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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-4o 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-4o 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-lab/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 (Vujičić Stanković & Mladenović, 2023), enabling athletes to maintain focus on their game.
In the realm of CV, action recognition (Zhu et al., 2022b; Li et al., 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) (OpenAI, 2024c; AI@Meta, 2024; Jiang et al., 2024; Anil et al.,
2023) and Multimodal LLMs (MLLMs) (OpenAI, 2024b; Gemini Team, 2024a; Anthropic, 2024a;
Lin et al., 2023) has further accelerated this trend, enabling researchers to develop novel tasks such
as AI-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 1, 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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hard level demands in-depth rule comprehension and accurate video perception. This tiered struc-
ture allows SPORTU-video to evaluate the sports understanding capabilities of MLLMs in a more
nuanced and progressive manner. The use of slow-motion clips is crucial, as most fouls involve brief
and subtle actions that may be overlooked in real-time footage. By providing models with a better
opportunity to perceive and interpret these critical moments accurately, we can more effectively
evaluate their performance.

To gain deeper insights into SPORTU, we evaluated 4 LLMs on SPORTU-text and 14 MLLMs on
SPORTU-video, covering both open-source and proprietary models. For SPORTU-text, we selected
GPT-4o, Claude-3.5-Sonnet, LLaMA-3.1, and Gemini 1.5 Pro, using few-shot learning paradigms.
For SPORTU-video, we evaluated a broader range of models, including GPT-4o, Gemini 1.5 Flash,
and Video-ChatGPT, using multi-frame inputs.

Key results reveal that GPT-4o achieves the highest accuracy on SPORTU-text at 71%, highlight-
ing its relatively strong performance in text-based sports reasoning. On SPORTU-video, Qwen2-
VL 72B achieves the highest overall accuracy of 70.94%, but struggles on hard-level tasks with
only 44.12% accuracy. Claude-3.5-Sonnet demonstrates the best performance on hard-level tasks
(52.57%). Yet, results across all models reveal significant challenges in handling complex reasoning
and rule comprehension, particularly in tasks requiring deep sports knowledge. We also systemati-
cally applied different prompt strategies to evaluate reasoning performance in SPORTU-video. The
results reveal that models generally achieve the highest overall performance when directly predicting
the answer without providing a rationale. However, performance declines when models are required
to generate a rationale first and then predict the answer. For instance, Claude-3.5-Sonnet’s accu-
racy dropped from 52.57% with direct answer prediction to 39.32% when reasoning the rationale
first. This indicates current models struggle to maintain consistency and robustness in reasoning for
complex tasks. These findings highlight the need for future advancements in reasoning capabilities.

2 RELATED WORK

2.1 MULTIMODAL SPORTS ANALYSIS

Recent surveys, such as (Xia et al., 2024b), have highlighted the importance of integrating sports
with NLP and CV techniques to advance research in the sports community. Traditional text-based
applications have have encompassed a range of tasks, including sentiment analysis (Baca et al., 2023;
Ljajić et al., 2015), game predictions (Beal et al., 2021; Xia et al., 2022; Oved et al., 2020; Tracy
et al., 2023), game statistics summarization (Thomson et al., 2020; Hu et al., 2024a), and game news
generation and narrative construction (Sarfati et al., 2023; Huang et al., 2020b; Wang et al., 2022a;
Hu et al., 2024b). In the CV domain, studies have focused on sports action recognition (Xu et al.,
2024b; Li et al., 2024c; Yuan et al., 2021; Zhu et al., 2022a), sports action quality assessment (Zahan
et al., 2024; Xu et al., 2024a), and tactic analysis (He et al., 2024b). Notably, Chen et al. (2022)
has demonstrated the efficacy of multimodal integration by leveraging natural language input to
enhance sports videos with visualizations. While prior work has made significant strides in sports
understanding, the advent of MLLMs offers a fresh perspective on this domain. In contrast to
earlier multimodal approaches, MLLMs boast a distinctive blend of scalability, expressiveness, and
flexibility, thereby enabling the tackling of intricate sports understanding tasks with unparalleled
depth and nuance.

2.2 MULTIMODAL SPORTS QA

Question answering (QA) has been widely adopted to evaluate the comprehension abilities of LLMs
across various domains. Several QA datasets have been introduced to evaluate models’ understand-
ing of textual information, ranging from factual recall to multi-hop reasoning (Joshi et al., 2017;
Yang et al., 2018; Clark et al., 2019). In the multimodal domain, QA Benchmarks have been ex-
tended to evaluate MLLMs’ image and video understanding by answering questions based on visual
inputs (Fu et al., 2024; Yue et al., 2024a;b; He et al., 2024a; Zhou et al., 2024). However, sports-
related QA is underrepresented in these general datasets, and even when sports topics are included,
the questions often lack sufficient difficulty due to the datasets’ broader focus. Existing general
QA datasets tend to focus on surface-level aspects of sports, such as historical facts or well-known
events in text-based tasks, and perception-level tasks, like object or action identification in video-
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based tasks. As a result, they often fail to assess the deep, domain-specific knowledge and reasoning
required for a nuanced understanding of sports.

Existing sports-domain-specific QA benchmarks are limited in their ability to test models’ sports
understanding. Text-based datasets, such as BIG-bench (bench authors, 2023), LiveQA (Liu et al.,
2020), and QASports (Jardim et al., 2023), focus on factual recall, while SportQA (Xia et al., 2024a)
is a notable exception, introducing rule-based questions that require scenario-based reasoning. How-
ever, even SportQA lacks explanations, which are crucial for evaluating MLLMs’ reasoning pro-
cesses, particularly for complex tasks. The absence of explanations limits the ability to fully assess
a model’s reasoning capabilities.

On the other hand, sports-domain-specific VQA datasets that combine video and text modalities
to test comprehensive sports understanding are scarce. Sports-QA (Li et al., 2024a) stands out by
covering eight sports, including volleyball and basketball, with videos sourced from MultiSports (Li
et al., 2021) and FineGym (Shao et al., 2020). However, although it provides detailed action recog-
nition annotations, Sports-QA does not assess models for understanding sports rules, such as foul
detection. This limitation arises because MultiSports does not include foul clips, and FineGym
focuses solely on granular gymnastic actions, which do not encompass rule-based scenarios.

Foul detection requires models to recognize player actions and determine rule violations, making it
a critical component of sports understanding. Another benchmark, SoccerNet-XFoul (Held et al.,
2024b), evaluates soccer understanding, including rule violation detection and explanation. How-
ever, its focus on a single sport limits its generalizability, as an MLLM’s performance in one sport
may not extend to others with different rules and dynamics. To address the limitations of previous
works, we introduce SPORTU, a comprehensive benchmark that spans multiple sports and incorpo-
rates both rule-based reasoning and foul detection across text and video modalities, offering a more
diverse and in-depth evaluation of sports understanding.

3 SPORTS UNDERSTANDING BENCHMARK

Question:During a soccer match, the referee awards a penalty kick to Team A after a defender from Team B handles 
the ball inside the penalty area. However, the referee does not issue any card to the defender from Team B Why 
might the referee have decided not to issue a card in this scenario?

Option: A) �e defender from Team B intentionally handled the ball to prevent Team A from scoring a goal. B) 
�e defender from Team B unintentionally handled the ball, and the handball was not a result of a deliberate 
action. C) �e referee did not have a clear view of the incident and decided not to issue a card based on assumpN
tion. D) �e defender from Team B had already received a yellow card earlier in the match, and the referee did 

Correct Answer:B
Human-Annotated Explanation:
Deliberate handball may result in a yellow or red card, therefore option A is incorrect...... Hence, the correct 
answer for the question is option B.

Scenario Related

Rules Related
Question:
How can a player commit a fault in volleyball?
Option:
A) By making a double hit. B) By stepping on the baseline while serving. C) By throwing the ball instead of hitting it. 
D) By holding the ball when setting.

Correct Answer:
ABCD
Human-Annotated Explanation:
A double hit is considered a fault in volleyball. �erefore, option A is correct. Stepping on the baseline while serving 
before making contact with the ball is a service fault...... Hence, the correct answers are A, B, C, and D.

Question:
What are key considerations when implementing a successful blocking scheme in volleyball defensive strategies?

Option:
A) �e blocker's positioning in relation to the attacker's hitting arm.B) �e speed of the incoming serve.C) �e 
position of the setter on the opposing team.D) �e timing and coordination between the blockers.

