raw video footage

12



2.1 Background on Sports Pipeline Construction

itself. Key game developments, including made shots, fouls, and rebounds, exist
only implicitly across sequential video frames. These moments must then be iden-
tified by computer-vision models through a deep semantic understanding of the vi-
sual content over time. This interpretation step is inherently slower and less certain
than reading a telemetry stream, as its reliability is bounded by detection accuracy,
camera viewpoint, and occlusion. This dependence on visual inference constitutes
the principal source of production latency that distinguishes physical-sports broad-
casting from e-sports. Translating the "sub-minute" production speed of e-sports
to physical basketball requires a fully automated computer vision pipeline that by-
passes manual logging while maintaining cross-camera temporal synchronization.

Recent advancements in computer vision, particularly the rigorous sub-second
evaluation metrics established in the SoccerNet challenges [8]], highlight the in-
dustry’s shift towards addressing this production lag. Furthermore, novel self-
supervised approaches for cross-view synchronization [9, |10] are paving the way
for the fully automated, multi-camera pipelines required to bridge the efficiency
gap between physical sports and e-sports|11].

2.1.3 From Discriminative Recognition to Semantic Grounding

The technical foundation of sports video analysis is evolving from simple classi-
fication to complex temporal grounding[/12]], where the model must identify not
only what action occurs but also when it happens within the video timeline. Tradi-
tional discriminative frameworks, such as the Temporal Shift Module (TSM) [13]],
have established a robust baseline by shifting feature channels along the tempo-
ral dimension.These models focus on extracting spatio-temporal features to classify
predefined actions into discrete categories.

While efficient, these task-specific models have two limitations relevant to high-
light production. First, because they are optimized to assign the correct category
label to a clip, they are rewarded for recognizing what action occurs rather than for
delineating when it begins and ends; as a result, their predicted temporal boundaries
tend to be coarse. Second, their output is confined to a fixed label set, so they cannot
reason about open-ended, higher-level properties of a clip, such as which moment is
the most salient or how compelling a given viewpoint is for a highlight. We refer to
these judgments as narrative quality, and they require semantic reasoning that lies
beyond closed-set classification.

Current research is transitioning toward Video Foundation Models (VFMs), ex-
emplified by InternVideo2 [14] and Video-LLaMA[|15]], which are pre-trained on
massive-scale multimodal datasets. These models allow for "zero-shot" semantic
reasoning through vision-language alignment, where visual and textual representa-
tions are mapped into a shared semantic space to enable cross-modal understand-
ing without task-specific supervision. This thesis utilizes both paradigms: employ-
ing traditional discriminative models for their computational efficiency and precise
boundary regression, while leveraging foundation models and Multimodal Large
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Chapter 2. Background and Related Work

Language Models (MLLMs) to perform high-level aesthetic and narrative evalua-
tions for camera selection.

2.1.4 Computational Constraints and Cost-Efficiency

While the integration of foundation models and MLLMs represents a significant
leap in semantic capability, it introduces substantial challenges regarding hardware
expenditure and operational costs. Fully autonomous systems that rely exclusively
on heavy MLLMs for real-time analysis of multiple concurrent high-resolution
streams often require computationally expensive GPU clusters and incur massive
inference latencies[16, |17]]. Furthermore, the human resources required to main-
tain and fine-tune such large-scale architectures add a layer of financial burden
that is often inaccessible for local or mid-tier sports productions|[18[]. A primary
research objective of this thesis is to explore the possibility of a "low-cost" auto-
mated editing system[19, [20]]. By implementing a hierarchical data-reduction strat-
egy—where lightweight discriminative models handle high-throughput event local-
ization and expensive multimodal models are invoked only for high-level decision-
making—this study aims to achieve high-quality highlight generation while main-
taining computational affordability .

2.1.5 Automated Directing and Subjective Evaluation

The task of "best-camera" selection mirrors the role of a human director in a broad-
cast truck. This study refers to the methodology in "Deep Directing: Deep Learning-
Based Automated Video Directing for Live Sports Events" [|6, 21}, |11]], which em-
phasizes that automated directing must align with human visual preferences. A core
challenge is that directing quality is inherently subjective rather than binary[22].
Consequently, following the human-feedback paradigm used in subjective produc-
tion research [23]], this study evaluates the view-selection module against viewer
preference. For each event, participants are shown the synchronized clips from all
candidate camera angles and asked to indicate the most suitable view; the major-
ity choice across participants defines the human-preferred view, and the module
is scored by how often its top-ranked camera matches this consensus. Participants
score synchronized multi-angle clips based on clarity and appeal, establishing a
"gold-standard" baseline for the automated system to emulate.

2.1.6 The Landscape of Multi-View Sports Datasets

A major bottleneck in autonomous sports production is the acute scarcity of anno-
tated multi-view datasets[24]]. While projects like SoccerNet [2} 4} 25]], have pro-
vided extensive footage for football, the data is primarily single-view or lacks fine-
grained synchronization between cameras. For basketball, existing public datasets
such as APIDIS are often outdated, characterized by low resolution and significant
frame-synchronization errors. The near-total absence of publicly available basket-
ball datasets providing both synchronized concurrent angles and sub-second event
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annotations necessitates the construction of specialized internal datasets, such as the
IK EOS dataset from Sony used in this research.

2.2 Real-Time Object Detection and Spatial Localization

Object detection serves as a critical prerequisite in automated sports video analysis,
enabling task-specific applications such as player tracking, ball trajectory estima-
tion, and spatial layout inference. Within this domain, the You Only Look Once
(YOLO) family of single-stage detectors has established a standard for balancing
inference velocity and localization accuracy. In particular, the YOLOvV8[26] archi-
tecture introduced by Ultralytics incorporates key structural innovations over its
predecessors to achieve state-of-the-art performance in highly dynamic environ-
ments.

Architecturally, YOLOVS is composed of a modified CSPDarknet backbone, a
Path Aggregation Network (PANet) neck, and an anchor-free decoupled detection
head. The backbone replaces the traditional C3 modules with Cross-Stage Partial
Bottlenecks with two convolutions (C2f). This C2f design enhances gradient flow
and rich feature representation by stacking parallel bottleneck flows, thereby al-
lowing the network to capture complex, multi-scale visual features with a reduced
parameter count. The multi-scale features are subsequently fused in the PANet neck,
which establishes bidirectional feature propagation paths to preserve precise spatial
and semantic information.

Crucially, YOLOVS transitions from an anchor-based to an anchor-free detec-
tion paradigm. Rather than relying on predefined bounding box anchors, the net-
work directly predicts object centers and bounding box offsets from feature maps.
This is achieved via a decoupled head structure, where classification and regression
tasks are separated into parallel convolutional branches. This decoupling prevents
task interference, accelerating convergence during training and improving regres-
sion accuracy. Furthermore, the regression task is supervised utilizing a combina-
tion of Complete Intersection over Union (CloU) loss [27] and Distribution Focal
Loss (DFL)[28]]. While CloU optimizes the geometric aspects of bounding box re-
gression (including overlap area, aspect ratio, and center distance), DFL addresses
boundary uncertainty by representing box locations as general probability distribu-
tions. This fine-grained boundary estimation is highly effective on dynamic sports
courts characterized by frequent player occlusions and varying camera perspectives.

In the context of multi-view sports production, such lightweight and fast spa-
tial detectors are instrumental for establishing low-latency heuristics. By localizing
player distributions across the playing field, spatial regions of interest can be dy-
namically determined, enabling early-stage data reduction prior to the invocation of
computationally expensive multimodal reasoning models.

15
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2.3 From Action Recognition to Temporal Action
Grounding

This section provides an overview of the key technical background and recent de-
velopments relevant to this research. As the objective of this study is to leverage
multimodal foundation models for temporal action grounding in basketball videos,
the discussion focuses on the evolution of video action understanding, temporal
event localization, and multimodal video-language modeling. These research areas
form the foundation of the proposed approach and provide the necessary context for
understanding the methodology and design choices presented in this thesis.

2.3.1 Video Action Recognition

Video Action Recognition is a fundamental task in video understanding. Its pri-
mary goal is to identify the category of human actions occurring within a given
video clip. For instance, in classic benchmark tasks like those based on the Kinetics
dataset [29]], models are tasked with assigning a single label—such as "playing
guitar" or "running"—to a short video clip.

Early approaches to video action recognition typically followed a two-stage
pipeline consisting of feature representation and classifier learning. In the feature
representation stage, a variety of hand-crafted descriptors were designed to cap-
ture spatial and temporal information in videos. For example, space-time interest
points (STIP) [30] extend 2D interest point detection into the temporal domain
to capture motion patterns, while dense trajectory-based methods, particularly Im-
proved Dense Trajectories (iDT) [31]], explicitly track densely sampled points to
model long-term motion dynamics. In addition, motion-aware descriptors such as
HOG/HOF and their variants were widely used to encode appearance and motion
information [32]].Given these feature representations, classification was typically
performed using traditional supervised learning frameworks such as Support Vector
Machines (SVMs) [31]] or Hidden Markov Models (HMMs) [33]]. Some works fur-
ther explored unsupervised or weakly-supervised exploration techniques to discover
structure in feature space [|34].

Although these methods were effective on early benchmark datasets, they gen-
erally suffer from limited representational capacity, poor robustness to complex mo-
tion patterns, and weak generalization ability across diverse video scenarios [35].
Their core focus is solving the "What" problem, identifying the action category
within a well-defined, trimmed clip. However, in the real world, videos are typi-
cally untrimmed. They contain extensive background noise, irrelevant frames, and
multiple continuous actions. Traditional action recognition models lack the ability
to answer "When", meaning they cannot precisely localize the start and end times
of specific actions in long, complex video streams [36[]. This lack of sensitivity to
temporal boundaries has prompted researchers to shift their focus to the more chal-
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lenging task of Temporal Action Detection.

2.3.2 Temporal Action Detection

To address the temporal insensitivity of traditional action recognition, Temporal
Action Detection (or Temporal Action Grounding) was introduced. The primary
objective of action recognition is to classify actions within a video without the need
to detect their duration. In contrast, Temporal Action Detection requires precisely
localizing the start and end time points of action instances within complex and
long videos alongside identifying their respective categories. Furthermore, the two
tasks differ significantly in their processing objects. Action recognition generally
utilizes artificially trimmed videos that typically contain only a single action. How-
ever, real-world videos are mostly untrimmed and often contain multiple action
instances of varying categories with the boundaries and duration of each action
being completely unknown. The technical evolution of solving this complex local-
ization problem can be broadly divided into two main stages: CNN-based methods
and Transformer-based frameworks.

With the widespread application of deep learning, the design of detection mod-
els diversified and predominantly split into two mainstream directions. The first
direction involves anchor-based methods, which evolved directly from the sliding
window concept. Inspired by region-based Convolutional Neural Networks in object
detection, models like SCNN [37]] pioneered this direction by applying multi-stage
networks to predefined multi-scale anchor boxes for proposal generation, classi-
fication, and precise boundary prediction. Subsequently, TURN [38]] incorporated
unit-level coordinate regression to enhance efficiency, while R-C3D [39] integrated
three-dimensional convolutional networks to directly extract continuous video fea-
tures for precise detection. The second direction comprises boundary-based or
bottom-up methods, which were proposed to address the imprecise boundaries
inherent in rigid anchor boxes. Models such as BSN [40], BMN [41]], and TCA-
Net [42] adopted a strategy of predicting the probability of each frame acting as a
starting or ending point. High-probability points are then paired to generate highly
flexible and precise action boundaries.

More recently, transformer architectures have significantly advanced video un-
derstanding and temporal action detection. On the representation side, self-attention
mechanisms enable Transformers [43] to capture long-range spatio-temporal de-
pendencies more effectively than conventional convolution-based architectures.
Models such as TimeSformer [44]] and Video Swin Transformer [45]] demonstrate
strong capability in extracting discriminative video features through patch-based
attention and hierarchical feature modeling.

Beyond feature extraction, the Transformer encoder-decoder framework further

17
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Figure 2.1 TSGYV Pipeline

inspired a new generation of query-based temporal action detectors. Inspired by
DETR [46]-style object detection, these methods formulate action instances as a set
of learnable query embeddings that interact directly with the global video sequence
through attention mechanisms. Compared with traditional anchor-based pipelines,
query-based approaches largely alleviate the reliance on hand-crafted anchors and
heuristic boundary matching strategies, leading to more unified end-to-end frame-
works for temporal detection. Within this paradigm, various models introduce
different improvements. TadTR [47] adopts temporal deformable attention to dy-
namically focus on informative temporal regions, while ReAct [48]] enhances action
classification through improved query interaction mechanisms. Collectively, these
Transformer-based query methods have substantially improved temporal localiza-
tion performance and enabled more unified end-to-end detection frameworks for
untrimmed videos.

2.3.3 Temporal Sentence Grounding in Videos

Temporal Sentence Grounding in Videos (TSGV), also known as natural language
video localization, aims to identify a temporal segment within an untrimmed video
that semantically corresponds to a given natural language query [49]]. Compared
with temporal action detection, which focuses on recognizing and localizing actions
from a predefined set of categories, TSGV extends the task to open-vocabulary lan-
guage descriptions. This removes the restriction of fixed label spaces and enables
more flexible querying of complex and fine-grained human activities in videos. As a
result, TSGV requires not only accurate temporal localization but also fine-grained
semantic alignment between visual content and natural language [50]. This shift
moves the problem from closed-set action recognition towards open-vocabulary
cross-modal understanding.

