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ABSTRACT

Multimodal Large Language Models (MLLMs) are advancing the ability to reason
about complex sports scenarios by integrating textual and visual information. To
comprehensively evaluate their capabilities, we introduce SPORTU, a benchmark
designed to assess MLLMs across multi-level sports reasoning tasks. SPORTU
comprises two key components: SPORTU-text, featuring 900 multiple-choice
questions with human-annotated explanations for rule comprehension and strat-
egy understanding. This component focuses on testing models’ ability to reason
about sports solely through question-answering (QA), without requiring visual
inputs; SPORTU-video, consisting of 1,701 slow-motion video clips across 7 dif-
ferent sports and 12,048 QA pairs, designed to assess multi-level reasoning, from
simple sports recognition to complex tasks like foul detection and rule application.
We evaluated four prevalent LLMs mainly utilizing few-shot learning paradigms
supplemented by chain-of-thought (CoT) prompting on the SPORTU-text part.
GPT-40 achieves the highest accuracy of 71%, but still falls short of human-level
performance, highlighting room for improvement in rule comprehension and rea-
soning. The evaluation for the SPORTU-video part includes 6 proprietary and 8
open-source MLLMs. Experiments show that models fall short on hard tasks that
require deep reasoning and rule-based understanding. GPT-40 performs the best
with only 57.8% accuracy on the hard task, showing large room for improvement.
We hope that SPORTU will serve as a critical step toward evaluating models’
capabilities in sports understanding and reasoning. The dataset is available at
https://github.com/chili-1lab/SPORTU.

1 INTRODUCTION

The sports domain has witnessed a surge in interdisciplinary research, combining Natural Language
Processing (NLP) and computer vision (CV) to tackle a wide range of applications. For instance,
NLP-based approaches have been leveraged for automated sports news generation, producing de-
tailed summaries and news articles from game data (Huang et al., 2020a; Wang et al., |2022b). Con-
currently, hate speech detection has been employed to mitigate the impact of toxic content on social
media (Vujici¢ Stankovi¢ & Mladenovic, 2023), enabling athletes to maintain focus on their game.
In the realm of CV, action recognition (Zhu et al., [2022b; |L1 et al.l |2021)), player detection (Maglo
et al., [2022; [Vandeghen et al.,|2022)), and tactical analysis (He et al., 2024b; Xia et al.| |2023)) have
been explored, enhancing visual content for analysis and fan engagement. The recent emergence of
Large Language Models (LLMs) (OpenAll [2024c} |Al@Metal [2024; Jiang et al., 2024; |Anil et al.,
2023)) and Multimodal LLMs (MLLMs) (OpenAlL |2024b}; |Gemini Team) [2024a}; |Anthropic} [2024aj
Lin et al.} [2023) has further accelerated this trend, enabling researchers to develop novel tasks such
as Al-assisted refereeing (Held et al.| 2024a; |2023)), where models analyze game videos to identify
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Figure 1: SPORTU consists of two parts: SPORTU-text, which evaluates sports understanding
through text-based multiple-choice questions, and SPORTU-video, which assesses multi-level rea-
soning through video-based QA tasks. SPORTU provides a comprehensive sports understanding
evaluation of multi-leveled reasoning beyond perception. Right side is a sample from the scenario-
based question in SPORTU-text, along with examples of both hard-level and easy-level questions
from SPORTU-video.

fouls and violations, and interactive sports education (Zhang et al.,|2025; Zeng et al., [2023)), where
users engage with LLMs to learn rules, strategies, and game-related content.

However, the effectiveness of these applications depends crucially on the model’s deep understand-
ing of sports knowledge. While LLMs act as study guides, helping users learn rules and general
strategies through text, MLLMs extend this knowledge to video-based tasks that require video and
action perception, as well as the ability to connect movements with context-based rules. For ex-
ample, when answering a question like “Why is it a rule violation in the video?”, a model must
distinguish the series of actions performed by the players and understand the corresponding rules
that define the fault. This capability underscores the deeper reasoning required for real-world sports
comprehension. The challenges, ranging from general video recognition to deep sports knowledge
reasoning, highlight the need for a dedicated sports-focused question-answering (QA) dataset to
improve the model’s ability to comprehend and contextualize sports information effectively.

Existing sports QA datasets, either text-based or video-based, have limitations that hinder a com-
prehensive evaluation of sports understanding. Text-based datasets (bench authors| 2023} |Liu et al.|
2020; Xia et al.,[2024a; Jardim et al., 2023)) primarily assess comprehension of numerical data, rules,
and context extraction, but lack detailed explanations to evaluate the underlying reasoning processes.
In addition, video-based datasets, such as SportsQA (Li et al., 2024a) and SoccerNet-XFoul (Held
et al., 2024b), focus on action understanding and multi-view QA, but are constrained by their nar-
row scope, covering only a single sport or lacking multi-level reasoning. For example, in SportsQA,
questions like “What does TEAM A do before/after TEAM B’s action?” mainly require recognizing
sequences of actions and their outcomes, rather than connecting these actions to the underlying rules
and game dynamics. This highlights the need for a comprehensive multimodal sports benchmark to
evaluate the capabilities of MLLMs across a diverse range of sports, with varying levels of difficulty,
to assess their ability to apply deep reasoning and rule-based understanding in real-world scenarios.

To address this gap, we introduce SPORTU, a comprehensive Sports Understanding Benchmark
for sports knowledge and slow-motion multilevel video reasoning. As a multifaceted benchmark,
SPORTU comprises both text and video components to facilitate a thorough assessment of models’
capabilities. As illustrated in Figure|I} our dataset includes two parts: SPORTU-text and SPORTU-
video. The text component, SPORTU-text, features 900 multiple-choice questions with human-
annotated explanations for rule comprehension and strategy understanding. This component focuses
on testing models’ ability to reason about sports through question-answering, independent of visual
inputs. The video component, SPORTU-video, comprises 1,701 slow-motion video clips, including
300 clips with varying camera angles and 12,048 QA pairs, categorized into three difficulty levels.
The easy level is designed to be answerable without requiring sports domain knowledge, while the
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