Correct Answer
ABCD

Human-Annotated Explanation:
�e positioning in relation to the attacker's hitting arm is crucial for a successful block and for the entire team's 
block and defensive formation. �e side blocker usually positions their head in line with the hitter's arm and the 
ball to cover the straight line, or uses their right hand on the hitter's arm and the ball to cover the cross-court angle. 
�e back-row players will adjust their position based on the main angles that the blockers are covering. �erefore, 
option A is correct...... Hence, the correct answer for this question is A, B, C and D.

Strategy Related

Question: What kind of foul is committed in the video? A: tripping B: �ghting C: boarding   D: slashing
   

Difficulty: Hard

A: Smash  B: Push Shot C: Net Shot D: Lift

Difficulty: Medium

Question: What sport does this video show?  A: Indoor Volleyball    B: Basketball   C: Beach Volleyball  D: Handball

Difficulty: Easy 

Lorem ipsum

Question: What speci�c action does the player perform in the video?

Lorem ipsumLorem ipsum

Figure 2: Examples of SPORTU-text (left) and SPORTU-video (right). Figure 1 also shows an
example of an open-ended SPORTU-video question.

To address the limitations in the current sports-domain QA dataset and evaluations, we introduce
SPORTU. This benchmark consists of two datasets:

SPORTU-text – the first pure-text-based sports QA dataset designed to evaluate models’ under-
standing of rules, factual knowledge, scenario-based situations, and strategies with human-annotated
explanations. It contains 900 QA pairs, with each question having one or more correct answers.
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SPORTU-video – the first VQA dataset covering multiple sports, designed to evaluate MLLMs’
sports understanding abilities. It features a multilevel question design using slow-motion videos,
with some clips offering multiple camera angles. The tasks range from easy-level tasks, such as
sports recognition, to medium-level tasks, such as Team Role Recognition, and hard-level tasks,
such as rule violation explanations. The dataset contains 1,701 slow-motion video clips across 7
sports, with 12,048 QA pairs designed to test models’ multi-level video-text reasoning capabilities.

Overall, SPORTU provides a comprehensive evaluation of MLLMs’ ability to understand and apply
sports knowledge. It fills the existing gap in current sports QA benchmarks by offering a detailed
assessment across both text-based reasoning and multimodal video tasks.

3.1 QUALITY CONTROL

To guarantee the accuracy and consistency of annotations and question generation in SPORTU, we
employed a rigorous quality verification process. Our team of annotators consisted of nine experts:
two were intercollegiate student-athletes with over 12 years of experience, and seven were players
who had undergone at least 5 years of training in their respective sports. It helped maintain the high
standard of explanations and annotations for both SPORTU-text and SPORTU-video.

During the training phase, each team member worked with twenty examples per batch for both text-
based questions and VQA tasks. They were asked to: Annotate explanations for the SPORTU-text
dataset. Collect videos for SPORTU-video and annotate the key information necessary for generat-
ing questions. These key annotated variables were later used in a template-based system to generate
questions. Once each annotator demonstrated full mastery of the annotation process, we officially
launched the large-scale annotation phase. As part of our verification protocol, annotators were re-
quired to double-review the videos they collected to ensure accuracy and quality. We prioritized the
removal of controversial or hard-to-interpret clips, especially those where even human experts might
disagree or feel unsure about the decision, to minimize the risk of mislabeling.

3.2 SPORTU-TEXT: PURE TEXT QA

SPORTU-text is designed as the first pure-text-based sports QA dataset that provides detailed expla-
nations for each question option, aiming to evaluate models’ understanding of rules, factual knowl-
edge, scenario-based reasoning, and strategies. The dataset consists of 900 QA pairs, with each
question having one or more correct answers and accompanied by human-annotated explanations to
ensure a high-quality assessment of reasoning processes. SPORTU-text can also serve as a bench-
mark for model explainability, allowing researchers to compare models’ generated reasoning with
human-provided explanations.

Dataset Construction Among all sports-specific QA benchmarks, only SportQA (Xia et al.,
2024a) Level-3 questions assess models’ deep understanding of sports knowledge by covering rule-,
strategy-, and scenario-based questions. However, these questions are mixed together without clear
labels for each type. To build SPORTU-text, we randomly selected 900 questions from five differ-
ent sports: American football, soccer, volleyball, basketball, and tennis, and our expert annotators
manually categorized the selected questions. Rule-related questions focus on explicit sports rules,
strategy-related questions involve tactical or strategic decisions, and scenario-related questions pro-
vide a specific context or player interaction (e.g., “Player A performs action X, and Player B reacts”).
While some questions could fit multiple categories, annotators assigned each question to the cate-
gory that most accurately reflected its primary focus. Each question was carefully annotated, with
detailed explanations provided for each option—whether correct or incorrect. Annotators explained
why an option was correct or not, offering clear insights into the reasoning required for each answer.
This additional annotation step ensures a more structured dataset and enables the evaluation of mod-
els’ reasoning capabilities across distinct aspects of sports knowledge. Examples can be found in
the appendix O.

3.3 SPORTU-VIDEO: MULTIMODAL VIDEO QA

SPORTU-video is the first multimodal video QA dataset designed to evaluate MLLMs’ sports un-
derstanding across various tasks, with a specific focus on integrating visual and textual reasoning.
It is unique in its use of slow-motion video clips across multiple sports and includes a multilevel
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question design to test a range of model abilities, from simple recognition to complex rule-based
reasoning.

SPORTU-video consists of 1,701 slow-motion video clips across 7 different sports, including soc-
cer, basketball, volleyball, ice hockey, tennis, baseball, and badminton. We also ensured that for
some sports, the videos featured multiple camera angles to challenge the models’ ability to capture
consistent judgments across different perspectives. Our expert annotators manually cropped video
clips from replay footage to include multiple perspectives of the same foul, as such replays are stan-
dard in sports broadcasts. This process ensures accuracy while minimizing additional manual work.
Specifically, 300 video scenes were selected to include multi-angle views. Each clip is accompanied
by one or more QA pairs, for a total of 12,048 QA pairs (with 10,973 Multiple Choice Questions
and 1,075 open-ended questions based on the explanations that the annotators labeled), with three
levels of complexity: Easy: 25.36%, Medium: 50.22%, Hard: 24.42%.

Dataset Construction The construction of SPORTU-video began by identifying the types of tasks
that could be asked based on the sports domain. Some questions, such as sports recognition and
identifying the number of players, are common across all sports. Other questions are sports-specific,
requiring knowledge of rules or strategies for each sport. Full question templates can be found in the
appendix N. To classify the questions, we considered three different difficulty levels based on the
required sports knowledge and reasoning. Easy-level questions: These tasks rely on commonsense,
such as basic sports recognition. For example, questions like “What sport does the video show?”
or “How many players are shown?” do not require sports knowledge. Medium-level questions:
These questions require sports knowledge beyond commonsense. For example, models are asked to
identify which team is on offense based on the video or to recognize specific roles, such as a libero in
volleyball, by identifying the libero’s jersey color. Hard-level questions: These tasks involve deep
rule-based reasoning. For example, identifying rule violations or technical errors requires models to
understand the sport’s rules in detail and apply them to the specific context of the video.

Once the question types were defined, the annotators collected the appropriate video clips and la-
beled the corresponding ground truths that the videos showed, as multiple questions could often be
answered from a single video. There is no restriction on the data source for these slow-motion clips
as long as the annotators follow the original copyright and license requirements, and each video was
manually cropped to ensure high-quality footage suitable for detailed action analysis and rule com-
prehension. For multiple-choice questions, annotators labeled the ground truth category, such as the
specific foul (“handball” or “offsid”), which was then used to generate multiple-choice questions
with distractors derived from other categories. For open-ended questions, annotators provided de-
tailed explanations for the rule violation or foul observed in the video. These explanations were used
as the ground truth for generating open-ended questions, allowing models to be tested on reasoning
and explanation generation.

Explanations One of the unique aspects of SPORTU-video is its emphasis on tasks involving foul
detection and technical errors, where open-ended questions are accompanied by detailed human-
annotated explanations. These explanations provide insights into why certain fouls or errors oc-
curred, helping to evaluate models not only on their accuracy but also on their ability to explain
the reasoning behind their answers. Due to limited annotation resources, these explanations are
only provided for the most challenging tasks involving rule violations and technical errors, as these
require models to combine action recognition with textual rule understanding to determine the vio-
lation. We believe that these tasks offer the most rigorous test of a model’s ability to connect sports
knowledge with video comprehension.