18
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To address this cross-modal grounding problem, existing TSGV methods gen-
erally follow a unified framework, as illustrated in Figure [2.1] [50]]. Given a video-
query pair, where the video is represented as a sequence of frames and the query
is a natural language sentence, the model first performs preprocessing, including
frame sampling for the video and tokenization for the text query. The processed
visual and textual features are then encoded and projected into a shared semantic
space, where cross-modal interactions are modeled to capture fine-grained corre-
spondences between video content and language expressions. Based on these fused
representations, a temporal localization module is used to predict the start and
end boundaries of the target moment. Depending on the design of the temporal
prediction strategy, existing approaches can be broadly categorized into two main
paradigms: proposal-based and proposal-free methods. Proposal-based methods
first generate a set of candidate temporal segments (proposals) from the video and
then rank or refine them according to their relevance to the language query. In con-
trast, proposal-free methods directly regress the start and end timestamps without
relying on explicit proposal generation.

Despite the progress made by these traditional TSGV architectures, they often
encounter a significant bottleneck regarding feature representation. Most methods
rely on off-the-shelf feature extractors trained primarily on closed-set action recog-
nition datasets. These pre-extracted, isolated visual features lack rich semantic lan-
guage context and struggle to capture the complex, fine-grained spatio-temporal
dynamics required for open-vocabulary grounding. Consequently, the performance
of the downstream temporal localization module is fundamentally constrained by
the semantic gap between these rigid visual features and the highly flexible natural
language queries.

To overcome this limitation and achieve deeper cross-modal alignment from
the ground up, recent research has shifted towards leveraging large-scale Multi-
modal Video Foundation Models. By pre-training on massive datasets of video-
text pairs, these foundation models learn unified and highly generalized represen-
tations that inherently bridge the gap between vision and language. Among them,
InternVideo [14] has emerged as a highly advanced architecture. By seamlessly
integrating masked video modeling and cross-modal contrastive learning, Intern-
Video demonstrates exceptional capability in robust video-language understanding
and fine-grained spatio-temporal reasoning. This makes it an ideal foundational ar-
chitecture for tackling challenging TSGV tasks, particularly in highly dynamic and
visually complex scenarios such as basketball game analysis, where precise seman-
tic alignment of fast-paced multi-person interactions is crucial.

2.3.4 Multimodal Video Foundation Models

Traditional TSGV methods typically rely on task-specific architectures and pre-
extracted visual features, which often suffer from limited semantic understanding
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and poor generalization across diverse video-language scenarios. Recent advances
in large-scale multimodal pretraining and video foundation models have alleviated
these limitations by learning unified video-text representations with stronger tem-
poral reasoning and cross-modal alignment capabilities [5I]].

Following the success of large-scale multimodal pretraining, several video foun-
dation models have been proposed for video-language understanding tasks. These
models leverage Transformer-based architectures and large-scale video-text datasets
to learn unified multimodal representations with strong temporal modeling capabil-
ity. Representative approaches such as VideoMAE [52], InternVideo [53]], and In-
ternVideo2 [14] have demonstrated strong performance across various video under-
standing tasks, including action recognition, video retrieval, and temporal ground-
ing.

In this work, we adopt the end-to-end temporal grounding pipeline provided
by the official InternVideo2 framework. Specifically, InternVideo2 [14] is used as
a frozen multimodal feature extractor to obtain semantically rich video and text
representations. Video clips are sampled at regular intervals and encoded into high-
dimensional feature sequences, while text queries are projected into the same em-
bedding space to facilitate cross-modal alignment.

To enable precise temporal localization on top of these foundation represen-
tations, the pipeline incorporates CG-DETR [54] (Correlation-Guided DETR) as
the grounding module. Different from traditional DETR-based methods that suffer
from irrelevant visual noise, CG-DETR explicitly models the contextual relation-
ships between the text query and video background. It leverages a context-guided
scrubbing mechanism to suppress text-irrelevant video frames while highlighting
moments highly salient to the target action. Building upon the DETR-style [46]
formulation, CG-DETR represents action segments as a set of learnable query em-
beddings, which interact with video and text features through dedicated attention
mechanisms. This design decouples multimodal representation learning from tem-
poral boundary regression, allowing each component to focus on its respective role.

By leveraging this framework, our system combines the strong contextual rep-
resentations of InternVideo2 with the precise localization capability of CG-DETR,
providing a reliable foundation for analyzing fast-paced and complex basketball
game videos.

2.4 Multi-Angle Sports and Best-Camera Selection

2.4.1 Evolution of Multi-Angle Action Grounding

The research trajectory of action recognition has transitioned from simple clas-
sification on single-view datasets to precise temporal grounding in multi-angle
footage[8]]. Traditional discriminative frameworks, such as the Temporal Shift Mod-
ule (TSM) [13]] (implemented in MMAction2), provide a robust baseline for event
detection but are inherently constrained by fixed perspectives. In a single broadcast
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feed, critical shooting motions are frequently obscured by occlusions[S5]. Multi-
view systems overcome these physical limitations by aggregating complementary
information across synchronized camera arrays[56]. Current research in this do-
main focuses on maintaining rigorous cross-camera synchronization—where minor
temporal drifts can disrupt narrative continuity—and merging asynchronous proba-
bility streams into a unified temporal anchor for highlight generation[57].

2.4.2 Semantic Reasoning and Computational Affordability

Selecting the optimal camera angle, or the "best-camera," requires a paradigm shift
from recognizing patterns to reasoning about visual narratives. Video understand-
ing is evolving toward general-purpose semantic reasoning through emergent Video
Foundation Models (VFMs), such as InternVideo2 [[14] and Multimodal Large Lan-
guage Models (MLLMs).Unlike discriminative models that only identify action la-
bels, MLLMs can act as "synthetic directors," evaluating the cinematic quality and
spatial clarity of different viewpoints through zero-shot reasoning. However, the
application of heavy MLLMs across multiple concurrent high-resolution streams
presents a prohibitive cost barrier due to extreme GPU memory demands[58].
Consequently, this research investigates a "low-cost" hierarchical strategy, using
lightweight spatial filters to prune irrelevant views before invoking expensive mul-
timodal reasoning, thereby balancing directing intelligence with computational af-
fordability[59].
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3

Dataset

The development and evaluation of the pipeline rely on two basketball datasets that
serve complementary roles: the publicly available APIDIS dataset [|60]], used in the
early stage to establish the feasibility of the system, and an internal multi-camera
dataset(IK EOS dataset) provided by Sony, used in the later stage for the main ex-
perimental evaluation. The two datasets differ substantially in age, camera cover-
age, and annotation quality, and each required dedicated preprocessing steps before
integration into the pipeline.

3.1 APIDIS Dataset

The APIDIS dataset is a publicly available multi-camera basketball recording that
can be used in early multi-view sports analysis research. It comprises footage from
seven calibrated cameras placed around a single basketball court, as illustrated
in[3.1] Despite its suitability for multi-view basketball analysis, the dataset exhibits
two notable limitations:

¢ Limited and uneven camera coverage. Only seven viewpoints are available,
and more than 50% of the recorded segments do not contain simultaneous
footage from all seven cameras. Additionally, several segments suffer from
frame loss and prolonged black frames, where one or more views are missing
or remain unrecorded for extended periods.

* Outdated storage format. The original release stores each camera view as a
sequence of individual image frames rather than as a continuous video stream.
This format is not only incompatible with the video-based input expected by
modern action detection and vision-language models but also leads to sub-
stantial, uncompressed data volumes, rendering it computationally inefficient
for large-scale processing.
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3.1 APIDIS Dataset

Figure 3.1 Overview of the APIDIS dataset multi-view framework. The dataset captures a
full professional basketball game with a total duration of approximately 2 hours. The syn-
chronized multi-camera setup consists of 7 calibrated viewpoints (including 5 lateral per-
spective color cameras and 2 overhead fisheye cameras) recording concurrently at an average
frame rate of 22 fps and a native resolution of 1600 x 1200 pixels. The panel illustrates syn-
chronized frames across all active cameras at a single temporal anchor.

Data Preprocessing and Synchronization To address these limitations, a pre-
processing procedure was applied to convert the per-camera image sequences into
MP4 video files at the original frame rate. Segments containing black or missing
frames were either discarded or padded depending on their position relative to the
trigger times(see Section[4.2). To address these limitations, a preprocessing proce-
dure was applied to convert the per-camera image sequences into MP4 video files
at the original frame rate. To maintain strict time synchronization across multiple
views, we implemented a tiered recovery strategy for missing frames:

¢ Short Gaps (< 0.2s): Linear interpolation was employed to fill these gaps,
effectively smoothing visual transitions and preserving optical flow consis-
tency.

* Long Gaps (> 0.2s): Black frame padding was applied to keep the global
timeline intact and ensure temporal alignment across all camera streams.

Segments that remained irrecoverable relative to the trigger times were discarded.

Given the partial multi-view coverage, APIDIS was treated as an early-stage
development dataset: it was used to validate the feasibility of each pipeline stage and
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Figure 3.2 Example frames from eight camera views in the IK EOS dataset.

to demonstrate the potential of the proposed approach, rather than as a benchmark
for rigorous quantitative evaluation.

3.2 IK EOS Dataset

The Sony internal dataset, made available during the mid-to-late phase of the
project, constitutes the primary dataset for system evaluation. It consists of full
broadcast footage of a single basketball game (IK Eos Lund all-footage) recorded
across four periods (Period 1-4) by eight synchronized cameras. The cameras are
evenly partitioned into four left-half-court views and four right-half-court views,
providing dense multi-angle coverage of each play.

To better illustrate the spatial coverage and view differences in the dataset, Fig-
ure [3.2] shows example frames from eight different camera views in the IK EOS
dataset. It can be observed that different views vary significantly in camera an-
gle, occlusion, and object scale. These differences make multi-view modeling more
challenging and also highlight the importance of using information from multiple
cameras for complementary reasoning.

Manual event annotation. Although raw scoreboard and timing information ac-
companies the footage, fine-grained event annotations are largely absent in the origi-
nal data. To enable supervised evaluation of action detection and best-camera selec-
tion, all successful scoring-related in-game events—specifically including 1-point
free throws, 2-point field goals, and 3-point field goals—were manually annotated
by the authors. Non-scoring events (such as fouls, turnovers, or timeouts) were ex-
cluded from this annotation phase as they do not directly trigger scoreboard updates.
Each annotated event is represented as a structured record containing a unique iden-
tifier, start and end timestamps, the team involved, an event type description, the
period number, and the score state at the time of the event. The annotation schema
is illustrated below:
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3.2 IK EOS Dataset

{
"id": 13318658,
"startedAt": "2026-03-08T18:10:05.000000Z",
"teamName": "IK Eos Lund P11 Vit",
"description": "3 points",
"eventTypeId": 103,
"period": 4,
"currentScore": {
"home": 100,
"away": 56
3,
"endedAt": "2026-03-08T18:10:07.700000Z",
"scoreboardchanged": "2026-03-08T18:10:08.014000Z"
}

The startedAt and endedAt fields define the temporal extent of the event in
the broadcast feed, while the scoreboardchanged timestamp marks the moment at
which the score display is updated. The latter is used as the reference TriggerTime
in the pipeline, since the scoreboard change is the signal that the data acquisition
module observes in practice (Section[d.T].

Event filtering for highlight generation. Since the goal of the pipeline is to pro-
duce highlight videos rather than exhaustive game logs, the annotated events were
filtered according to standard practice in basketball highlight production. Target
events for evaluation are defined exclusively as successful two-point and three-
point field goals. One-point free-throw events are excluded from the analysis, as
such events typically involve static player positioning and limited visual intensity,
which are inconsistent with the high-energy, dynamic nature of highlight reels in
sports broadcasting[|61]]. This exclusion ensures that the generated highlights priori-
tize events with significant game-changing impact and visual appeal. After filtering,
the dataset contains 43 two-point events and 12 three-point events, yielding a total
of 55 scoring events distributed across the four periods. The event distribution is
summarized in Figure[3.3]

The IK EOS dataset thus provides the dense multi-camera coverage and reliable
event annotations required for meaningful quantitative evaluation of the action de-
tection, retrieval, and best-camera selection stages, complementing the qualitative
validation obtained on APIDIS.
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EOS Camera Dataset: Count of Scoring Events
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Figure 3.3 Distribution of annotated scoring events in the IK EOS dataset after filtering.
Two-point and three-point successful field goals are retained, while one-point free-throw
events are excluded from highlight generation.

26



4

Methodology & System
Architecture

4.1 Data Acquisition Module

The data acquisition module prepares the inputs required by the downstream stages
of the pipeline. Two pieces of information are extracted for every event of inter-
est: a temporal anchor that marks when the event occurred, and a spatial label that
identifies the half of the court where the play took place.