4 EXPERIMENT

We compare MLLM’s performance on the SPORTU benchmark, We also evaluate the ability of
models to produce explanations. We start by describing the MLLMs in our experiments and their
experimental settings(§4.1), followed by prompting strategies (§4.2), and evaluation metrics (§4.3).

4.1 MODELS

SPORTU-text Evaluation: We evaluated several leading language models on the SPORTU-text,
including open-source models like Llama-3.1-405B (Dubey et al., 2024), and closed-source models
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such as GPT-4o (2024-08-06 version) (OpenAI, 2024a), Gemini-1.5 Pro(Gemini Team, 2024a), and
Claude-3.5-Sonnet (20240620 version) (Anthropic, 2024b). Access to these models was facilitated
through their respective APIs.

SPORTU-video Evaluation: We investigate a range of MLLMs, including 6 close-source models
and 6 open-source models. For close-source models, we evaluated GPT-4o (2024-08-06 version)
and -4omini (OpenAI, 2024a), Gemini 1.5 Pro (Gemini Team, 2024a), Gemini 1.5 Flash (Gemini
Team, 2024b), Claude-3.5-Sonnet (20240620 version) (Anthropic, 2024b) and-3.0-Haiku Anthropic
(2024).For open-source models, we evaluated ChatUniVi (Jin et al., 2023), LLaVA-NeXT (Liu et al.,
2024), mPLUG-Owl3 (Ye et al., 2024), Tarsier (Wang et al., 2024), Video-ChatGPT (Maaz et al.,
2024), VideoChat2(Li et al., 2024b), ST-LLM (Liu et al., 2025), and Qwen2-VL-72B (Bai et al.,
2023). For the closed-source models, we adhered to the default settings provided by their official
APIs. GPT and Claude family models processed ten image frames extracted from the video con-
tent as input. The Gemini family models processed the entire video, as their API supports video
input. Due to computing resource limitations, we used the 7B versions of all open-source mod-
els in this evaluation except Qwen2-VL-72B, which can be accessed by API. For VideoChat, we set
‘max frames’ to 100, while for the other open-source models, we used 16 frames as input. Across all
closed and open-source models, we set the temperature parameter to 0 to ensure consistent response
generation. All inferences are run on an NVIDIA RTX A6000.

4.2 PROMPTING STRATEGIES

We apply three different prompting strategies to generate answers and/or explanations. We represent
the input as X for the question and answer options, Y for the answer, and R for the explanation
(rationale). Our three strategies are:

• X → Y : No-CoT, which directly predicts the answer.

• X → RY : Reasoning where answer inference is conditioned to the rationale. This strategy
asks the model to engage in step-by-step reasoning first, and then answer the question. This
approach is based on chain of thought (CoT) prompting, which has been shown to improve
LLMs’ prediction accuracy across various reasoning tasks Wei et al. (2022). The zero-shot
CoT method is adapted from Kojima et al. (2022). We prompt the model to ‘think step by
step, then provide the correct answer.’

• X → Y R: This strategy asks the model to answer the question first, followed by the
rationale for why the model chose that option. This prompting method has proven effective
on REV Chen et al. (2023).

For the SPORTU-text evaluation, LLMs have demonstrated their capability for in-context learning
by utilizing exemplars through few-shot prompting (Brown, 2020). Therefore, we use four prompt-
ing baselines for evaluation: zero-shot X → Y (0S), zero-shot X → RY (0CoT), five-shot X → Y
(5S), and five-shot X → RY (5CoT). For the five-shot method, we provide five exemplars with
only the answers. The five exemplars for the five-shot CoT method include both the answers and
human-annotated rationales.

For the SPORTU-video evaluation, we use all three prompting methods. The zero-shot X → Y R
prompting method is applied to conduct human error analysis. More details of models’ specific
prompts are shown in the appendix L.

4.3 EVALUATION METRICS

We use accuracy (prediction compared to ground truth) to evaluate the predictions of each model in
multiple-choice tasks. We explore several methods to evaluate different aspects of model-generated
explanations and open-ended questions: ROUGE-L (Lin, 2004), BERTScore (Zhang et al., 2019),
BLEURT (Sellam et al., 2020), CTC-Preservation (Deng et al., 2021), and G-Eval Score (Liu et al.,
2023). ROUGE-L computes the surface-form similarity between model-generated explanations and
reference (human-annotated) explanations. BERTScore and BLEURT measure semantic similarity
using pre-trained BERT (Devlin, 2018) and fine-tuned BERT models respectively. CTC metrics
evaluate the information alignment of model-generated explanations. G-Eval is a framework that
uses large language models with chain-of-thought reasoning and a form-filling paradigm to assess
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the quality of NLG outputs. We apply this framework to evaluate the accuracy, conciseness, and
relevance of the model-generated explanations compared to the ground truth, reporting these as an
overall score. Since LLMs might favor their own answers, we utilize all four models evaluated in
the SPORTU-text part to implement the G-Eval process for SPORTU-text results and three models
(excluding LLama3.1-405B) for the SPORTU-video part. We also calculate the average score of the
models to obtain an overall score. The detailed prompt can be found in the Appendix J. To ensure
the reliability of the G-Eval scores, we conducted a human evaluation on a randomly selected set of
20 questions per sport across 7 sports, totaling 140 questions. This subset was used to compare the
G-Eval scores with human-annotated scores across 14 models. By using the same set of questions
for all models, we ensured consistency in comparison, allowing us to assess whether the G-Eval
scores were in line with human judgment. The human annotators rated the model-generated content
using the same criteria as G-Eval, providing a reference point for how well the automated evaluation
aligns with human evaluation.

5 RESULTS

We compared the performance of different models across both SPORTU-text and SPORTU-video.

Table 1: Performance of LLMs with Standard Prompt Settings
Setting Model Acc.(%)

X→Y (0S)

Claude-3.5-Sonnet 64.33
gemini-1.5 Pro 63.33
GPT-4o 70.22
Llama3.1-405B 66.67

X→Y (5S)

Claude-3.5-Sonnet 68.44
gemini-1.5 Pro 64.11
GPT-4o 70.78
Llama3.1-405B 66.33

Overall results for SPORTU-
text are shown in Table 1 and Ta-
ble 2, while the multiple-choice
QA results for SPORTU-video
are presented in Table 3, and
the open-ended QA results are
displayed in Table 4. Among
all models, GPT-4o performs the
best in SPORTU-text, achieving
the highest accuracy of 71% in
the five-shot CoT prompt set-
ting, along with a G-Eval score
of 4.16 in the zero-shot CoT
prompt setting. The G-Eval score confirms that GPT-4o can somewhat grasp sports-related rules,
strategies, and scenario-based questions. However, there remains a notable gap compared to expert
performance, which exceeds 90%, as mentioned in Xia et al. (2024a).

Table 2: Performance of LLMs on SPORTU-text evaluation across CoT settings. Metrics include:
Accuracy (Acc), ROUGE-L (R-L), BERTScore (B-S), BLEURT (BL), CTC Preservation (CTC),
GPT-based G-Eval (G-E), Gemini-based Eval (GEM), Claude-based Eval (CL), Llama-based Eval
(LL), and Average G-Eval score (AVG). GEM uses Gemini 1.5 pro, CL uses Claude-3.5-Sonnet,
and LL uses Llama3.1-405B for evaluation.

Setting Model Acc(%) R-L B-S BL CTC G-E GEM CL LL AVG

X→RY (0CoT )

Claude-3.5-Sonnet 64.67 0.26 0.65 0.57 0.43 3.78 3.25 3.28 4.07 3.60
gemini-1.5 Pro 62.67 0.28 0.62 0.53 0.43 3.79 3.57 3.39 3.98 3.68
GPT-4o 68.78 0.27 0.66 0.57 0.43 4.16 3.42 3.43 4.37 3.85
Llama3.1-405B 64.44 0.25 0.64 0.55 0.43 3.89 3.19 2.74 3.90 3.39

X→RY (5CoT )

Claude-3.5-Sonnet 65.22 0.27 0.65 0.56 0.43 3.98 3.43 3.39 4.15 3.74
gemini-1.5 Pro 61.22 0.30 0.62 0.53 0.43 3.73 3.51 3.49 3.38 3.53
GPT-4o 71.00 0.33 0.68 0.58 0.44 4.13 3.52 3.59 4.15 3.85
Llama3.1-405B 65.22 0.32 0.67 0.57 0.44 3.81 3.28 3.33 4.02 3.61

For the SPORTU-video multiple-choice task, Qwen2-VL-72B achieved the highest overall accuracy
at 70.94% on the X → Y setting, followed by Claude-3.5-Sonnet (70.18%). Models tend to perform
well on easy-level questions but show a significant gap in hard-level questions, indicating a lack of
domain knowledge, particularly in rule comprehension. For example, GPT-4o leads on the hard-
level tasks with only 57.84%. Among the open-source models, LLAVA-NeXT outperformed others.