4.2 Trigger Time Extraction

For the IK EOS dataset, each annotated event contains a scoreboardchanged
field. These raw timestamps were originally captured by Sony’s proprietary Op-
tical Character Recognition (OCR) data acquisition system, and we subsequently
extracted them from the system logs during the manual event annotation process
(detailed in Section 3.2). Consequently, in the current implementation of our proto-
type pipeline, the trigger times adopted as the temporal index, represented as

T={n,n,....tn}, 4.1)

are technically sourced from these manually curated event metadata. This design
choice isolates the downstream action detection and view selection modules from
potential OCR detection noise, allowing for a rigorous and independent evaluation
of the core multimodal reasoning models.

To transition this research prototype into a fully autonomous, production-ready
system in practical applications, a real-time automated OCR system (such as the
one utilized in Sony’s acquisition logs) can be directly integrated into the video
ingestion pipeline. This would allow the system to dynamically detect scoreboard
changes on the fly and trigger the processing modules automatically, thereby achiev-
ing complete end-to-end automation.
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4.3 Active Half-Court Detection

To identify the active side of the court for each extracted trigger event, a spatial
heuristic based on player distribution is implemented. As reviewed in Section 2.2]
the real-time YOLOVS8 object detection model is deployed to localize player bound-
ing boxes within the main broadcast view. For each trigger time #;, the spatial co-
ordinates of detected players are evaluated against the center line of the court. The
half-court containing the majority of player detections is identified as the active
side, generating a binary spatial label:

s; € {Left,Right}. 4.2)

This lightweight spatial distribution heuristic effectively constrains the subsequent
retrieval of candidate camera views to the relevant half of the court, avoiding the
high computational complexity associated with explicit ball tracking.

4.4 Action Recognition with TSM

The action detection module adopts the Temporal Shift Module (TSM) [13] as its
discriminative backbone. TSM augments a standard 2D convolutional network with
temporal reasoning by shifting a fraction of the feature channels forward and back-
ward along the temporal axis prior to each convolution, so that information is ex-
changed between neighboring frames with no additional parameters and negligible
computational overhead. This approximates the spatio-temporal receptive field of
a 3D convolution at the cost of a 2D network, yielding the high-throughput infer-
ence required in our multi-view setting, where the detector must scan synchronized
streams as the lightweight first stage of the hierarchical data-reduction strategy.
TSM is therefore employed as an efficient discriminative baseline whose temporal
modeling is repurposed for action localization around each scoreboard trigger, in
contrast to the heavier foundation-model branch reserved for fine-grained ground-
ing.

The model is implemented using MMAction2 [62f], an open-source video un-
derstanding toolkit based on PyTorch. The toolkit provides a unified framework
for tasks such as action recognition, spatio-temporal action detection, and temporal
action localization. MMAction2 was adopted for its following characteristics:

Reference Implementations: A range of state-of-the-art video understanding
models, including TSM, is provided with reproducible training and evalu-
ation configurations, which reduces implementation overhead.

Modular Architecture: Components such as backbones, recognizers, and data
pipelines are decoupled, allowing individual modules to be customized and
reused and thereby facilitating rapid prototyping.
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Extensive Tooling: A comprehensive set of analysis utilities, including visualizers
and evaluators, is included to streamline model troubleshooting and perfor-
mance comparison.

OpenMMLab Integration: As part of the OpenMMLab ecosystem, the toolkit
follows standardized interface conventions, enabling interoperability with
other libraries and lowering the overhead of cross-module integration.

4.5 Internvideo2

4.5.1 Task Definition

The core of our automated sports highlight generation pipeline is a Moment Re-
trieval task. In this practical context, the objective of the MR task is to accu-
rately localize the exact temporal boundaries of specific sporting events within an
untrimmed video.

Formally, given an untrimmed video sequence V from our dataset, which con-
sists of T frames or video segments denoted as V = {v;,va,...,vr}, and a specific
target event Q (e.g., a predefined highlight label such as a shot), the system aims to
predict the temporal window of this event. The output is defined by a start timestamp
and an end timestamp, denoted as (Tsart, Tend )> Where 0 < Tyart < Teng < 7.

Since the pipeline processes synchronized multi-angle camera feeds, the pri-
mary goal of this task is to analyze these synchronized visual inputs and accurately
output the (Tstart, Tend) boundaries. These predicted boundaries are then directly used
to clip the continuous video streams into short, distinct highlight segments.

4.5.2 Overall Framework

The proposed automated highlight generation pipeline is designed as a three-
stage architecture: independent feature extraction, cross-modal fusion, and temporal
boundary prediction.

First, to ensure computational efficiency, the system extracts modality-specific
features offline. The raw video stream and the natural language query are processed
independently using a pre-trained InternVideo2 encoder. This yields separate spatio-
temporal video features and a distinct semantic text vector, with no early interaction
between the two modalities.

Second, these independent features are fed into the CG-DETR network for
cross-modal fusion. To retain absolute temporal context, the video sequence is
augmented with temporal positional embeddings. Specifically, a set of sinusoidal
(sine/cosine) positional vectors is generated based on the time index of each video
clip. These position vectors are then directly added (element-wise) to the corre-
sponding multimodal video features extracted by InternVideo2. By doing so, the
absolute chronological order is explicitly injected into the video sequence, enabling
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Figure 4.1 The proposed framework for the video grounding task

the subsequent CG-DETR layers to perceive the continuous flow of time and ef-
fectively capture long-range temporal dependencies in fast-paced basketball games.
A text-to-video cross-attention mechanism is then applied, where the text feature
serves as the Query (Q) and the video features act as the Key (K) and Value (V).
This allows the network to dynamically extract a text-aware video representation.
Finally, the fused context is processed by an anchor-free temporal grounding
head. Using a small set of learnable queries, the decoder directly regresses the tem-
poral boundaries alongside an associated confidence score. The model outputs a
center-width pair that is mapped to the final (Tstart, Tend) timestamps, and the win-
dow with the highest confidence is selected to execute the actual video clipping.

4.5.3 Visual Feature Extraction

To preserve the temporal structure of long untrimmed videos while maintaining
computational efficiency, we adopt a clip-based video representation strategy. Given
an input video window, the video is uniformly divided into L non-overlapping clips,
where each clip corresponds to a short temporal segment of the original video.

For each clip, a fixed number of frames are uniformly sampled along the tem-
poral dimension and resized to a unified spatial resolution before being fed into the
video encoder. The number of sampled frames is selected as a trade-off between
temporal modeling capability and computational cost.

We employ the video encoder from InternVideo2[14]], which is built upon a
Video Transformer architecture for joint spatio-temporal representation learning.
Spatially, each frame is decomposed into patch embeddings to capture local vi-
sual patterns. Temporally, self-attention mechanisms are utilized to model motion
dynamics and long-range dependencies across frames. The encoder aggregates the
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spatio-temporal information within each clip into a compact D-dimensional feature
vector.

After feature extraction, the representations of all clips are stacked sequentially
to form a video feature matrix:

V= [vthv'“avL] GRLXDv

where each feature vector v; corresponds to a specific temporal position in the
video. This sequential representation preserves the temporal structure of the orig-
inal video and serves as the visual input for the subsequent CG-DETR grounding
module.

4.5.4 Textual Feature Encoding

To maintain semantic consistency during training and inference, we adopt a closed-
vocabulary query design. Specifically, textual queries are constructed from a prede-
fined template set describing basketball-related actions and scoring events. During
dataset preparation, each annotated event is assigned to one corresponding query
template. The same fixed query set is used throughout both training and inference.

The textual encoder of InternVideo2 is employed to extract semantic represen-
tations from input queries. The encoder is built upon a Transformer architecture,
where the input sentence is first tokenized and then processed through multiple lay-
ers of self-attention for contextual semantic modeling.

After encoding, the token-level features are aggregated through a pooling oper-
ation to obtain a compact D-dimensional sentence representation:

geRYP,

The dimensionality of the textual representation is identical to that of the vi-
sual features, as InternVideo2 aligns video and text representations into a shared
embedding space through contrastive video-text pretraining.

To improve computational efficiency, textual features are extracted and cached
offline before training begins. During both training and inference, the precomputed
query embeddings are directly loaded without repeated encoding.

Unlike token-level sequence representations commonly used in large language
models, the textual encoder outputs a single pooled semantic vector instead of a
token sequence. This compact query representation serves as the query embedding
for the subsequent cross-modal grounding module in CG-DETR.

4.5.5 Encoder-Decoder Architecture

The extracted visual and textual feature are processed by the encoder-decoder archi-
tecture of CG-DETR for multimodal temporal reasoning and moment localization.
Given the video feature sequence

V= [V17V27-..,VL] ERLXDv
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and the textual representation

qER]XD

the encoder first performs temporal context modeling and text-guided feature
fusion, followed by moment prediction in the decoder.

Encoder. The encoder receives the video feature sequence extracted by Intern-
Video2 together with the textual query embedding. The video representations first
undergo self-attention-based temporal modeling, where each clip attends to all other
clips in the sequence to capture long-range temporal dependencies and contextual
relationships across the video.

To explicitly encode temporal positional information, Temporal Endpoint Fea-
tures (TEF) are incorporated into the video representation. For a video segmented
into a sequence of T clips, the TEF for the i-th clip is defined as a two-dimensional
vector t; = [s;,e;] € R?, where s; and ¢; denote the normalized start and end time
ratios within the range [0, 1], respectively. These positional features are projected
via a linear layer and then concatenated to the respective visual feature v; € R” ex-
tracted by the backbone network. The enhanced clip representation V; is formulated
as:

¥; = [vi ; Linear(t;)] (4.3)
By providing the exact normalized boundaries along the video timeline, TEF effec-
tively compensates for the limited sensitivity of vanilla Transformer architectures
to absolute temporal locations, thereby facilitating more precise temporal boundary
regression in downstream tasks.

After temporal modeling, cross-attention is applied for text-guided feature inter-
action. Specifically, the textual representation serves as the query, while the video
feature sequence acts as the key and value:

Q=VeRMXP, (4.4)
K=qgeRMP, (4.5)
Vi=qeR™P, (4.6)

where Vj is introduced to distinguish the attention value from the baseline video
representations.

Through this operation, the textual query performs semantic retrieval over the
video sequence, assigning higher attention weights to clips that are more relevant to
the query semantics. The encoder finally outputs text-aware video representations:

F e REXD,

Each position in the fused sequence simultaneously encodes temporal visual
dynamics and query-guided semantic information, which are then passed to the de-
coder for temporal localization.
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Decoder. The decoder takes the encoder output together with N learned moment
queries for temporal localization. These moment queries are randomly initialized
learnable embeddings that are progressively optimized during training.

Within each decoder layer, self-attention is first applied among the moment
queries, enabling different queries to interact with each other and distribute them-
selves across diverse temporal candidates. This mechanism helps reduce redundant
predictions and encourages coverage of different potential moments.

Subsequently, cross-attention is performed between the moment queries and the
encoder output representations. Each query retrieves the most relevant temporal
context from the text-aware video features, enabling query-guided temporal local-
ization.

After attention interaction, a feed-forward network (FFN) is applied to each
query for nonlinear feature transformation and refinement.

After multiple decoding layers, each moment query predicts one candidate tem-
poral segment together with its confidence score:

Vi = [ts,te, ],

where ¢; and 7, denote the predicted start and end timestamps, and ¢ represents
the confidence score.

Finally, all candidate predictions are ranked according to their confidence
scores, and the top-ranked prediction is selected as the final grounding result.

45.6 Loss

To optimize temporal localization and enhance cross-modal representation learning,
the framework is trained end-to-end using a joint objective function. The overall
training 1oss Lot is formulated as a weighted combination of four distinct compo-
nents: Span Regression loss, Generalized IoU loss, Classification loss, and Orthog-
onality regularization:

o%iotal = A«span-i’ivpan + Agiou«é/ﬂgiou + /llabel o%abel + A'orthos/porthogonal_dummy (47)

where Agpan, Agious Maver, and Aoy are the scaling coefficients for their respective
loss terms and matching costs [54]]. The detailed formulation and intuition of each
component are described below:

* Span Regression Loss (Zpan). This loss is implemented as an L regression
loss on the predicted temporal span parameters, including the center coordi-
nate and duration of the target moment. It encourages the model to accurately
regress the temporal boundaries of the action segment:

ZLipan = [[€ = c[l1 + |7 —wl]x (4.8)
where (c,w) and (¢,w) denote the ground-truth and predicted center-width

representations, respectively.
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34

* Generalized IoU Loss (-Zgjou)- To further improve temporal boundary align-

ment, the model adopts a Generalized Intersection-over-Union (GIoU) loss
[63] between the predicted and ground-truth temporal spans. Compared with
pure regression losses, GIoU directly optimizes the quality of temporal over-
lap and effectively alleviates boundary ambiguity. Specifically, for a predicted
temporal span [§,é] and the corresponding ground-truth span [s, e], the loss is
formulated as:

I = max(0,min(é,e) — max(§7 s)) 4.9)
U=(é—-35)+(e—s)— (4.10)
IoU=1/U (4.11)
C =max(é,e) —min(§, s) 4.12)
GloU = IoU — (C—U)/C (4.13)
ZLyiow = 1 —GIoU (4.14)

where / and U represent the intersection and union of the intervals, respec-
tively, and C denotes the length of the smallest enclosing interval.