By comparing three different prompting strategies, we observed that X → Y achieved the highest
overall performance across most models, outperforming both X → Y R and X → RY . For most
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Table 3: Overall performance of MLLMs on SPORTU-video for multiple-choice questions. The
best results are bolded. The results highlight that models perform best with the X → Y , followed
by X → Y R, and X → RY .

Model Accuracy(%)
X-YR X-RY X-Y

Close-source Model
Claude-3.0-Haiku 48.07 47.19 47.95
Claude-3.5-Sonnet 69.52 55.08 70.18

Gemini 1.5 Pro 65.13 63.04 64.93
Gemini 1.5 Flash 59.97 46.68 62.52

GPT-4omini 57.24 42.06 58.19
GPT-4o 68.00 65.56 68.79

Open-source Model
ChatUniVi 42.35 32.58 41.89

LLaVA-NeXT 68.89 62.16 63.72
mPLUG-Owl3 59.26 61.27 60.80

ST-LLM 41.59 40.09 46.39
Tarsier 61.32 55.70 60.99

Video-ChatGPT 44.63 42.36 34.05
VideoChat2 61.55 62.79 61.53

Qwen2-VL-72B 69.18 62.65 70.94

models, the accuracy follows the order: X → Y > X → Y R > X → RY . A detailed comparison
of the prompting strategies across different difficulty levels is provided in Appendix G.

We also found that when models generated the rationale first (in X → RY ), the final answer pre-
diction was often influenced by incorrect or hallucinated reasoning processes. Examples illustrating
these errors can be found in Appendix H. This observation aligns with the findings of Zhang et al.
(2023), further emphasizing the challenges of reasoning-based approaches in complex tasks.

For open-ended questions, Close source models, along with the Qwen2-VL-72B model, achieved
higher G-Eval and human rating scores compared to the 7B open-source models. This indicates
that close-source models exhibit stronger reasoning abilities than the 7B open-source models. GPT-
4o again led with a G-Eval score of 1.84, a result further validated by human annotators. Even
with human evaluations, the score closely aligned with G-Eval’s assessment, with the model not
exceeding a score of 3 when evaluated using all three LLMs. A score of 1 indicates very poor
performance, and 2 suggests poor performance based on the evaluation criteria. This highlights the
model’s struggle to connect observed actions with relevant domain knowledge, such as identifying
technical errors or specific rules. Overall, none of the MLLMs achieved an average score above 3,
demonstrating a gap in deep domain knowledge required for video sports understanding. We also
noticed that among the evaluated metrics, G-Eval demonstrates the closest alignment with human
ratings, with a Pearson correlation coefficient of 0.41. However, as this and other metrics exhibit
low correlations with human ratings, it highlights the need for developing a domain-specific metric
for evaluating sports content in the future. More can be found in Appendix I.

Additionally, we notice that the performance of models on multi-angle videos shows variability
depending on the camera perspectives for the same scene, indicating that models struggle with con-
sistent understanding across different camera angles. More details can be found in the appendix D.

5.1 ERROR ANALYSIS

To gain deeper insights into the limitations of MLLMs, we applied the X→YR prompting method,
where models first generated an answer and then explained their reasoning. This provided valuable
information about how models approached reasoning, especially in complex tasks like foul detec-
tion. We analyzed errors across both open-ended and multiple-choice tasks, selecting 20 incorrect
examples per sport for each model, resulting in a total of 3920 errors.

Figure 3 shows the radar chart representing the distribution of different error types. The most fre-
quent error was Question Understanding Error, particularly in questions like “Why is it a foul in
the video?” where models incorrectly responded that there was no foul despite the question’s clear
presupposition. Another common issue was Hallucination Error, such as when a model mentioned
a referee in its explanation, even though no referee was visible in the video. Detailed examples of
these errors and further case studies are provided in Appendix M.
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Table 4: Model performance on SPORTU-video open-ended tasks. Metrics include ROUGE-L
(R-L), BERTScore (B-S), BLEURT (BL), CTC Preservation (CTC), GGPT-based G-Eval (G-E),
Gemini-based Eval (GEM), Claude-based Eval (CL), Llama-based Eval (LL), and Average G-Eval
score (AVG). GEM uses Gemini 1.5 pro, CL uses Claude-3.5-Sonnet, and LL uses Llama3.1-405B
for evaluation and Human Rating (H-R*). * denotes human ratings conducted to verify the reliability
of the G-Eval scores as mentioned in 4.3

Model R-L B-S BL CTC G-E GEM CL AVG H-R*

Close-source Models
Claude-3.0-Haiku 0.08 0.41 0.43 0.39 1.55 1.80 1.63 1.66 1.93
Claude-3.5-Sonnet 0.05 0.40 0.43 0.39 1.62 1.89 1.59 1.70 2.13
Gemini 1.5 Pro 0.08 0.38 0.36 0.38 1.11 1.16 1.20 1.16 1.19
Gemini 1.5 Flash 0.13 0.45 0.42 0.39 1.34 1.70 1.62 1.55 1.84
GPT-4omini 0.05 0.39 0.36 0.38 1.60 1.94 1.65 1.73 2.17
GPT-4o 0.07 0.41 0.43 0.39 1.84 1.17 1.75 1.59 2.51

Open-source Models
ChatUniVi 0.07 0.39 0.37 0.38 1.27 1.39 1.45 1.37 1.48
LLaVA-NeXT 0.17 0.47 0.38 0.40 1.47 1.63 1.75 1.61 1.62
mPLUG-Owl3 0.15 0.44 0.37 0.39 1.38 1.60 1.75 1.58 1.46
Tarsier 0.12 0.45 0.36 0.40 1.36 0.70 1.78 1.28 1.63
Video-ChatGPT 0.08 0.39 0.35 0.38 1.08 1.11 1.36 1.19 1.22
VideoChat2 0.23 0.49 0.35 0.40 1.43 1.73 1.79 1.65 1.48
ST-LLM 0.13 0.38 0.20 0.41 1.30 1.50 1.52 1.44 1.22
Qwen2-VL-72B 0.10 0.42 0.39 0.41 1.62 1.94 1.72 1.76 2.08
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Figure 3: Error type distribution across different MLLMs on SPORTU-video tasks. The analysis
reveals that Question Understanding Error is the most common issue, followed by Hallucination
Error. Each error type highlights specific model limitations in comprehending the task.

6 CONCLUSION

In this paper, we introduced SPORTU, a benchmark designed to evaluate the sports understanding
capabilities of Multimodal Large Language Models (MLLMs). SPORTU comprises two compo-
nents: SPORTU-text, which assesses models’ comprehension of rules, strategies, and scenarios
through multiple-choice questions, and SPORTU-video, which evaluates their ability to apply this
knowledge to real-world sports footage, including tasks like recognition, foul detection, and rule
application. By integrating both text and video tasks, SPORTU provides a holistic assessment of
reasoning abilities across different levels of complexity. Our results reveal that while models like
GPT-4o show progress in text-based reasoning, they struggle with scenario-based reasoning and con-
necting visual actions with domain-specific rules. Error analysis highlights issues such as question
misunderstanding and hallucination, emphasizing the need for improved reasoning capabilities in fu-
ture models. We also discuss the broader impacts of our findings in Appendix B. We hope SPORTU
will inspire advancements in MLLMs and contribute to robust real-world sports understanding.
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A MORE RELATED WORKS

In this section, we provide a detailed comparison table 5 of various QA datasets across multiple
dimensions. This includes QA Type, whether explanations are provided, the presence of multilevel
difficulty, and the coverage of domain knowledge in terms of both action and rule. Additional
features compared include whether datasets incorporate slow motion, multi-camera angles, and the
number of sports covered. Average explanation or answer length refers to the average word count
for open-ended explanations or answers.

Table 5: Comparison of various QA datasets across multiple dimensions. MC means Multiple
Choice. OE means open-ended. Avg Exp. and Ans. Length refers to the average word count for
open-ended explanations and answers.

Benchmark QA Type Question Type Explanation Multilevel Diff. Domain Knowledge Slow Motion Multi Camera Angle No. of Sports Avg Exp. or Ans. Length
Action Rule

Text

BIG-bench (bench authors, 2023) Context-free MC ✗ ✗ ✗ ✗ - - 5 -
LiveQA (Liu et al., 2020) Context extractive MC ✗ ✗ ✗ ✗ - - 1 -
QASports (Jardim et al., 2023) Context extractive OE ✗ ✗ ✗ ✗ - - 3 -
SportQA (Xia et al., 2024a) Context-free MC ✗ ✓ ✗ ✓ - - 35 -
SPORTU-text (Ours) Context-free MC ✓ ✓ ✗ ✓ - - 5 100.19

Video

Sports-QALi et al. (2024a) Video QA OE ✗ ✗ ✓ ✗ ✗ ✗ 8 -
SoccerNet-XFoul (Held et al., 2024b) Video QA OE ✓ ✗ ✓ ✓ ✗ ✓ 1 25
SPORTU-video (Ours) Video QA OE + MC ✓ ✓ ✓ ✓ ✓ ✓ 7 13.29

B BROADER IMPACTS

Sports understanding is a critical domain for MLLMs to develop as they are increasingly applied to
real-world tasks, such as supporting sports education. MLLMs with advanced reasoning capabilities
can empower non-experts to quickly grasp the rules and dynamics of sports, enhancing their ability
to enjoy and understand games. They also hold promise for supporting advanced applications like
sports strategy analysis and real-time decision-making, which brings new chapters for the sports
community.

The SPORTU benchmark addresses key gaps in existing datasets by systematically evaluating
MLLMs’ sports understanding across three difficulty levels: easy, medium, and hard. This tiered
structure reveals how models perform well on commonsense-based questions but face challenges as
tasks demand deeper sports knowledge and reasoning. These findings highlight the current limita-
tions of MLLMs in sports reasoning and underscore the need for further advancements to address
these gaps. As the timing when we write the paper, the MLLMs are still struggling with combin-
ing actions with corresponding rules and explaining the rationale, so we believe that SPORTU can
meaningfully guide the development and benchmarking of future MLLMs in the sports domain.
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C DISCUSSION

At the time of writing this paper, current SOTA MLLMs still perform poorly on challenging tasks
that require combining sports knowledge with corresponding actions, particularly in connecting
these actions to various rules. Through different prompting strategies, we found that the models
performed even worse when required to provide a reasoning process before predicting the final
answer. However, the sports domain necessitates that MLLMs have a robust and reliable reasoning
process, as explaining the concept behind the questions, where people can be inspired and learn
from the context, is often more important than simply providing the final result.

Additionally, we observed that better frame extraction strategies need to be developed specifically
for sports tasks to ensure that the actions critical for reasoning about the question are clearly provided
to the model. A more effective grounding method could also enhance the model’s ability to distin-
guish actions more accurately. During the experiments, we noticed that while models sometimes
captured and described most of the correct movements, they often failed to infer the corresponding
rule violations. This highlights a significant gap in connecting recognized actions to specific rules,
underscoring the need for models to not only identify movements but also to understand what a rule
violation should look like.

We hope that our benchmark can positively contribute to the community, serving as a foundational
step to bring more attention to the sports domain and to inspire the development of advanced models
that can help people engage more deeply with sports.
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D MULTI-ANGLE VIDEOS RESULT

D.1 MODEL PERFORMANCE

Table 6: Accuracy comparison across multiple camera angles of the same question
Model (%) P(All Correct) P(All False) P(At least One Correct & At least One False)
Claude-3.0-Haiku 32.17 32.11 35.72
Claude-3.5-Sonnet 52.86 18.59 28.55
Gemini 1.5 Pro 43.24 25.41 31.35
Gemini 1.5 Flash 48.48 22.96 28.55
GPT-4omini 36.89 28.40 34.72
GPT-4o 47.42 20.84 31.73
ChatUniVi 29.31 38.52 32.17
LLaVA-NeXT 53.67 22.26 24.07
mPLUG-Owl3 42.77 27.91 29.31
ST-LLM 22.72 58.39 24.88
Tarsier 48.25 26.05 25.70
Video-ChatGPT 25.06 35.84 39.10
VideoChat2 47.84 21.27 30.89
Qwen2-VL-72B 51.78 20.11 28.11

In this section, we analyze the performance of models when answering the same question from
different camera angles within the same scene. The objective is to evaluate how consistently mod-
els understand the same scenario when presented from multiple perspectives. For example, if the
question is “What color is the person’s jersey?”, the same question is asked across different camera
angles for the same scene. The results are categorized into three distinct cases:

• P(All Correct): This indicates the percentage of instances where the model answered cor-
rectly for all camera angles of the same scene. A higher percentage reflects the model’s
ability to consistently interpret and understand the scene across multiple perspectives.

• P(All False): This shows the percentage of instances where the model answered incorrectly
for all angles of the same scene, highlighting consistent misunderstanding across different
perspectives.

• P(At least One Correct& At least One False): This category reflects situations where the
model answered correctly for at least one camera angle but incorrectly for at least one other,
indicating that the model’s understanding varies depending on the perspective.

The analysis reveals that camera angle variation can significantly affect the model’s performance.
While some models are more consistent across angles, others show a noticeable drop in accuracy
when the angle changes, suggesting challenges in maintaining robust understanding across multiple
viewpoints. This highlights a critical area for further research and improvement in multimodal
models when handling multi-angle video inputs. We will present an example in the next section
where the model answers the question incorrectly when viewed from one camera angle but answers
it correctly from another.
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D.2 EXAMPLE OF MULTI-ANGLE VIDEOS

In this section, we provide an example that shows that under the same question, the model got
different answers from two different camera angles.

Figure 4: Under camera angle one, the model answers the question correctly.

Figure 5: Under camera angle two, the model answers the question wrong.
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E ZERO SHOT BASED PROMPT SETTING RESULTS ACROSS RULES-,
STRATEGY-, AND SCENARIO-RELATED QUESTION ON SPORT-TEXT

E.1 ZERO SHOT RESULT

Table 7: Zero Shot Performance of LLMs across different question types.
Model(%) Acc. (overall) Acc. (rule) Acc. (scenario) Acc. (strategy)
Claude-3.5-Sonnet 64.33 58.27 67.42 70.62
GPT-4o 70.22 68.56 69.69 74.58
Llama3.1-405B 66.67 62.33 69.97 68.93
Gemini-1.5 Pro 63.33 60.43 64.41 67.05

E.2 ZERO SHOT WITH COT RESULT

Table 8: Zero Shot CoT Performance of LLMs across different Question Types.
Model Acc.(%) ROUGE-L BERTScore BLEURT CTC Presv. G-Eval
Overall
Claude-3.5-Sonnet 64.67 0.26 0.65 0.57 0.43 3.78
Gemini-1.5 62.67 0.28 0.62 0.53 0.43 3.79
GPT-4o 68.78 0.27 0.66 0.57 0.43 4.16
Llama3.1-405B 64.44 0.25 0.64 0.55 0.43 3.89

Rule
Claude-3.5-Sonnet 64.67 0.26 0.65 0.57 0.43 3.79
Gemini-1.5 62.67 0.28 0.62 0.53 0.42 3.80
GPT-4o 68.78 0.27 0.66 0.57 0.43 4.16
Llama3.1-405B 64.44 0.25 0.64 0.55 0.43 3.89

Strategy
Claude-3.5-Sonnet 67.43 0.25 0.65 0.57 0.43 3.89
Gemini-1.5 62.29 0.26 0.61 0.52 0.42 3.98
GPT-4o 73.14 0.27 0.66 0.56 0.43 4.23
Llama3.1-405B 65.71 0.24 0.63 0.54 0.43 3.98

Scenario
Claude-3.5-Sonnet 66.20 0.26 0.65 0.57 0.43 3.86
Gemini-1.5 61.13 0.27 0.62 0.53 0.43 3.71
GPT-4o 68.73 0.27 0.66 0.56 0.43 4.10
Llama3.1-405B 66.57 0.25 0.64 0.55 0.43 3.91
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F FIVE SHOT BASED PROMPT SETTING RESULTS ACROSS RULES-,
STRATEGY-, AND SCENARIO-RELATED QUESTION ON SPORT-TEXT