Classification Loss (:Aapel)- A cross-entropy classification loss is applied to
distinguish foreground moments from background segments. This loss super-
vises the model to correctly identify whether a temporal proposal corresponds
to the target action described in the query. Since the basketball videos are cap-
tured from relatively fixed viewpoints with limited background variation, this
loss can effectively enhance foreground-background discrimination. The bi-
nary cross-entropy loss over N total predicted queries (including positive and
negative samples after matching) is defined as:

N
Label = — Z yilog pi + (1 —yi)log(1 — p;)] (4.15)

l=1

where p; is the predicted foreground probability for the i-th query, and
yi € {0, 1} represents the ground-truth label. For an ambiguous prediction slot
that spans both action and background, its target assignment y; is strictly bi-
narized to either O or 1. The classification loss heavily penalizes the resulting
underconfident or false-positive probability p;, thereby pushing the network
to separate the mixed features and improve classification accuracy.

Orthogonality Loss (Zrthogonal_dummy)- Following the CG-DETR design,
the textual query is augmented with a set of learnable dummy tokens alongside
the content tokens that carry the actual query semantics. The dummy tokens
act as attention absorbers: video clips with no relevant textual correspondence
can attend to them instead of being forced to align with the content tokens,
which suppresses spurious query—frame matches on irrelevant background.



4.6 Intelligent Best-Cam Selection via VLMs

An orthogonality regularization term is then imposed between the dummy
tokens and content tokens. This constraint encourages the dummy tokens to
capture complementary information while minimizing feature redundancy in
the learned multi-modal representations. Formally, the text query is decom-
posed into K sub-query vectors q, ..., qx, forming a matrix Q € R€*¢ where
each row is Ly normalized. To prevent information redundancy among sub-
queries, the loss is computed as:

fonhogonalfdummy = HQQT - I||12V (4.16)

where Q denotes the Ly-normalized sub-query matrix, I is the identity matrix,
and || - || represents the Frobenius norm. This loss penalizes non-orthogonal
sub-queries and reaches 0 when they are perfectly mutually orthogonal.

4.6 Intelligent Best-Cam Selection via VLMs

4.6.1 Task Formulation

Given a set of multi-camera video streams {C},C,...,Cy} and a target basketball
event defined by a temporal interval (T, T, ), the goal is to automatically select the
most informative camera view that best captures the event. We formulate this task
as a view ranking problem, where each camera provides a candidate visual repre-
sentation of the same event. The optimal view is selected based on both semantic
relevance and visual quality.

4.6.2 Candidate View Construction

For each camera, we construct a compact representation of the event by sampling a
small number of representative frames within the temporal interval (7, T,).

These sampled frames serve as a summary of the visual content observed from
each viewpoint during the event. Instead of processing full video sequences, we
use these frames to efficiently represent each camera view while preserving key
semantic information such as player position, ball location, and action context.

Each camera is thus treated as a candidate view for subsequent ranking.

We further organize all sampled frames from different cameras into a single
multimodal input, and jointly provide them to a Vision-Language Model (VLM),
enabling unified cross-view reasoning within a single inference pass.

4.6.3 Vision-Language Model based View Ranking

Once the relevant half-court has been identified by the side-classification stage (Sec-
tion[4.3), the set of candidate cameras is restricted to those covering that half-court.
A Vision-Language Model (VLM), namely Qwen2.5-VL, is then employed to per-
form semantic ranking over these candidate views.
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For each candidate camera, a single representative frame is sampled at the tem-
poral midpoint of the target event window. To guarantee that all cameras are sam-
pled at the same real-world instant, the frame index of each camera is derived from
the period start time together with its leading-frame offset, thereby compensating for
the differing recording start points across devices. The sampled frames are down-
scaled with their aspect ratio preserved and JPEG-compressed to limit the input
payload.

The resulting frames are assembled into a single multi-image prompt and sub-
mitted to the model in one request, with each image labelled by its camera index.
The model is instructed to rank the cameras by their suitability for capturing the
complete shooting action, according to the following criteria:

* Visibility and scale of the players and ball, such that action details remain
discernible;

 Spatial proximity to the half-court where the shot occurs, penalising distant
views from the opposite half;

* Clarity of the action, free from motion blur, under-exposure, occlusion, or
signal loss;

* Absence of severe geometric distortion, such as overhead fisheye perspectives
that obscure player movement.

Rather than relying on handcrafted heuristics or explicit geometric rules, the
VLM performs high-level semantic reasoning jointly over all candidate views and
outputs an ordered ranking of camera indices from the most to the least informative.

4.6.4 Best View Selection

The ranking returned by the VLM is parsed into a per-camera ordering, and any
candidate camera omitted from the model output is assigned the lowest priority.
The top-ranked camera is then selected as the primary view for the event. This
selected view is used as the principal perspective for downstream tasks such as
event understanding, temporal grounding, and highlight generation.

4.7 Desigh Methodology for the Pipeline Visualization
Interface

To provide a comprehensive environment for validating the autonomous sports
production pipeline, a specialized visualization interface was conceptualized. The
primary goal of this interface is to facilitate system observability, allowing
the researcher to monitor how the multimodal data-reduction strategy and the
InternVideo2-driven grounding engine operate in a real-world multi-view context.
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4.7 Design Methodology for the Pipeline Visualization Interface

4.7.1 Information Architecture and Layout Logic

The interface is designed as a centralized "Control Tower," structured to provide a
multi-dimensional view of the pipeline’s internal state. The information architecture
is partitioned into four primary zones:

1. System Control and Telemetry Zone: This area provides high-level admin-
istrative controls and real-time hardware monitoring. By visualizing GPU uti-
lization and VRAM occupancy, the interface allows for the empirical assess-
ment of the pipeline’s computational cost—a core research objective.

2. Multi-View Matrix: The core visual component is a synchronized grid capa-
ble of displaying up to eight concurrent camera feeds. This layout is critical
for verifying spatial consistency across the court and analyzing how the sys-
tem handles occlusions through viewpoint complementarity.

3. Decision and Heuristic Overlay: This zone visualizes the output of the hi-
erarchical reduction logic. Specifically, it indicates which half of the court is
identified as "active" via the YOLO-based side gate and highlights the "Best
Camera" candidate proposed by the Vision-Language Model.

4. Temporal Grounding and Log Stream: A synchronized command console
and timeline provide a detailed audit trail of every system event. This in-
cludes trigger timestamps, InternVideo2 saliency scores, and the final pre-
dicted grounding intervals.

4.7.2 Synchronization Paradigm for Multi-Angle Verification

A key methodological requirement of the interface is the implementation of a Uni-
fied Temporal Anchor. To accurately evaluate temporal grounding, the interface
must ensure that all video feeds and algorithmic outputs (saliency curves and bound-
ing boxes) are perfectly aligned. This design allows for "Synchronized Scrubbing,"
where an evaluator can move through the match history and see the simultaneous
state of all cameras alongside the model’s confidence scores at any given frame.

4.7.3 Human-Centric Evaluation Framework

The interface serves as the primary tool for the "human-in-the-loop" validation
phase. It is architected to support subjective scoring protocols, where expert viewers
can compare the VLM-selected "Best-Cam" against alternative views. By providing
a standardized environment for this qualitative assessment, the interface transforms
subjective aesthetic judgment into quantifiable data that can be used to benchmark
the system’s directing logic.
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Implementation

The practical implementation details of our proposed basketball highlight genera-
tion pipeline are elaborated in this chapter. Rather than presenting isolated algo-
rithms, each module is implemented to seamlessly fit into the end-to-end synchro-
nized workflow conceptually outlined in Figure[I.T|(see Section[I.3). The following
subsections specify the software architecture, the specific execution frameworks for
TSM and InternVideo2, and the deep-learning-based decision-making process for
camera selection.

5.1 System Overview

The system is designed as a modular pipeline that transforms multi-camera broad-
cast footage of basketball games into a concise highlight reel without manual in-
tervention. As illustrated in Figure [I.1] the pipeline is composed of five sequential
stages, each addressing a well-defined sub-problem.

The pipeline begins with scoreboard change detection, which monitors the
score display in the broadcast feed and records a list of TriggerTime events when-
ever the score changes. Each trigger time marks a candidate moment of interest
(e.g., a successful shot) and serves as a temporal anchor for subsequent processing.
A complementary active half-court detection step, based on YOLOVS, determines
whether the scoring action occurred on the left or right half of the court, which
constrains the camera views considered in later stages.

In the second stage, action detection is performed around each trigger time
using two state-of-the-art video understanding models, TSM(MMAction2) [|13}62]]
and InternVideo2 [[14]], executed in parallel for comparison. Each model produces a
set of action time intervals labelled with categories such as goal.

The third stage, multi-angle clip retrieval, uses the detected action intervals
together with the active half-court detection result to extract synchronized clips from
all relevant half-court camera views. For each action, a collection of candidate clips
covering the event from multiple perspectives is produced.
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In the fourth stage, cross-model best-camera selection feeds the retrieved
multi-angle clips into the Qwen 2.5-VL 7B vision-language model [|64]], which eval-
uates the clips and selects the most informative camera angle for each action. This
stage exploits the complementary outputs of the two action detectors and resolves
disagreements by deferring to the visual judgement of the VLM.

Finally, the post-processing stage extracts the selected best-camera clip for each
event, cut directly to the temporal boundaries predicted by the grounding stage.

5.2 Dataset Processing

5.2.1 Missing Frame Issue in APIDIS Dataset

During the utilization of the APIDIS dataset, we accounted for the frame-drop issues
documented in the initial video acquisition. According to the official report regard-
ing the initial video acquisition of the APIDIS dataset, the criteria, prevalence, and
underlying causes of the frame-drop issues are summarized as follows:

* Detection Criterion: The baseline frame rate of the videos ranges between
22 and 23 frames per second (FPS), yielding a normal inter-frame delay of
approximately 0.045 seconds. A frame-drop event is formally identified when
the delay between two consecutive frames exceeds three times this normal
threshold.

e Prevalence and Severity: Frame dropping is a ubiquitous phenomenon
rather than an isolated incident, persistently occurring across all cameras
throughout the four quarters of the match. However, the severity varies sig-
nificantly among devices. Cameras 2, 3, and 4 exhibit the poorest reliability,
frequently suffering from severe delays exceeding 20 seconds. In contrast,
Camera 5 demonstrates the highest stability with the lowest frame-drop fre-
quency.

* Causal Analysis: The pervasive nature of this issue across all time periods
(Quarters 1-4) indicates a systemic flaw inherent to the recording equipment
or the capture environment. Furthermore, the distinct discrepancy in frame-
drop frequencies among different cameras points to device-specific hardware
instability, particularly pronounced in Cameras 2, 3, and 4.

The distribution of black frames across the 7 cameras is shown in the Figure[5.1}
red part represents the black frames part.

5.2.2 Processing Strategy

As previously established in Section the source videos suffer from frame-drop
anomalies and severe flickering. To maintain strict temporal synchronization across
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Occurrence Time and Duration of Black Frames (Gaps) per Camera
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Figure 5.1 Black Frames Distribution

all camera views, we apply the identical dual-tier frame restoration strategy (com-
prising linear interpolation and black frame padding) detailed in the prior section.

While this processing protocol effectively alleviates temporary data loss, the
extended informational voids caused by long gaps remain fundamentally irrecover-
able. Therefore, to ensure a fair and rigorous evaluation, all video segments con-
taining long gaps are excluded from the final testing dataset. This filtering step
guarantees that the model performance is benchmarked exclusively on temporally
continuous and reliable video sequences.

5.3 TSM(MMaction2)-based Grounding

The Temporal Shift Module (TSM) [13] with a ResNet-50 backbone serves as the
baseline discriminative model for temporal action grounding. To implement a zero-
shot, training-free comparison framework, an off-the-shelf TSM model pre-trained
on the Kinetics-400 (K400) dataset is utilized. Rather than fine-tuning a ded-
icated binary classifier, the pipeline repurposes the pre-trained action recognition
capabilities of the network by extracting frame-level probabilities for basketball-
related classes within the K400 label space, specifically targeting actions such as
shooting basketball, dunking basketball, playing basketball, and dribbling basket-
ball.

Notably, this baseline model is employed solely to demonstrate the feasibility
of the proposed pipeline, and further specific performance optimization is beyond
the scope of this work.

5.3.1 Temporal Synchronization and Event Triggering

The temporal grounding pipeline operates strictly on localized search windows ini-
tiated by scoreboard trigger events, avoiding continuous dense inference over the
entire broadcast stream. Upon receiving an absolute UTC timestamp of a score-
board change, tcoreboard, the corresponding relative trigger time in seconds for the
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selected camera stream, fyjgger, cam» 1 computed as:

Ttrigger, cam = Iscoreboard — start, cam (5.1)

where fgrt, cam denotes the absolute UTC start time of the selected camera video
stream.

The temporal search range is defined as a fixed 10-second window preceding
the trigger point:

Tsearch = [ttrigger, cam — Atatlrigger, cam] (5~2)

where the prediction window At is set to 10.0seconds.