F.1 FIVE SHOT RESULT

Table 9: Five Shot Performance of LLMs across different question types.
Model (%) Acc. (overall) Acc. (rule) Acc. (scenario) Acc. (strategy)
Claude-3.5-Sonnet 68.44 65.04 70.82 70.62
GPT-4o 70.78 70.46 70.54 71.75
Llama3.1-405B 66.33 62.6 68.84 68.93
Gemini-1.5 Pro 64.11 63.14 61.76 70.62

F.2 FIVE SHOT WITH COT RESULT

Table 10: Five Shot CoT Performance of LLMs across different question types.
Model Acc.(%) ROUGE-L BERTScore BLEURT CTC Presv. G-Eval
Overall
Claude-3.5-Sonnet 65.22 0.27 0.65 0.56 0.43 3.98
Gemini-1.5 61.22 0.30 0.62 0.53 0.43 3.73
GPT-4o 71.00 0.33 0.68 0.58 0.44 4.13
Llama3.1-405B 65.22 0.32 0.67 0.57 0.44 3.81

Rule
Claude-3.5-Sonnet 64.77 0.27 0.65 0.56 0.43 3.95
Gemini-1.5 59.89 0.31 0.63 0.54 0.43 3.63
GPT-4o 70.46 0.34 0.69 0.58 0.44 4.09
Llama3.1-405B 62.60 0.33 0.67 0.58 0.44 3.73

Strategy
Claude-3.5-Sonnet 66.86 0.26 0.65 0.56 0.43 4.15
Gemini-1.5 63.84 0.29 0.62 0.53 0.42 3.99
GPT-4o 71.43 0.33 0.68 0.58 0.44 4.23
Llama3.1-405B 66.29 0.32 0.67 0.57 0.44 3.89

Scenario
Claude-3.5-Sonnet 64.79 0.27 0.65 0.57 0.43 3.95
Gemini-1.5 61.19 0.30 0.62 0.53 0.43 3.75
GPT-4o 71.27 0.32 0.68 0.58 0.44 4.12
Llama3.1-405B 67.61 0.32 0.67 0.57 0.44 3.87
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G RESULT OF THREE PROMPT SETTINGS ON SPORTU-VIDEO ACROSS
DIFFERENT LEVELS OF DIFFICULTY

Table 11: Overall performance of MLLMs on SPORTU-video for multiple-choice questions across
three difficulty levels. The best results are bolded. The results highlight that models perform best
with the X → Y prompt (25/56 leading performances), followed by X → (21/56), and X → Y R
(10/56).

Model Difficulty Performance
X-YR X-RY X-Y

Claude-3.0-Haiku

Easy 68.41 66.58 66.62
Medium 46.43 46.11 46.53

Hard 20.12 18.94 22.42
Overall 48.07 47.19 47.95

Claude-3.5-Sonnet

Easy 88.65 63.83 89.15
Medium 65.10 55.52 65.88

Hard 52.57 39.32 53.06
Overall 69.52 55.08 70.18

Gemini 1.5 Pro

Easy 85.85 85.20 87.52
Medium 58.25 58.11 61.22

Hard 43.53 42.75 39.98
Overall 65.13 63.04 64.93

Gemini 1.5 Flash

Easy 85.99 59.07 85.19
Medium 53.38 50.85 58.56

Hard 38.73 12.89 38.26
Overall 59.97 46.68 62.52

GPT-4omini

Easy 66.09 59.02 66.68
Medium 55.69 42.25 58.12

Hard 47.54 13.67 44.49
Overall 57.24 42.06 58.19

GPT-4o

Easy 84.89 79.92 84.30
Medium 62.31 65.98 64.83

Hard 57.84 40.51 56.20
Overall 68.00 65.56 68.79

Qwen2-VL-72B

Easy 94.86 84.16 95.11
Medium 66.27 61.69 66.97

Hard 36.53 30.56 44.12
Overall 69.18 62.65 70.94

ChatUniVi

Easy 59.22 49.04 55.99
Medium 36.95 28.55 35.63

Hard 32.21 18.71 39.07
Overall 42.35 32.58 41.89

LLaVA-NeXT

Easy 94.24 91.43 92.44
Medium 67.02 56.00 59.39

Hard 33.44 34.21 30.78
Overall 68.89 62.16 63.72

mPLUG-Owl3

Easy 87.28 88.51 87.11
Medium 55.58 58.75 57.37

Hard 25.40 24.88 28.89
Overall 59.26 61.27 60.80

ST-LLM

Easy 59.26 68.54 63.09
Medium 36.08 33.23 41.14

Hard 30.51 22.10 36.08
Overall 41.59 40.09 46.39

Tarsier

Easy 89.71 84.01 88.13
Medium 58.43 50.94 58.35

Hard 24.25 24.80 25.17
Overall 61.32 55.70 60.99

Video-ChatGPT

Easy 62.36 63.91 37.04
Medium 39.40 38.64 36.01

Hard 32.55 19.12 22.82
Overall 44.63 42.36 34.05

VideoChat2

Easy 88.30 88.62 89.37
Medium 58.73 60.45 58.65

Hard 26.94 28.13 25.29
Overall 61.55 62.79 61.53
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H EXAMPLES OF ERRORS ACROSS PROMPT STRATEGIES

In this section, we show examples where the question was answered correctly in the X → Y prompt
setting but failed in either the X → RY , X → Y R, or both settings.

Figure 6: Basketball Easy level Question
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Figure 7: The same question is answered correctly in the X → Y setting but incorrectly in both the
X → RY and X → Y R settings.
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Figure 8: The same question is answered correctly in both the X → Y setting and X → Y R
settings but incorrectly in the X → RY setting.
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I CORRELATION MATRIX OF EVALUATION METRICS

We applied Pearson correlation to assess the relationship between the automatic evaluation metrics
and human-annotated scores for the SPORTU-Video part. As shown in Figure 9, G-eval has the
highest correlation with the human scores among all the automatic metrics. However, the correlation
is still weak, indicating the need for the development of a new evaluation metric in the future to
improve the assessment process.

Figure 9: Examples of SPORTU-video
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J CRITEIRA OF G-EVAL

This score assesses the overall accuracy, conciseness, and relevance of the model-generated expla-
nation to the ground truth explanation. The explanation should focus on identifying and clearly
explaining the key issue or relevant action.
Scoring Breakdown:

• Score 1 (very poor):
The explanation is incorrect or does not address the key issue at all. It might be filled with
irrelevant details that distract from the main point.
• Score 2 (poor):
The explanation contains some correct elements but fails to clearly identify the key issue.
There may be excessive irrelevant details that obscure the main point.
• Score 3 (adequate):
The explanation identifies the key issue but includes too much unnecessary information or
lacks clarity. The key point is present but could be more concise.
• Score 4 (good):
The explanation clearly identifies the key issue with some minor unnecessary details. The
core explanation is correct and relevant but may include a few extra, non-essential details.
• Score 5 (excellent):
The explanation is concise, accurate, and directly addresses the key issue without any un-
necessary information. It clearly and effectively answers the question.

Evaluation Steps:
1. Read the ground truth explanation.
2. Identify the specific context in the ground truth explanation that represents the key issue
(e.g., a foul, a mistake).
3. Read the model output explanation.
4. Compare the model’s explanation to the ground truth explanation, focusing on how 
directly
and concisely the model output identifies the key issue.
5. Assign a score for explanation of overall relevance on a scale of 1 to 5, based on the 
criteria.

Model Generated Explanation: {{Model Generated Content}}
Ground Truth Explanation: {{Ground Truth Content}}
Evaluation Form (scores ONLY): Overall:

CRITERIA OF G-EVAL

Figure 10: Criteria and prompt used in G-Eval score evaluation. The same prompt template is
applied to all four evaluator models.

30



Published as a conference paper at ICLR 2025

K SPORTU-TEXT PROMPT TEMPLATES

K.1 ZERO SHOT STANDARD PROMPT

Table 12: Prompt Template for Zero-shot Standard Prompt on SPORTU-text

{
role: “system”,
content: “You are a sport experts answering sports-related questions. Please indicate

the correct answer(s) clearly with letter(s).”
},
{

role:“user”,
content: “Question: {{question}} {{options}}. Only output the correct option letters.”

}

K.2 ZERO SHOT COT PROMPT

Table 13: Prompt Template for Zero-shot CoT Prompt on SPORTU-text

{
role: “system”,
content: “You are a sport experts answering sports-related questions. Please indicate

the correct answer(s) clearly with letter(s).”
},
{

role:“user”,
content: “ Question: {{question}} {{options}}. Let’s think step by step.”