5.3.2 Per-window scoring and peak-based segment selection

Within the search window Ticarch = [firigger — A, tirigger | (A = 1055), the off-the-shelf
TSM (ResNet-50, Kinetics-400) is applied in a sliding-window manner: each win-
dow spans 2.0s and is advanced by a stride of 0.1s, and 8 frames are uniformly
sampled per window. The 400-dimensional class logits are converted to probabili-
ties by a softmax, and the per-window basketball score p(¢) is the sum of the prob-
abilities of the basketball-related Kinetics-400 classes {shooting basketball (296),
dribbling basketball (99), dunking basketball (107), throwing (357)}.

The score sequence is Gaussian-smoothed (o = 1.5) and an adaptive level
0 = u+ko (k=0.3) is computed, where U, o are the mean and standard deviation
of the smoothed scores in the window. Instead of thresholding the curve into con-
tiguous proposals, a single segment is selected: (i) local maxima are detected with a
minimum separation of 2's; (ii) each peak is ranked by p(r)/(1+ |t — firigger|/3).
i.e. its score discounted by temporal distance to the trigger, and the top-ranked
peak t* is kept; (iii) the segment is grown outward from #* while the score exceeds
max (6, 0.70 p(¢*)), with the window-centre boundaries extended by 0.75 s on each
side; and (iv) the duration is hard-capped at 5 s, re-centring on ¢* if exceeded. This
produces exactly one predicted segment (Tsart, Tend) per event. A trigger-anchored
window of length Ar serves only as a safety fallback when no window can be scored;
in practice the peak selector almost always returns a segment, so this fallback is
rarely exercised on the test split.

5.3.3 Hardware and Experimental Setup

All experiments in this Section were conducted on an HP ZBook Power 15.6 inch
G9 Mobile Workstation PC. The system configuration comprises a 12th Gen Intel
Core 17-12700H processor, 32 GB of system memory, and an Intel Iris Xe Graphics
(ADL GT?2) processing unit, running on Ubuntu 24.04.4 LTS under a 64-bit Way-
land windowing environment.
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5.4 InternVideo2-based Grounding

In our pipeline, InternVideo?2 [[14f] is adopted as the foundational vision-language
backbone, whose core MLLM architecture and pre-training capabilities have been
detailed in Section [2.3.3] Here, we leverage its powerful video-text alignment and
fine-grained spatiotemporal perception to extract rich multi-modal feature represen-
tations from the multi-angle basketball videos. These high-fidelity features serve
as the direct input for the subsequent temporal action localization and correlation-
guided detection stages.

5.4.1 Data Preparation

Since the original competition videos are extremely long, directly feeding them into

the model is impractical. We utilize the precise event trigger timestamps provided

by the dataset to extract local video segments using a sliding window approach.
The video extraction and segmentation process is structured as follows:

* Window Construction: Considering that basketball actions (e.g., jumping
for a shot, ball in flight, and making the basket) typically occur before the
scoreboard updates, we use the trigger time as a reference point. We extract
10 seconds before the trigger to construct a time window with a total length
of 10 seconds:

Window = [[trigger - 107ttrigger]

* Clip Segmentation: Subsequently, we uniformly divide this 10-second win-
dow into 33 video clips, each 0.3 seconds long.

* Supervision Signal Generation: We then record the specific clips containing
the actual actions based on the annotation information in the file, which serves
as the supervision signal for subsequent training.

5.4.2 Extraction based on InternVideo2

To mitigate the GPU memory overhead of the 1B-parameter model, we freeze the
weights of InternVideo2 and utilize it solely as an offline feature extractor to pre-
extract multimodal features.

* Video Feature Extraction: For each 0.3-second clip generated from the pre-
vious step, we uniformly sample 4 frames and feed them into the visual en-
coder of InternVideo2. Each clip is encoded into a 512-dimensional vector.
Consequently, a complete 10-second video window is represented by a fea-
ture matrix of shape (33,512).

* Text Feature Extraction: Simultaneously, we design specific natural lan-
guage queries for different action categories to provide precise semantic guid-
ance. The exact text queries are defined as follows:
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Action Category Text Query

Standard scoring (e.g., two-point shot) | “basketball player shooting and scoring”

Three-point shot “three point shot basketball”

Table 5.1 Natural language queries for different action categories.

These class-specific text descriptions are processed by the InternVideo2 text
encoder to output a semantic feature vector of shape (1,512).

During its pre-training phase, InternVideo2 has already aligned these two
modalities into a unified semantic space. Finally, we serialize and save these ex-
tracted features as PyTorch tensor files (.pt) to decouple the feature extraction
stage from the downstream model training process.

5.4.3 Downstream Temporal Grounding Network: CG-DETR

After extracting the features, rather than simply relying on feature similarity rank-
ing, we introduce CG-DETR, a Transformer-based regression model, to serve as the
downstream temporal grounding network. This piece of code is also included in the
open-source code of InternVideo2.

Unlike the InternVideo?2 feature extractor whose weights are completely frozen,
this downstream CG-DETR network is specifically trained in our study using the
dataset from Sony.

* Cross-Modal Encoder: We concatenate the (33,512) video features (which
include temporal positional encodings) with the (1,512) text features, and
feed them into a 2-layer Transformer encoder. The self-attention mechanism
facilitates deep contextual interaction between the visual and linguistic fea-
tures across the global receptive field.

* Query Decoder and Boundary Regression: We utilize a 2-layer Trans-
former decoder initialized with 5 learnable queries, which act as “candidate
detectors”. During the decoding process, each detector uses cross-attention
to search for the target within the cross-modal features. Ultimately, it outputs
a pair of normalized values: the temporal center coordinate (center) and the
temporal duration (width). Through this regression mechanism, the model
directly predicts continuous time boundaries.

Loss Functions. Regarding the loss scaling factors in Eq. we retained the de-
fault configuration provided in the official InternVideo CG-DETR implementation
to ensure stable convergence. Specifically, the loss weights were set to Agpe, = 10
and A;pe; = 4 to emphasize precise boundary regression and robust foreground dis-
crimination, while the weights for the remaining components (lg,-(m and A,,4,) were
kept at their default value of 1.
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5.4.4 Implementation Details

All model training and inference in Section were conducted on a machine
equipped with an NVIDIA GeForce RTX 5060 (§GB VRAM).

5.5 Best Camera Selection

The system takes synchronized multi-camera video streams and event timestamps
as input, and outputs the selected best camera view for each event.

Frame Sampling and Preprocessing. For each camera, we extract frames
within the event interval and uniformly sample a fixed number of representative
frames. In all experiments, we set the number of sampled frames per camera to
N =1 to balance efficiency and performance.

To reduce communication cost with the Vision-Language Model, all frames are
resized to 480 x 270 resolution and compressed using JPEG encoding with quality
factor 50.

Multi-camera Inference. All sampled frames from different cameras are ag-
gregated into a single multimodal input and sent to the Vision-Language Model in
a single inference pass. Instead of relying on tedious pairwise scoring, this design
forces the model to perform a joint comparison across all available camera views
simultaneously, effectively compelling it to select the single best perspective.

Vision-Language Model Configuration The Qwen2.5-VL-7B architecture is
adopted as the primary backbone Vision-Language Model for the automated view
selection module. Renowned for native spatiotemporal understanding and the abil-
ity to process dynamic high-resolution visual sequences, Qwen2.5-VL-7B serves as
the decision-making core of the pipeline. In the practical implementation, the VLM
is configured with a temperature of 0.001 and a top-p value of 0.9 to suppress hallu-
cinations and ensure stable, deterministic ranking decisions. To optimize hardware
efficiency and comply with local workstation constraints, the model is deployed
using INT4 quantization. This setup significantly minimizes the VRAM footprint
while preserving rich spatial-semantic reasoning capabilities.

Output Generation The final selected view is the top-ranked camera predicted
by the VLM. The system outputs both the corresponding video file and the camera
identifier, which are used for downstream event analysis.

5.6 Implementation of the Visualization System

The visualization system is realized through a decoupled full-stack architecture, in-
tegrating a high-performance Python backend with a reactive web frontend. This
implementation serves as the operational core of the research, bridging the gap be-
tween heavy Al inference and real-time human observation.
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Highlight System 1

Detected Actions Multi-View Matrix

Figure 5.2 The user interface (UI) dashboard of our automated highlight clipping system.
The interface is optimized for real-time multi-angle streaming, featuring an execution console
(right), an indexed event archive (left), and a multi-view synchronization player (center) that
emphasizes the optimal camera view.

5.6.1 User Interface and Workflow Demonstration

To facilitate real-time monitoring and interactive verification, we developed a com-
prehensive control center interface for the highlight clipping system. As illustrated
in Fig.[5.2} the Ul is split into three functional areas that intuitively visualize the
operational pipeline:

¢ Console Log (Right Panel): When the automated clipping process initiates,
this panel displays real-time execution logs, showcasing pipeline activities
such as YOLO side-gate temporal localization, CG-DETR grounding log, and
video frame extraction timestamps.

* Detected Actions (Left Panel): Once an event detection and clipping se-
quence completes, the successfully processed highlights are archived chrono-
logically as actionable list items on the left. Each entry provides atomic meta-
data including event type (e.g., 2-point shot), detection confidence, and a
unique event hash.

* Multi-View Video Player (Center Panel): Clicking on any recorded event
from the left panel dynamically populates the central viewing matrix with the
corresponding synchronized footage. This player is subdivided into two tiers:

— Upper Tier (Multi-View Matrix): Simultaneously streams synchronized
clips across all 8 peripheral camera angles, labeled with distinct device
IDs to ensure full-court coverage verification.
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— Lower Tier (Final Cut Preview): Automatically highlights and enlarges
the dynamic stream from the designated "Best Camera" (e.g., Camera
5AFD80), offering an optimized, broadcast-ready viewpoint of the spe-
cific moment.

5.6.2 Asynchronous Backend Orchestration

The backend is implemented as an asynchronous service designed to manage high-
latency Al tasks without compromising system responsiveness. To ensure fluid op-
eration, the system employs a non-blocking orchestration strategy:

* Decoupled Execution: Complex pipeline operations, including foundational
model reasoning and video clipping, are offloaded to a dedicated sequential
execution pool. This prevents the inference heavy-lift from interrupting the
delivery of real-time telemetry data.

* Dynamic Temporal Mapping: The system implements a frame-accurate re-
trieval mechanism that maps absolute UTC trigger points to camera-relative
timestamps. By performing random-access sampling directly on multi-angle
raw footage, the backend generates synchronized frame previews in mem-
ory, minimizing I/O overhead while ensuring spatial consistency across the
multi-view matrix.

5.6.3 Real-time Telemetry and WebSocket Integration

To provide the system observability required for cost-efficiency analysis, a bidirec-
tional communication channel is established between the server and the interface.

* Live Hardware Monitoring: The system utilizes a background telemetry
loop that queries hardware-level device properties, including VRAM occu-
pancy and GPU utilization. This data is broadcasted to the interface via
a persistent socket connection, allowing for the empirical validation of the
pipeline’s computational footprint in real-time.

¢ Asynchronous Audit Trail: Every internal state transition—from initial
event detection to successful grounding—is serialized and pushed through
the data stream. This creates a live console that provides the researcher with
immediate feedback on pipeline progress and potential grounding drift.

5.6.4 Reactive Frontend Architecture and Synchronization

The frontend interface is architected using a modern reactive paradigm, focusing on
maintaining a single source of truth for the multi-camera environment.

¢ Centralized State Orchestration: A global state provider manages the com-
plex metadata associated with each sporting event. This includes temporal
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boundaries, grounding confidence scores, and camera configurations. By cen-
tralizing these parameters, the system ensures that any update—such as a
user-triggered temporal seek—is propagated to all active camera components
simultaneously.

* Hierarchical Visualization and Selective Rendering: To optimize cognitive
ergonomics, the interface dynamically adjusts the visual priority of the cam-
era grid. Views are programmatically styled based on heuristic labels (e.g.,
active vs. inactive half-court), while the primary viewing area is reserved for
the model-selected optimal angle, facilitating rapid expert verification.

5.6.5 Synchronized Interactivity for Expert Validation

The implementation supports high-precision manual auditing through a synchro-
nized scrubbing mechanism. Interacting with the global controller triggers a unified
temporal update across the entire multi-camera array. This ensures that the human
evaluator can verify the presence of an action or the occurrence of an occlusion
across all 8 perspectives at the exact same millisecond, fulfilling the methodologi-
cal requirement for a robust human-in-the-loop evaluation.
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Evaluation and Results

6.1 Results on TSM(MMAction2) Model with APIDIS
Dataset

To establish a structural baseline for the pipeline, initial experiments were con-
ducted on the APIDIS basketball dataset. The primary objective of this phase was
to verify the feasibility of the "trigger-to-grounding" workflow rather than optimiz-
ing for recognition accuracy on this specific domain.

For this evaluation, the Temporal Shift Module (TSM) implementation within
the TSM(MMAction2) framework was utilized. Crucially, the model used was the
original pre-trained version without any domain-specific fine-tuning or training
on basketball-specific data. This "off-the-shelf" approach was selected to identify
the performance floor of traditional discriminative models when tasked with action
spotting in a multi-view environment.

To assess the system’s performance, we focused on three custom metrics in
addition to the standard Recall (R@0.3 and R@0.5): Precision, Total Predictions
(Preds), and F1-Score.

* Recall@lIoU (R@0): A standard metric in temporal action localization that
evaluates the system’s coverage of actual events. A ground truth segment is
successfully recalled if there exists a predicted segment with a Temporal In-
tersection over Union (tloU) greater than or equal to a designated threshold
0 (e.g., 6 =0.3). It balances the positioning accuracy of the temporal bound-
aries with the overall detection rate.

¢ Precision: Unlike standard IoU evaluations, we defined Precision based on
a strict temporal inclusion check. A predicted segment [pyqrr, Pena] 1S con-
sidered a valid hit only if it falls entirely within the ground truth interval
[8%start» 8tena), allowing for a slight temporal tolerance of 0.1 seconds:

Dstart = 8tstarr — 0.1 and  peg < gleng +0.1 (6.1)
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While Recall measures whether an event was found at all, this strict Preci-
sion metric evaluates whether the pipeline avoids false positives and generates
clean, tightly bound clips without over-reporting.

* Total Predictions (Preds): This tracks the overall count of highlight seg-
ments generated by the system. In our evaluation code, a grid search strategy
filters multiple overlapping candidates and retains only the latest valid seg-
ment per event. As a result, the total number of predictions roughly equals
the total number of actual events, unless the model fails to detect an event
entirely.

¢ F1-Score: Calculated as the harmonic mean of Recall@0.3 and Precision:

_ 2-R@0.3 - Precision

Fl1= 2
R@0.3 + Precision 6.2)

We utilized the F1-Score as the primary metric to rank different parameter
configurations on our leaderboard. It provides a balanced assessment of the
system’s ability to find the highlights (Recall) against its ability to keep the
extractions accurate (Precision).

The performance of the TSM-based grounding module was evaluated under var-
ious hyperparameter configurations. Table [6.T|summarizes the performance metrics
on the APIDIS dataset.

Table 6.1 Grounding performance of the original TSM(MMAction2) model on the APIDIS
dataset across different parameter configurations.

Configuration  Recall@0.3 Recall@0.5 Precision F1-Score Preds

k-0.5 / stride 0.1 58.0% 20.0% 40.3% 47.5% 72
k-1.0/ stride 0.1 54.0% 18.0% 40.3% 46.2% 67
k-1.0/ stride 0.2 54.0% 26.0% 39.7% 45.8% 68
k-0.5 / stride 0.2 54.0% 16.0% 38.0% 44.6% 71
k-0.3 / stride 0.1 54.0% 16.0% 36.0% 43.2% 75
k-0.3 / stride 0.2 52.0% 18.0% 36.6% 43.0% 71
k-0.5 / stride 0.3 50.0% 22.0% 35.7% 41.7% 70

The baseline hyperparameter configurations and search grids results for the
TSM(MMaction2) model tested on APIDIS dataset are summarized in Table [6.1]
To establish a rigorous mathematical foundation for the event boundary detection
algorithm, two key parameters are defined: the dynamic threshold multiplier £ and
the normalized sliding window stride ratio stride.

The parameter k represents the scaling coefficient of the standard deviation in
the dynamic thresholding formula. To filter high-confidence action proposals from
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the background noise, an adaptive event-triggering threshold 6 is formulated as:
0=u+k-o, (6.3)

where y and o denote the temporal mean and the standard deviation of the
smoothed classification score sequence within the 10-second detection window, re-
spectively. A lower k value (e.g., 0.3) yields a highly permissive threshold that maxi-
mizes temporal recall, whereas a higher & value (e.g., 1.5) establishes a conservative
boundary that minimizes false positives.

The parameter stride designates the temporal displacement of the sliding win-
dow, expressed as a normalized ratio of the total detection duration D (where D = 10
seconds). Specifically, the physical step size of the sliding window At is calculated
as:

At = stride - D. (6.4)

For instance, configuring stride = 0.2 dictates a temporal step size of 2.0 seconds,
guaranteeing an 80% temporal overlap between consecutive candidate proposals.
This overlap ratio is instrumental in maintaining temporal continuity during sliding
window inference.

Given the baseline nature of this test, further domain-specific optimization was
omitted in favor of exploring the superior zero-shot capabilities of Video Foundation
Models.

6.2 Results on TSM(MMaction2) model with IK EOS
Dataset

This evaluation is compared, under the evaluation-protocol caveats discussed in
Section against the InternVideo2 results on the same IK EOS test split (Ta-
ble[6.4).

The TSM (MMAction2) predictions on the IK EOS dataset are scored with a
custom, recall-oriented evaluation script. Each event is associated with a single re-
tained prediction: the pipeline keeps one segment per event (the detected segment
nearest the trigger time when several survive the dynamic threshold), or a trigger-
anchored fallback window when no segment fires. This single prediction is then
scored against the annotated ground-truth interval [Zseart, fend |- All metrics are aver-
aged over the N = 16 events of the Period-3 test split. This protocol differs from the
one used for InternVideo2+CG-DETR, whose metrics are produced by the official
CG-DETR evaluator; the consequences for cross-model comparison are discussed
in Section[7.2]

¢ Recall@1 at tloU 6 (R1@80). As exactly one prediction is retained per

event, the event is recalled at 0 if the temporal IoU between this prediction
and the ground truth is at least 6. R1@@0 is the fraction of recalled events
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among the N events, matching the single-prediction (top-1) convention used
for InternVideo2+CG-DETR.

* Average Recall (AR). The mean of R1@6 over 6 € {0.1,0.2,...,0.9}. AR
is a purely recall-based summary of localization tolerance and must not be
confused with the precision-based mean Average Precision (mAP) reported
for InternVideo2, which is computed by a different evaluator; the two are not
directly comparable.

* mloU. The mean, over the N events, of the temporal IoU between the retained
prediction and the ground truth.

* mTP (mean temporal precision). The mean ratio of the prediction—ground-
truth intersection to the predicted segment duration, indicating how tightly
the predicted clip is bounded.

* mTR (mean temporal recall). The mean ratio of the same intersection to
the ground-truth duration, indicating how much of each event is temporally
covered.

¢ Miss@ 6. The number of events whose retained prediction falls below tloU 6
(equivalently N(1 —R1@8)). In earlier result tables this quantity was labelled
the false-positive count (“FP-count”); strictly, however, it records under-
localized or missed events rather than false positives, since under the single-
prediction convention each prediction is matched to exactly one ground-
truth event. It is therefore renamed Miss@86 here, and no false-positive
(unmatched-prediction) count is defined.

The baseline yields a low mloU of 0.1350 and an Average Recall (AR) of
13.19% over tloU 0.1-0.9. Both the mean temporal recall (mTR, 31.25%) and the
mean temporal precision (mTP, 13.50%) are low, indicating that the single peak-
selected segment usually overlaps only a small fraction of the ground-truth event:
14 of the 16 events fall below tloU = 0.5 and all 16 below tloU = 0.7 (Miss@8).
This is consistent with the selection design—the predicted segment is centred on the
probability peak nearest the trigger and may be expanded up to a 5-second cap—so
whenever that trigger-proximate peak is mislocated, the predicted window lands
largely outside the short (2-3 s) scoring event. The zero-shot Kinetics-400 score,
which has no basketball-specific notion of shot onset and offset, provides little sig-
nal to place the peak precisely.

6.3 Results on Internvideo2 Model with the APIDIS
Dataset

In the early and middle phase of development, we used the public APIDIS dataset to
set a baseline for the pipeline. The main goal here was simply to test the core system
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Table 6.2 Performance of the off-the-shelf, zero-shot TSM (MMAction2) baseline on the
Period-3 test split of the IK EOS dataset (MR-full task, N = 16). Metrics are produced by a
custom recall-oriented evaluator and are not directly comparable to the precision-based mAP

of Table see Section

Metric Value

R1@tloU = 0.1 31.25%
R1@tloU =0.3 18.75%
Rl1@tloU =0.5 12.50%
R1@tloU = 0.7 0.00%

AR (mean R1, tIoU 0.1-0.9) 13.19%
mloU 0.1350
mTP 13.50%
mTR 31.25%
Miss@0.5 14/16
Miss@0.7 16/ 16
Evaluated events N 16

architecture and see how the models performed out-of-the-box, before introducing
the company’s internal data.

Evaluation Setup. The evaluation on the APIDIS dataset was strictly direct, with
no domain-specific training or fine-tuning applied to the models. To effectively ex-
tract sports highlights in a zero-shot setting, a dynamic thresholding strategy was
implemented to handle variation in confidence scores across different video seg-
ments.

Let S; denote the model’s confidence score at time step z, and let . represent the
set of scores within a sliding temporal window. Instead of applying a rigid, globally
fixed threshold, the dynamic threshold 7 for action segment activation is formulated
as:

T=py+k-cy (6.5)

where 11~ and 0 represent the mean and standard deviation of the scores in .7,
respectively, and k is a user-defined multiplier. A temporal frame at time 7 is selected
as a highlight candidate only if its score satisfies S; > T. The temporal filtering
process is further governed by the sliding window’s stride.

Results and Analysis. Table presents the top performance metrics obtained
from the zero-shot evaluation across different parameter configurations, ranked by
their F1-Score.

The empirical results confirm that the engineering infrastructure of the pipeline
successfully ingests synchronized multi-angle video streams and generates struc-
tured highlight candidates. Under the optimal configuration (k = —0.5, stride =0.1),
the system achieves an F1-Score of 47.5% and a Recall@0.3 of 58.0%. This indi-
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Table 6.3 Performance Metrics

Params (k,stride) R@0.3 R@0.5 Precision FI1-Score Preds

pred_k-0.3_stride0.5 60.0%  30.0% 35.8% 44.8% 81
pred_k0.3_stride0.1  50.0% 22.0% 38.6% 43.5% 83
pred_k-0.5_stride0.3 66.0%  36.0% 31.8% 42.9% 88
pred_k-0.3_stride0.1  70.0%  38.0% 29.8% 41.8% 94
pred_k0.7_stride0.1  38.0% 14.0% 38.6% 38.3% 70
pred_k-0.8_stride0.5 74.0% 42.0% 25.3% 37.7% 83

cates a reasonable baseline capacity for locating the approximate temporal windows
of key actions without any prior training.

In summary, these early metrics provided a solid proof of concept for the
pipeline framework, confirming that the code logic and multi-view synchronization
function as intended. Nevertheless, the clear deficiency in precise boundary local-
ization proved that zero-shot inference is insufficient for a production-ready system.
This directly validated the necessity for domain-specific training and helped with
the transition to the EOS dataset for the subsequent phases of development.

6.4 Results on Internvideo2 Model with IK EOS Dataset

In this section, we present the evaluation of the InternVideo2 model acting as the
feature extractor within the CG-DETR framework for the TSGV task. We con-
structed a dedicated dataset built upon video recordings provided by Sony (see Sec-
tion [3.2)), comprising 55 valid scoring events from actual basketball games. The
objective is to validate the feasibility of the proposed architecture and analyze its
learning dynamics.

6.4.1 MR Task and Small-Scale Data Strategy

In this work, the core objective is formulated as a Temporal Moment Retrieval (MR)
task. Given a continuous video sequence and a corresponding target action query as
input, the system is required to perform precise temporal localization.

Unlike basic classification or ranking tasks, moment retrieval strictly demands
that the model outputs exact temporal boundaries, specifically the start and end
timestamps of the target event. This makes the task highly challenging, as it requires
sub-second precision to accurately regress the exact frames where an action initiates
and terminates, while effectively filtering out all irrelevant background content.

Due to the limited size of our dataset, which comprises a total of 55 segments
across four periods (7, 16, 16, and 16 segments for Periods 1, 2, 3, and 4, respec-
tively), we adopt a specific data splitting strategy. Specifically, the training set is
formed by combining Period 1 with one of the other periods, while the remaining
two periods are designated as the validation set and the test set, respectively. The
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experimental results presented below are obtained under the configuration where
Periods 1 and 4 serve as the training set, Period 2 as the validation set, and Period 3
as the test set.

6.4.2 Convergence Analysis and Learning Dynamics

To gain deeper insights into the optimization process and evaluate the training sta-
bility of our framework, we monitor the learning dynamics of the individual loss
components defined in Section4.5.6]

CG-DETR Total Loss (Basketball) Span Loss (L1)

raw
— Total Loss —— smoothed (w=7)

20 40 60 80 100 20 40 60 80 100
Epoch Epoch

(a) Total Loss (b) Span Loss

GloU Loss Label Loss

raw
07 smoothed (w=7) 07 — smoothed (w=7)
06 06
05 05
0.4 804
03 03
02 02

0.1 01

0.0 0.0

(¢) GIoU Loss (d) Label Loss

Figure 6.1 Training curves for all loss functions.

The total loss in Figure [6.1a] decreases rapidly during the early training stage,
dropping from approximately 45 to below 20 within the first 10 epochs. After
around epoch 40, the curve gradually converges near 7 and remains highly stable
with only minor fluctuations. This behavior suggests that the optimization process
reaches a steady convergence state during the later training stage.