}
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K.3 FIVE SHOT STANDARD PROMPT

Table 14: Prompt Template for Five-shot Standard Prompt on SPORTU-text

{
role: “system”,
content: “You are a sport experts answering sports-related questions. Please indicate

the correct answer(s) clearly with letter(s).”
},
{{five-shot examples}}, {

role:“user”,
content: “Question: {{question}} {{options}}. Only output the correct option letters.”

}

K.4 FIVE SHOT COT PROMPT

Table 15: Prompt Template for Five-shot CoT Prompt on SPORTU-text

{
role: “system”,
content: “You are a sport experts answering sports-related questions. Please indicate

the correct answer(s) clearly with letter(s).”
},
{{five-shot examples with explanations}}, {

role:“user”,
content: “Question: {{question}} Options: {{options}}.”

}
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L SPORTU-VIDEO PROMPT TEMPLATES

L.1 X - YR PROMPT TEMPLATE

Table 16: Prompt Template for SPORTU-video X → Y R setting

{
role: “system”,
content: “You are a sports expert analyzing a series of video frames that form a con-

tinuous short video clip. Your task is to answer questions based on the content of these
frames.”
},
{

role: “user”,
content: [
{{video frames}},
{

type: “text”,
text: “Based on the video frames provided, answer this sports-related question:

{{question}} Options: {{options}}. Respond with the letter of the correct option, for-
matted as ‘The correct answer is: ’, and explain why you chose that option.”

}
]

}

L.2 X - RY PROMPT TEMPLATE

Table 17: Prompt Template for SPORTU-video X → RY setting

{
role:“system”,
content: “You are a sports expert analyzing a series of video frames that form a con-

tinuous short video clip. Your task is to answer questions based on the content of these
frames.”
},
{

role: “user”
content: [
{{video frames}},
{

type: “text”,
text: “Based on the video frames provided, answer this sports-related question:

{{question}} Options: {{options}}. Let’s answer this question step by step. add a sen-
tence formatted as ’The correct answer is: ’ at the end of your thinking process. ”

}
]

}
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L.3 X - Y PROMPT TEMPLATE

Table 18: Prompt Template for SPORTU-video X → Y setting

{
role: “system”,
content: “You are a sports expert analyzing a series of video frames that form a con-

tinuous short video clip. Your task is to answer questions based on the content of these
frames.”
},
{

role: “user”,
content: [
{{video frames}},
{

type: “text”,
text: “Based on the video frames provided, answer this sports-related question:

{{question}} Options: {{options}}. Answer with only the letter of the correct option.”
}

]
}

L.4 OPEN-ENDED TEMPLATE

Table 19: Prompt Template for SPORTU-video Open-ended Questions

{
role: “system”,
content: “You are a sports expert analyzing a series of video frames that form a con-

tinuous short video clip. Your task is to answer questions based on the content of these
frames.”
},
{

role: “user”,
content: [
{{video frames}},
{

type: “text”,
text: “Based on the video frames provided, answer this sports-related question:

{{question}}. Please provide a detailed explanation, focusing on the sports aspects of the
video.”

}
]

}
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M ADDITIONAL ERROR ANALYSIS

This section presents the error analysis of the models we evaluated on SPORTU-video. For the error
types, we evaluated the models with coarse granularity, dividing the errors into five categories as
follows:

• Question Understanding Error – The model misinterprets the intent or context of the ques-
tion, providing an answer that does not align with what the question is asking.

• Visual Perception Error – The model incorrectly interprets the visual content, leading to
faulty assumptions about the data presented in the video.

• Hallucinations – The model generates content or details that do not exist in the actual data,
essentially ’hallucinating’ information.

• Reasoning Error – The model exhibits poor logical reasoning, resulting in incorrect con-
clusions based on the available data.

• Lack of Domain Knowledge – The model fails to answer questions that require specific
domain expertise, revealing a gap in its knowledge.
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Figure 11: Error type distribution across different MLLMs on SPORTU-video tasks: the left side
represents errors from multiple-choice questions, while the right side represents errors from open-
ended questions.

We observe that open-ended questions have the highest frequency of question understanding errors.
For instance, when asked ‘Why is it a foul in the video?’, the model might respond that there is no
foul, which is a question understanding error because the phrasing of the question already implies
that a foul occurred. This issue is much less frequent in multiple-choice questions (as shown on the
left side of the figure 11). When presented with four options, the model tends to select one of the
provided answers, rather than completely misinterpreting the premise of the question. Examples of
each Error are in Appendix Q.
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N QUESTION TEMPLATE FOR EACH SPORT

This section shows the questions we use for each sport. (Table 20 - Table26).

Table 20: Question Template for Volleyball
Why is it a fault in the video?
What sport does this video show?
What kind of fault or foul does this video show?
What main color jersey is the libero wearing?
If the libero’s jersey color does not count, what main color jerseys are the players on the right
side wearing?
If the libero’s jersey color does not count, what main color jerseys are the players on the left
side wearing?
If the libero’s jersey color does not count, what main color jerseys are the players on the far
side wearing?
If the libero’s jersey color does not count, what main color jerseys are the players on the close
side wearing?
What main color jersey is the libero on the close side wearing?
What main color jersey is the libero on the far side wearing?
What main color jersey is the libero on the left side wearing?
What main color jersey is the libero on the right side wearing?
Is there a rule violation in the video?

Table 21: Question Template for Basketball
What sport does this video show?
What specific type of foul, if any, occurred in the video? Choose the most appropriate one.
What main color jersey is the offensive team wearing?
What main color jersey is the defensive team wearing?
What main color jersey does the player who committed the foul wear?
What main color jersey is the player who was fouled wearing?
What main jersey colors do the two teams wear in this video?
Is there a rule violation in the video?
Why is it a foul in the video?

Table 22: Question Template for Badminton
Why is it a rule violation in the video?
How is the player making a technical error in the video?
What sport does this video show?
What kind of rule violation is in the video?
What main color jersey is the left side team wearing?
What main color jersey is the right side team wearing?
What main color jersey is the close side team wearing?
What main color jersey is the far side team wearing?
What specific action does the player perform in the video?
How many players are shown in total in this video?
Is the player making a technical error in the video?
Is there a rule violation in the video?
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Table 23: Question Template for Baseball
What sport does this video show?
What kind of rule violation is in the video?
Based on this video, which of the following descriptions best applies to the situation?
As a referee, what procedure would you follow in this situation in the video?
What main color jersey is the fielder team wearing?
What main color jersey is the batting team wearing?
What main jersey colors do the two teams wear in this video?
Is there a rule violation in the video?
Why did the rule violation occur in the video?

Table 24: Question Template for Soccer
Why is it a foul in the video?
Why is it not a foul in the video?
Based on this video, which of the following descriptions apply to the situation that occurred?
What sport does this video show?
What kind of foul does this video show?
What main color jersey is the offensive team wearing?
What main color jersey is the defensive team wearing?
What main color jersey does the player who committed the foul wear?
What main color jersey is the player who was fouled wearing?
What main color jersey does the goalkeeper wear?
What main jersey colors do the two teams wear in this video?
How many players are shown in total in this video?
Is there a rule violation in the video?

Table 25: Question Template for Ice Hockey
What sport does this video show?
What kind of foul is committed in the video?
What main color jersey does the player who committed the foul wear?
What main color jersey is the player who was fouled wearing?
What main jersey colors do the two teams wear in this video?
Is there a rule violation in the video?
If we consider the fight in the video to be a legit fight, defined as a fight between two willing
participants who drop their gloves and helmets, with the fight ending when one player falls or
officials intervene, and this fight does not result in a penalty, is there any other foul in the video
that will cause a penalty?
Why is it a foul in the video?

Table 26: Question Template for American Football
Why is it an error in the video?
Why is it a foul in the video?
What sport does this video show?
What kind of foul does this video show?
What kind of error does the player make in this video?
What main color jersey is the offensive team wearing?
What main color jersey is the defensive team wearing?
What main jersey colors do the two teams wear in this video?
Is there a foul in this video?
Does any player make an error in this video?
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O SPORTU-TEXT EXAMPLES

O.1 RULE-RELATED QUESTION

Table 27: Rule Question 1
Question: How does ball possession work in basketball after the successful final free throw?
A) The team that made the free throw retains possession.
B) The team that missed the free throw gains possession.
C) The opposing team gains possession.
D) The team with the most points gains possession.
Answer: C
Explanation: According to FIBA’s rules on what should happen after a successful field goal
or the last successful free throw, following the last successful free throw, any player from
the non-scoring team should inbound the ball from any position behind their own endline;
therefore, option A is incorrect. The team that missed the free throw is the same team as the
one executing the free throw during the game, but the question specifies that the team’s last
free throw was successful; therefore, option B is incorrect. Since the rule states that any player
from the non-scoring team should inbound the ball from behind their own endline, and since
the team that executed the last free throw scored, the non-scoring team, i.e., the opposing team,
should regain possession of the ball and inbound it; therefore, option C is correct. The scoring
situation of both teams does not affect the distribution of possession after a successful free
throw, so neither the number of points scored nor the point differential is a determining factor
for possession distribution; therefore, option D is incorrect. Hence, the correct answer is option
C.