The span regression in Figure [6.1b|loss exhibits a clear two-stage convergence
pattern. During the first 15 epochs, the loss decreases rapidly from approximately
1.3 to 0.65, indicating that the model quickly learns coarse temporal boundary lo-
calization. However, after this stage, the curve enters a long plateau phase and only
slowly decreases to approximately 0.64 over the remaining epochs. The early ap-
pearance of this plateau suggests that the model’s temporal boundary regression
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capability becomes saturated relatively early, and the remaining gradient signal for
further localization refinement is limited.

A similar trend can also be observed in the GIoU loss in Figure The loss
first decreases rapidly from approximately 0.68 to 0.38 within the first 15 epochs.
After approximately 20 epochs, the curve enters a plateau region and even shows
slight fluctuations, which is highly consistent with the stagnation observed in the
span regression loss. Since both losses supervise temporal boundary quality, this
phenomenon indicates strong coupling between the two optimization objectives.
The GIoU loss resumes a slow downward trend and eventually converges near
0.361, indicating that the temporal overlap prediction has largely stabilized.

In contrast, the label classification loss in Figure [6.1d] demonstrates a substan-
tially different optimization behavior. During the first 20 epochs, the loss remains
nearly unchanged around 0.72. Afterward, it undergoes a sharp decrease and drops
below 0.1 within approximately 10 epochs, eventually converging near 0.006. One
possible explanation is that the optimization process during early training is dom-
inated by the heavily weighted span regression objective (Apqn = 10), causing the
model to prioritize temporal localization learning. Once the localization-related
losses become relatively saturated, the optimization gradually shifts toward the clas-
sification objective, resulting in rapid foreground-background discrimination im-
provement during the later training stage.

These curves indicate that training is essentially complete for the current data
volume and model scale. We can now proceed to the testing phase with this model.

6.4.3 MR Task Results

We evaluate our method on the standard MR task in TSGV. The MR task aims to lo-
calize the temporal segment in an untrimmed video that best corresponds to a given
textual query, requiring precise temporal boundary prediction under potentially long
and complex video contexts.

Performance is assessed under multiple evaluation settings to capture both local-
ization accuracy and robustness across different temporal tolerances. These include
recall-based measures and intersection-based agreement with ground truth.

All subsequent results were obtained using a fixed clip length of 0.3 seconds. For
the experimental dataset partition, Periods 1 and 4 were utilized as the training set,
while Periods 2 and 3 were designated as the validation and test sets, respectively.

Following the evaluation framework established in Section[6.2] the primary met-
rics used to assess this task are defined as follows:

The model achieves 68.27% mloU, 73.43% mTP, and 89.78% mTR on the
test set. This indicates that approximately 26.57% of the predicted temporal window
lies outside the ground-truth segment, while 89.78% of the actual action duration
is successfully covered by the prediction, leaving around 10.22% missed. These re-
sults suggest that the model is able to cover most ground-truth moments effectively,
although some boundary-level misalignment still exists.
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Figure 6.2 Grounding failure example of InternVideo2 on the IK EOS dataset (IoU = 0.29).
The quantitative results are shown in Table[6.4]

Table 6.4 Performance of the proposed framework regarding the MR-full task on the test
set

Metric Value

Recalll @IloU=0.3 93.75%
Recalll @IoU=0.5 87.50%
Recalll @IoU=0.7 43.75%

mAP 50.62%
mAP@0.5 93.75%
mAP@0.75 34.38%
FP-count@0.5 2 out of 16
FP-count@0.7 9 out of 16
FP-total 16 out of 16

6.5 Failure Cases Analysis

As shown in Figure [6.2] the InternVideo2 model fails in this case on the IK EOS
dataset, achieving an IoU of only 0.29. Based on the visualization in Figure[6.2} we
analyze the main reasons for this low performance.

e Small and Similar Training Data: The training dataset is too small, and
the videos are very similar because they all come from the same match. This
makes it difficult for the model to learn general features.

* Feature Loss of Distant Objects: The event happens far from the camera.
After frame extraction, resizing, and downsampling, these small targets lose
their details, making them very hard for the model to recognize.
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6.6 Best-cam Evaluation

The evaluation of the optimal camera selection module is conducted through a com-
parative analysis between human aesthetic preferences and the decision-making
logic of the Multimodal Large Language Model. Given that the "best" viewing an-
gle in sports broadcasting is inherently subjective and tied to cinematic narrative
standards, a survey-based approach is employed to establish a reliable ground-truth
baseline. This methodology follows established practices in the field of automated
directing, such as the Smart Director system [|65]], which leverages human feedback
to validate event-driven broadcasting decisions.

To comprehensively evaluate the directing intelligence and computational fea-
sibility of utilizing MLLMs, a competitive benchmark is established to compare
the primary system configuration, Qwen2.5-VL-7B, against three baseline vision-
language architectures of varying scales and generations:

* Qwen2.5-VL-7B (Primary Engine): A 7.2-billion parameter multimodal
model optimized for dynamic video understanding and fine-grained vi-
sual grounding, serving as the default directing framework in the proposed
pipeline.

* Qwen3-VL-2B (Baseline): A lightweight next-generation model designed
for resource-constrained, on-device execution, used to test the lower bound
of computational costs.

* Qwen3-VL-8B (Baseline): A heavier next-generation model optimized for
complex spatial reasoning and dynamic coordinate prediction.

¢ Llama-3.2-Vision-11B (Baseline): An 11-billion parameter foundation
model renowned for general-domain visual reasoning and open-vocabulary
understanding.

The models are benchmarked across 11 representative basketball scoring events
extracted from the synchronized dataset. This specific subset of 11 events was se-
lected based on two primary methodological considerations. First, the chosen se-
quences adequately capture the diverse spatial-temporal patterns of the match (e.g.,
fast breaks, set plays, and perimeter shooting), while omitting highly repetitive sce-
narios that exhibit identical camera angles and player distributions. Second, restrict-
ing the evaluation to these 11 representative events ensures the feasibility of the sub-
sequent user preference survey by preventing cognitive fatigue among the expert
participants, thereby maintaining the quality and focus of the subjective directing
assessments. The evaluation is systematically divided into two critical dimensions:
quantitative execution latency (computational efficiency) and cross-model camera
selection alignment (directing logic consensus).
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6.6.1 Quantitative Inference Latency and Hardware Feasibility

In live sports production, system latency constitutes the primary engineering bot-
tleneck. For a highlight generation pipeline to be commercially viable, edited clips
must be delivered shortly after the occurrence of a physical play. Thus, evaluating
the inference footprint of the vision-language decision layer on workstation-class
hardware is paramount for local deployment feasibility.

Table [6.5] details the precise execution latency (measured in seconds) required
by each MLLM to perform a centralized joint evaluation pass across the multi-
view matrix for each event. The benchmarking was conducted locally on the same
machine used for TSM model(detailed specifications are provided in Section[5.3.3).

Table 6.5 Comparative Inference Latency (Seconds) across Different MLLM Backbones

EventID Qwen2.5-VL-7B  Qwen3-VL-2B Qwen3-VL-8B Llama-3.2-Vision-11B

13312981 19.81 31.35 354.60 76.50
13316627 20.10 37.67 242.54 59.82
13316817 20.99 82.43 187.97 64.37
13318238 19.97 27.70 415.23 61.72
13318658 20.11 34.70 210.93 53.88
13314211 19.99 35.74 360.35 59.60
13300002 19.80 82.04 251.57 61.69
13315317 19.64 58.74 427.47 68.68
13300004 19.70 73.29 254.37 63.19
13317921 19.83 45.26 223.30 54.26
13318533 20.11 57.34 290.55 48.73
Mean 20.01 54.21 292.63 61.13
Std. Dev. 0.35 20.73 81.04 7.57

The empirical findings presented in Table [6.5] yield several critical insights re-
garding pipeline integration:

* Timing Predictability of Qwen2.5-VL-7B: The Qwen2.5-VL-7B architec-
ture displays exceptional temporal stability. It operates with a highly pre-
dictable mean inference latency of 20.01 seconds and a negligible standard
deviation of ¢ ~ 0.35 s. This deterministic behavior is highly desirable for
scheduling live streaming workflows.

* Inherent Latency Fluctuation of Qwen3-VL-2B: Despite its smaller pa-
rameter footprint, Qwen3-VL-2B demands an average of 54.21 seconds per
execution pass. Furthermore, it suffers from severe timing jitter (o ~ 20.73 s),
with individual runs ranging unpredictably from a swift 27.70 s to a prolonged
82.43 s.

¢ Prohibitive Resource Penalties of Heavy Models: The heavier models,
Qwen3-VL-8B and Llama-3.2-Vision-11B, incur dramatic computational
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overheads on the local workstation hardware environment. Qwen3-VL-8B
exhibits a mean latency of 292.63 seconds (= 4.88 minutes), representing
an unacceptable systemic lag for post-event distribution. Llama-3.2-Vision-
11B stabilizes at 61.13 seconds, which, while significantly faster than the 8B
model, remains over three times slower than Qwen2.5-VL-7B.

Consequently, while next-generation and larger architectures offer strong the-
oretical benefits, the Qwen2.5-VL-7B model serves as the primary operational
directing engine. It successfully circumvents the critical latency bottlenecks in-
herent to heavier multi-stream reasoning frameworks, fitting optimally within the
hardware-constrained “low-cost” paradigm.

6.6.2 Directing Alignment Analysis and User Survey
Evaluation

Evaluating the quality of optimal camera selection is non-trivial, as sports directing
is inherently a subjective aesthetic endeavor. To establish a reliable ground truth for
evaluating directing logic, a systematic user preference survey was conducted with
a panel of 15 participants from the Computer Science field. Eleven representative
basketball play events were evaluated to identify the optimal viewing perspective
(Human Best View) for each sequence.

Table [6.6| maps the specific camera view selected by each model alongside the
human preferences. For clarity, the eight available camera perspectives are indexed
as A through H, representing the distinct spatial coverage of the deployed multi-
camera array.

Table 6.6 Comparison of Optimal Camera Selection and Alignment with Human Prefer-
ence

EventID Qwen2.5-VL-7B  Qwen3-VL-2B Qwen3-VL-8B Llama-3.2-Vision-11B Human Preference

13312981 Event F Event E Event E Event F Event F
13316627 Event G EventE Event F Event F Event F
13316817 Event F Event E Event F Event F Event F
13318238 Event G Event E EventE Event H Event G
13318658 Event F EventE Event G Event G Event F
13314211 Event B Event C Event A Event A Event B
13300002 Event C Event A Event C Event A Event C
13315317 Event C Event A Event A Event C Event C
13300004 Event C Event A Event A Event C Event C
13317921 Event C Event A Event D Event C Event B
13318533 Event C Event A Event A Event D Event C
Accuracy 81.82% 0.00% 27.27% 45.45% 100.00 %

The experimental findings mapped in Table [6.6yield profound insights into the
spatial-semantic alignment capabilities of MLLMs:

1. State-of-the-Art Aesthetic Alignment by Qwen2.5-VL-7B: The Qwen2.5-
VL-7B model demonstrates exceptional fidelity to human directing prefer-
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ences, achieving a remarkable alignment accuracy of 81.82%. This robust
alignment demonstrates that its architectural priors successfully replicate
high-level spatial heuristics, including optimal ball-to-player proximity, oc-
clusion minimization, and focus on the primary physical action.

. Performance Degradation in Alternative Backbones: Despite its larger

parameter size, Llama-3.2-Vision-11B matches human selections in only
45.45% of cases, often failing to track scoring zones during rapid spatial
transitions. Qwen3-VL-8B displays even lower alignment (27.27 %), while
the lightweight Qwen3-VL-2B collapses to 0.00% accuracy, exhibiting sys-
temic spatial bias and modal collapse.

. Discrepancy and Edge Cases: Event 13317921 presents a notable edge case

where all evaluated models diverged from the human gold standard (B). Both
Qwen2.5-VL-7B and Llama-3.2-Vision-11B selected camera C, indicating
ambiguous visual scenarios where competing directing trade-offs exist be-
tween defensive setup and wide-angle transition views.

In summary, the empirical results derived from the user survey and cross-model

comparison provide robust, quantitative validation for the architectural design of
the proposed pipeline. The selected Qwen2.5-VL-7B backbone not only operates
within the target low-latency profile for real-time edge workstation deployment
but also exhibits unparalleled semantic capability in replicating professional-grade
sports broadcasting aesthetic decisions.
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Discussion

This chapter evaluates the empirical findings, interprets their broader implications
for autonomous sports broadcasting, analyzes systemic trade-offs, and outlines lim-
itations alongside future research directions.

7.1 Thematic Synthesis of Research Findings

The evaluation of the proposed system is structured around the three core research
questions formulated at the inception of this study, mapping empirical data directly
to these programmatic themes.

7.1.1 Socio-Technical Feasibility and Pipeline Integration

In addressing the first research question (RQ1) regarding the feasibility and inte-
gration of an end-to-end autonomous sports production pipeline, the empirical re-
sults provide strong validation. The successful coordination of scoreboard trigger
extraction, active half-court filtering, temporal action grounding, Vision-Language
Model (VLM) directing, and automatic post-production editing demonstrates that
the workflow can be fully automated.

The feasibility of this multi-stage orchestration is supported by two key mile-
stones:

1. Precise Action Localization: The InternVideo2 + CG-DETR framework
achieved a Recalll @IoU=0.5 of 87.50% and a mean Temporal Recall of
89.78% on the IK EOS dataset, ensuring that highlight clips contain com-
plete action sequences.

2. Autonomous View Selection: The Qwen2.5-VL-7B model mapped raw
multi-stream inputs to structured directing choices, matching human expert
decisions with 81.82% accuracy.

Furthermore, the implementation of a global timestamp synchronization mecha-
nism across all eight cameras successfully eliminated frame-drift, verifying that a
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decentralized software framework can operate as an autonomous director without
chronological discrepancy.

7.1.2 Computational Efficiency and Hierarchical Reductions

To address RQ2 concerning the optimisation of computational efficiency against
the semantic demands of Vision-Language Models, a hierarchical data-reduction
strategy was designed and integrated into the pipeline. The strategy operates through
two sequential gates applied before any heavy multimodal inference is invoked.

Temporal pruning. Rather than performing dense feature extraction over the
entire broadcast stream, the pipeline remains dormant until a scoreboard change is
detected, at which point inference is restricted to a fixed 10-second window around
the trigger timestamp. On the IK EOS dataset, which contains 55 annotated scoring
events (43 two-point and 12 three-point field goals) distributed across a full four-
period game of approximately 2400 seconds of active footage, this constraint limits
active processing to 55 x 10 = 550 seconds, yielding a temporal coverage ratio of
roughly 22.9%. The remaining 77.1% of the broadcast stream bypasses all down-
stream feature extraction and VLM inference entirely.

Spatial pruning. At each trigger point, a lightweight YOLOVS detector identi-
fies the active half-court from player spatial distribution, immediately excluding the
four cameras covering the inactive half. This reduces the number of camera views
passed to the VLM from eight to four, directly halving the multimodal input size of
each joint inference pass.

Observed latency outcome. Together, these two gates ensure that Qwen2.5-
VL-7B operates on a single, pre-filtered four-camera frame matrix rather than on
continuous eight-stream footage. The resulting mean inference latency of 20.01 sec-
onds (o = 0.35 s, Table [6.3) is both low and highly predictable, a property that is
critical for scheduling post-event clip distribution in live production workflows.

It should be noted that a direct ablation study comparing pipeline throughput
with and without these reduction gates was not conducted, as the full-stream dense-
inference configuration was infeasible on the available single-GPU workstation.
The cost reduction figures reported above are therefore derived from analytical es-
timates based on dataset statistics rather than controlled measurements, and this
constitutes a limitation of the current evaluation. Nevertheless, the stable latency
profile of the chosen backbone, combined with the structural design of the reduc-
tion gates, provides a principled basis for the low-cost claim and motivates future
benchmarking under full-stream conditions on multi-GPU infrastructure.

7.1.3 Aesthetic Human-VLM Alighment and Directing Logic

Regarding the third research question (RQ3) on the alignment of VLM-driven de-
cisions with professional broadcasting standards, the user preference survey and
consensus analysis yield encouraging insights. Under a zero-shot configuration, the
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quantized Qwen2.5-VL-7B model matched the consensus choices of human prefer-
ence in 9 out of 11 play sequences (81.82% accuracy, Table[6.6).

This high level of alignment indicates that advanced VLMs possess robust
visual-semantic priors. Qwen2.5-VL-7B prioritized camera angles based on seman-
tic importance—such as player-to-ball proximity, minimization of visual occlusions
from referees or defensive blocks, and preservation of global play context (captur-
ing both the shooter and the hoop). This performance significantly outperformed
alternative backbones, including Llama-3.2-Vision-11B (45.45% alignment) and
Qwen3-VL-8B (27.27% alignment), demonstrating the viability of using advanced
vision-language architectures for autonomous, aesthetic-aware sports directing.

7.2 Comparative Analysis: Discriminative vs. Generative
Paradigms

A consistent finding across our experiments is the large gap between the off-the-
shelf, zero-shot TSM (MMAction2) baseline and the trained InternVideo2+CG-
DETR pipeline on the IK EOS test split. Using comparably defined localization
metrics, the TSM baseline reaches a Recalll @IoU= 0.5 of 12.50% and an mloU of
0.1350, whereas InternVideo2+CG-DETR attains 87.50% and 0.6827, respectively.

Two caveats qualify this comparison. First, the two systems are scored by dif-
ferent evaluation toolchains: TSM with a custom recall-oriented script and Intern-
Video2 with the official CG-DETR evaluator. We therefore base the comparison
on R1@60 and mloU, whose definitions align across both toolchains, and we do
not compare the recall-based AR of Table [6.2] with the precision-based mAP of
Table @ Second, the comparison contrasts an untrained, zero-shot discriminative
detector with a foundation-model pipeline whose CG-DETR head is trained on the
in-domain Sony data. The observed gap therefore reflects the combined effect of
in-domain training, the richer multimodal representation of InternVideo2, and the
trigger-window fallback of the TSM baseline, rather than an intrinsic limit of dis-
criminative architectures alone.

7.2.1 Rationale for Retaining TSM as an Unoptimized Baseline

A deliberate design decision in this work is to employ the TSM (MMAction2) de-
tector strictly as an off-the-shelf, zero-shot baseline, without any basketball-specific
fine-tuning or dedicated temporal head. Three considerations motivate this choice.
First, the two detectors occupy fundamentally different positions in the design
space. TSM is a discriminative action classifier whose temporal modeling is repur-
posed here for localization, whereas InternVideo?2 is a large-scale multimodal foun-
dation model whose video—text alignment is intrinsically suited to open-vocabulary
temporal grounding. As the target system is oriented toward practical deployment
and high-level semantic understanding, development effort was concentrated on the
architecture with the higher performance ceiling for cross-modal reasoning, rather
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than on extending a classifier whose design objective does not match the grounding
task.

Second, optimizing the discriminative baseline to a competitive level—fine-
tuning a basketball-specific classifier, attaching a trainable temporal regression
head, and re-running hyperparameter search on in-domain data—would require ad-
ditional annotated data, training infrastructure, and engineering time that lie outside
the scope of this project. TSM is therefore retained solely as a reference lower bound
that characterizes the performance floor of traditional discriminative models in this
multi-view setting.

Third, the empirical gap observed under in-domain evaluation reinforced this
decision. On the same IK EOS test split, the InternVideo2+CG-DETR pipeline sub-
stantially exceeds the TSM baseline across the localization metrics common to both
evaluators (cf. Tables[6.2]and [6.4). Even acknowledging that part of this gap stems
from the training asymmetry between the two systems rather than from architecture
alone, the magnitude of the difference indicated that the limited project resources
were more productively invested in the foundation-model branch than in tuning the
baseline.

7.3 Best-Cam Selection and Pragmatic Edge-Computing
Viability

The evaluation of the best-camera selection module (Section 6.5) highlights a crit-
ical trade-off between model parameters, inference latency, and directing accuracy.
While pursuing the highest parameter scale yields marginal accuracy gains in theo-
retical benchmarks, live sports production demands a low-cost, practical develop-
ment paradigm deployable on accessible, standard hardware:

* Hardware Agnosticism and Local Deployment: When quantized to INT4,
Qwen2.5-VL-7B runs smoothly on local workstations or edge PCs with mid-
tier consumer GPUs (8GB to 16GB VRAM), requiring no expensive cloud
API subscriptions or high-end GPU clusters.

* Deterministic Low Latency: Qwen2.5-VL-7B demonstrated highly pre-
dictable execution times, with a mean latency of 20.01 seconds and an ex-
tremely low standard deviation (¢ = 0.35 s). In contrast, the next-generation
Qwen3-VL-2B model suffered from severe timing jitter (o ~ 20.73 s) and
took nearly three times longer (54.21 s) on average. Heavier architectures like
Qwen3-VL-8B (292.63 s) and Llama-3.2-Vision-11B (61.13 s) introduced
unacceptable delays for near-real-time highlight distribution.

* Resistance to Modal Collapse: Smaller models like Qwen3-VL-2B dis-
played a complete lack of spatial awareness, repeatedly choosing the same
camera MAC address across distinct events (modal collapse, Table 6.6).
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Qwen2.5-VL-7B maintained high spatial-semantic sensitivity, achieving an
81.82% match with human experts.

Furthermore, due to the decoupled, modular software architecture of the pipeline,
the system remains highly future-proof. Future researchers can easily swap the di-
recting core with newer, more advanced VLMs as they emerge, without refactoring
the underlying multi-camera infrastructure.

7.4 Systemic Limitations and Threats to Validity

Despite the strong performance of the automated pipeline, several systemic limita-
tions must be acknowledged:

1. Data Constraint and Generalization: The primary evaluation was con-
ducted on the IK EOS dataset, which contains 55 annotated scoring events
from a single basketball game. A larger and more diverse multi-game dataset
is required to confirm the system’s generalization across different lighting
conditions, court layouts, and team jerseys.

2. Heuristic Pipeline Dependencies: The spatial pruning logic relies heavily on
the YOLOVS8-based active half-court detector. In plays involving extremely
fast transitions or players distributed evenly across both sides of the court,
this simple heuristic side gate may fail, potentially filtering out the camera
views containing the actual highlight action.

3. Offline Feature Extraction: To manage GPU memory overhead on the lo-
cal workstation, InternVideo2 features were extracted and cached offline be-
fore training. This decoupling prevents end-to-end backpropagation through-
out the entire pipeline, limiting the potential benefits of joint feature-and-
grounding optimization.

4. Visual Ambiguity in Fast Plays: In scenarios with rapid passing, complex
off-ball screens, or dense crowding in the paint, the compressed, single-frame
representation provided to the VLM can occasionally be ambiguous, leading
to suboptimal camera selection.

7.5 Future Research Directions

Building upon the successful prototype and addressing the identified limitations,
several pathways are identified for future research and commercial productization:
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7.5.1 Live Ingestion and Real-time Streaming

Transitioning the system to a live broadcast environment is a natural next step. This
would involve integrating live RTMP/RTSP stream ingestion, performing on-the-
fly scoreboard OCR change detection, and feeding buffered video chunks into the
grounding and directing modules. Optimizing inference code to run within sub-
second latencies would enable near-instantaneous live highlight generation during
commercial breaks or active game delays.

7.5.2 Hardware Integration and Standalone Application

For real-world deployment, the software pipeline should be packaged into a stan-
dalone desktop or cloud application. Integrating the directing outputs directly with
professional production hardware (e.g., ATEM video switchers, Sony PTZ cameras,
or software-based suites like vMix) would allow the system to physically trigger
camera cuts in real-time. This integration would enable a single operator to manage
multi-camera setups with minimal manual effort.

7.5.3 Ul Evolution and Interactive Human-in-the-Loop Editing

The visualization interface developed in this project has significant potential for fur-
ther evolution into a fully featured cloud-based video editor. By adding multi-track
editing capabilities, manual override controls, and active feedback loops, human
directors could easily correct or refine automated selections.

Furthermore, integrating a feedback button on the UI would allow users to flag
suboptimal camera angles or incorrect temporal boundaries. This human-labeled
data could be collected to build a Reinforcement Learning from Human Feedback
(RLHF) pipeline, continuously tuning the VLM’s directing logic and alignment
with professional aesthetic standards.
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Conclusion

This thesis investigates the design, implementation, and evaluation of an automated,
end-to-end sports production pipeline driven by multimodal vision-language ar-
chitectures. The research successfully demonstrates a functional 0-to-1 software
pipeline capable of ingesting and syncing 8 simultaneous camera feeds, automat-
ically localizing basketball shooting highlights, and selecting the optimal camera
angle for broadcast-quality clips.

To address the high computational costs of processing multiple high-resolution
video streams, a hierarchical data-reduction strategy was introduced. This approach
utilizes temporal triggers from scoreboard changes and spatial heuristics from
YOLOVS player distributions to prune temporal and spatial redundancies. Conse-
quently, heavy vision-language reasoning is only applied to relevant, pre-filtered
segments, significantly reducing system latency.

The quantitative and qualitative evaluations validated the effectiveness of the
proposed framework. The integration of InternVideo2 with CG-DETR achieved a
Recalll @1oU=0.5 of 87.50% and an mloU of 68.27% on the IK EOS dataset, sig-
nificantly outperforming the off-the-shelf, zero-shot TSM baseline. For camera se-
lection, the quantized Qwen2.5-VL-7B model demonstrated high alignment with
human directing experts, achieving an 81.82% match rate with a predictable latency
of 20.01 seconds. These results demonstrate that combining lightweight sports-
temporal filters with deep multimodal foundation models can achieve professional-
grade, autonomous sports directing while remaining computationally and finan-
cially affordable.

Additionally, a full-stack, decoupled visualization interface was designed and
implemented. This "control tower" dashboard provides real-time telemetry, syn-
chronized multi-view playback, and an interactive SVG timeline, significantly im-
proving the observability and human-in-the-loop verification of the pipeline. This
work establishes a solid foundation for autonomous sports broadcasting, demon-
strating that modern generative Al can be practically deployed on accessible, edge-
computing hardware.
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Use of Al Tools

Generative Al tools were used only in a supporting role. ChatGPT (OpenAl) as-
sisted with language polishing, English translation, and the visual design of the sys-
tem overview figure (Figure [I.T); Claude Code (Anthropic) assisted with writing
and debugging code.
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