Table 28: Rule Question 2
Question: Question: Which player is typically responsible for throwing the ball to the receivers
in American football?
A) Linebacker.
B) Quarterback.
C) Running back.
D) Tight end.
Answer: B
Explanation: Linebacker is on the defensive side and does not often have a chance to touch
the ball, therefore option A is incorrect. Quarterback usually throws the ball to running back,
therefore option B is correct. Running back is the one who often receives the ball, therefore
option C is incorrect. Tight end usually blocks the other player and is not primarily meant to
grab the ball, therefore option D is incorrect. Hence, the correct answer is option B.
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O.2 STRATEGY-RELATED QUESTION

Table 29: Strategy-related Question Sample 1
Question: What are key considerations when implementing a successful blocking scheme in
volleyball defensive strategies?
A) The blocker’s positioning in relation to the attacker’s hitting arm.
B) The speed of the incoming serve.
C) The position of the setter on the opposing team.
D) The timing and coordination between the blockers.
Answer: ABCD
Explanation: The positioning in relation to the attacker’s hitting arm is crucial for a successful
block and for the entire team’s block and defensive formation. The side blocker usually posi-
tions their head in line with the hitter’s arm and the ball to cover the straight line, or uses their
right hand on the hitter’s arm and the ball to cover the cross-court angle. The back-row players
will adjust their position based on the main angles that the blockers are covering. Therefore,
option A is correct. Increasing the speed of the serve makes it harder for the opponent to re-
ceive, potentially putting them out of system. This reduces the opponent’s attacking options
compared to when they are in system, making blocking easier. Therefore, option B is correct.
The setter’s position directly determines the team’s strategic options and makes it easier for
blockers to read and predict the play. Therefore, option C is correct. Timing and coordination
between the blockers are also essential, as blockers aim to jump together without leaving gaps
if they decide to execute a multi-blocker jump. Therefore, option D is correct. Hence, the
correct answer to this question is A, B, C, and D.

Table 30: Strategy-related Question Sample 2
Question: Question: Which of the following are common attack patterns in volleyball offensive
strategies?
A) Quick set
B) Slide attack
C) 5-1 formation
D) Triple quick
Answer: AB
Explanation: A quick set is an attacking pattern for the middle blocker. The middle blocker
jumps close to the setter and jumps before the setter sets the ball. The setter then sets the ball
low and quickly to the middle blocker’s optimal attacking position. Therefore, option A is
correct. A slide attack is another attacking pattern for the middle blocker, where the middle
blocker approaches the right-side position, usually 2-3 meters from the setter, and swings with
a one-foot jump. The setter will set a low arc ball backward to the right side. Therefore, option
B is correct. The 5-1 formation is a team strategy concerning how many setters are on the
court and is not related to attack patterns. Therefore, option C is incorrect. ‘̀Triple quickı̈s not
a common attack pattern or strategy in standard volleyball. Therefore, option D is incorrect.
Hence, the correct answers are A and B.
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O.3 SCENARIO-RELATED QUESTION

Table 31: Scenario-Related Question 1
Question: Which of the following scenarios would most likely result in a red card offense in a
football match?
A) A player politely disagrees with the referee’s decision.
B) A player accidentally trips another player while trying to get the ball.
C) A player uses offensive language or gestures towards the referee.
D) A player passes the ball back to his own goalkeeper.
Answer: C
Explanation: Disagreeing with the referee’s decision, as long as it is done reasonably and
without abuse, will not result in a red card, therefore option A is incorrect. Accidentally trip-
ping a player will not result in a red card because it is not intentional, therefore option B is
incorrect. Using offensive language or gestures violates sportsmanship and will result in a red
card, therefore option C is correct. Passing the ball back to the goalkeeper does not result in
a red card; it will result in an indirect free kick, therefore option D is incorrect. Hence, the
correct answer is option C.

Table 32: Scenario-Related Question 2
Question: In a competitive basketball game, Player A accidentally knocks the ball which then
bounces off Player B’s hand, rolls on the boundary line, touches Player C’s foot while he is
standing on the line, and finally goes out of the court. Which player is considered to have
caused the ball to go out of bounds?
A) A) Player A because he accidentally knocked the ball first.
B) Player B because the ball touched his hand before rolling on the boundary line.
C) Player C because the ball touched his foot while he was standing on the boundary line.
D) None of the players caused the ball to go out of bounds because the ball rolled on its own.
Answer: C
Explanation: According to FIBA’s rules regarding out-of-bounds, only the player who last
touched or was touched by the ball before it went out of bounds is considered responsible for
the out-of-bounds situation. Since Player A touched the ball before it touched Player B, Player
A was not the last player to touch the ball; therefore, option A is incorrect. Similarly, after
Player B touched the ball, it then touched Player C, so Player B was not the last player to touch
the ball; therefore, option B is incorrect. Because Player C was the last player to touch the ball
before it was deemed out of bounds, and the ball touched Player C’s foot, causing it to go out
of bounds, Player C is considered responsible for the out-of-bounds situation; therefore, option
C is correct. Since the ball touched at least one player before going out of bounds, it cannot be
considered that no player caused the ball to go out of bounds; therefore, option D is incorrect.
Hence, the correct answer is option C.
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P SROUTU-VIDEO EXAMPLES

P.1 BASKETBALL

Figure 12: Basketball Easy level Question

Figure 13: Basketball Medium level Question
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Figure 14: Basketball hard level Question

P.2 VOLLEYBALL

Figure 15: Volleyball easy level Question
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Figure 16: Volleyball medium level Question

Figure 17: Volleyball hard level Question
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P.3 SOCCER

Figure 18: Soccer easy level Question

Figure 19: Soccer medium level Question
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Figure 20: Soccer hard level Question

P.4 BADMINTON

Figure 21: Badminton easy level Question
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Figure 22: Badminton medium level Question

Figure 23: Badminton hard level Question
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P.5 AMERICAN FOOTBALL

Figure 24: American Football easy level Question

Figure 25: American Football medium level Question
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Figure 26: American Football hard level Question

P.6 ICE HOCKEY

Figure 27: Ice Hockey easy level Question
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Figure 28: Ice Hockey medium level Question

Figure 29: Ice Hockey hard level Question
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P.7 BASEBALL

Figure 30: Baseball easy level Question

Figure 31: Baseball medium level Question
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Figure 32: Baseball hard level Question
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Q EXAMPLES OF EACH ERROR TYPE

Q.1 QUESTION UNDERSTANDING ERROR

Figure 33: Examples of Question Understanding Type and Error Reason Explanations

Figure 34: Examples of Question Understanding Error and Error Reason Explanation
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Figure 35: Examples of Question Understanding Error and Error Reason Explanation

Q.2 VISUAL PERCEPTION ERROR

Figure 36: Examples of Visual Perception Error and Error Reason Explanation
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Figure 37: Examples of Visual Perception Error and Error Reason Explanation

Figure 38: Examples of Visual Perception Error and Error Reason Explanation
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Q.3 HALLUCINATION ERROR

Figure 39: Examples of Hallucinations Error and Error Reason Explanation

Figure 40: Examples of Hallucination Error and Error Reason Explanation
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Figure 41: Examples of Hallucination Error and Error Reason Explanation

Q.4 REASONING ERROR

Figure 42: Examples of Reasoning Error and Error Reason Explanation
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Figure 43: Examples of Reasoning Error and Error Reason Explanation

Figure 44: Examples of Reasoning Error and Error Reason Explanation
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Q.5 LACK OF DOMAIN KNOWLEDGE

Figure 45: Examples of Lack of Domain Knowledge and Error Reason Explanation

Figure 46: Examples of Lack of Domain Knowledge and Error Reason Explanation
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Figure 47: Examples of Lack of Domain Knowledge and Error Reason Explanation
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