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Abstract—This paper investigates the potential of Large Lan-
guage Models (LLMs) for predicting pass receivers in soccer.
Through systematic experimentation, we explore which combina-
tions of information types and representations improve prediction
accuracy. We developed a four-stage experiment comparing
different modalities (image, text, their combination) and additional
information (match context, player statistics, sequence descriptions)
using five state-of-the-art LLMs. Our results demonstrate that
LLMs possess basic tactical understanding applicable to pass
receiver prediction. The highest average accuracy (33%) was
achieved by combining the annotated image, image description,
sequence before the pass, and player information—significantly
higher than random chance (23%). At the individual model level,
Claude 3.5 Sonnet, DeepSeek-V3, GPT-4o, and Llama 3.2 each
reached 40% accuracy with their optimal input combinations.
Interestingly, additional information does not always improve
results; incorporating general match context reduced accuracy
from 33% to 28%. LLMs still trail behind human performance
(55% accuracy). But our work delivers concrete insights into
multimodal input optimization for LLM-based sports predictions,
establishing both a public benchmark dataset and a foundation
for future research in AI-assisted soccer analytics.

Index Terms—Large Language Models, Multimodal Learning,
Pass Receiver Prediction, Sports Analytics, Soccer

I. INTRODUCTION

This section presents the motivation behind our research on
pass receiver prediction, outlines our research questions, and
describes the structure of this paper.

A. Motivation

In recent years, soccer has undergone a profound trans-
formation driven by comprehensive data collection and anal-
ysis. Event and tracking data, supplemented by additional
data types, offer new perspectives on game dynamics, player
performance, and tactical patterns [1]. One of the central
challenges in modern soccer analysis is the examination and
prediction of player decisions. In the dynamic context of a
soccer match, players often have fractions of seconds to make
complex decisions—whether to pass, dribble, or shoot [2].

Passes play a fundamental role in soccer strategy as the
most frequent and dynamic component of gameplay. The
ability to effectively anticipate passes is often a decisive
success factor in high-level competitions [3]. A successful
methodology for pass receiver prediction opens up far-reaching
application possibilities: coaches could determine player and
team predictability, viewer experience could be improved

through intelligent camera guidance [4], and referees could
be better positioned for possible game situations.

Previous scientific work on this topic shows an exciting
development: starting with simple, rule-based approaches [5],
progressing to classical machine learning methods [4], and
advancing to deep learning architectures [6], particularly trans-
former models [7]. Despite these advances, pass receiver
prediction remains challenging due to the high complexity of
the game and the multitude of possible decision options [2].

In parallel, the world of AI has undergone an equally dy-
namic transformation with the emergence of Large Language
Models (LLMs). LLMs are characterized by their ability to
respond to new tasks without specific training [8]. Another
milestone is the transition to Multimodal Large Language
Models (MLLMs), which can process not only text but also
other modalities such as images or audio [9]. This opens up
entirely new application possibilities, especially in areas where
visual information plays a central role—like soccer.

This paper addresses precisely this complex prediction task:
It examines the extent to which modern LLMs and particularly
multimodal models are capable of predicting the next pass
receiver in soccer using zero-shot learning without specialized
fine-tuning. For coaching staffs, accurate pass prediction tools
could transform match preparation and in-game decision-
making by revealing player tendencies, supporting opposition
analysis, and enabling more targeted tactical adjustments both
during training and competitive matches.

B. Research Questions

1) What is better for pass receiver prediction—image, tex-
tual image description, or their combination?

2) Can additional text information improve pass receiver
prediction?

3) How do different LLMs differ in pass receiver predic-
tion?

4) How good is the pass receiver prediction of LLMs
compared to humans?

C. Structure of this paper

The remainder of this paper is structured as follows: Section
II presents related work on pass receiver prediction and LLMs.
Section III describes our experimental setup, including the



specific LLMs evaluated and our custom-built corpus. Sec-
tion IV details our experimental results across four progressive
experiments. Finally, Section V summarizes our findings and
outlines promising directions for future research.

II. RELATED WORK

This section reviews existing approaches to pass receiver
prediction, available data sources, and the capabilities of LLMs
in soccer applications.

A. Methods for Pass Receiver Prediction

Current approaches to pass receiver prediction in soccer
show significant methodological diversity, broadly categoriz-
able into classical machine learning models, deep learning
approaches, and other methods.

Traditional machine learning models like Random For-
est [10], [11], Gradient Boosting Decision Trees [4], and
Binary Logistic Regression [12] appear in several studies.
Deep learning approaches dominate the literature, including
neural networks [2], [6], [10], [13], [14] as well as graph-based
approaches such as Graph Neural Networks [15] and Temporal
Graph Networks [16]. Other approaches include rule-based
systems [5], Inductive Logic Programming [17], and physics-
based models [18].

The accuracy of these methods ranges from 29% [17] to
86% [15], with average accuracy of 57%. Many approaches
show strong dependencies on training sets and fine-tuning,
while LLMs can be applied through simple zero-shot learning.

B. Large Language Models for Soccer Applications

The application of LLMs in soccer is an emerging re-
search field explored to a limited extent so far. Unlu [19]
demonstrated that training small models with soccer-related
data enables the development of specialized language models.
Schilling et al. [20] developed a Retrieval-Augmented Genera-
tion (RAG) approach to provide contextual answers to soccer-
related questions.

Caron & Müller [21] developed TacticalGPT, an AI-based
assistant coach that can understand and predict tactical deci-
sions in professional soccer using natural language. Pavlovich
et al. [22] trained a Llama model to generate automated game
commentary. Held et al. [23] created X-VARS, a specialized
multimodal LLM for analyzing soccer referee decisions that
achieves performance at the level of human referees.

These applications show that LLMs possess a basic un-
derstanding of the game and can potentially be used for
further applications, though—to the best of our knowledge—
no prior work has examined their capabilities for pass receiver
prediction.

III. EXPERIMENTAL SETUP

This section describes the LLMs, dataset, and evaluation
metrics used in our investigation of multimodal pass receiver
prediction.

A. Large Language Models

In this study, we evaluated five state-of-the-art LLMs with
multimodal capabilities:

1) Gemini Flash 2.0 (Google): Released December 2024,
with 1M token input capacity and support for text,
image, video, and audio [24].

2) DeepSeek-V3 (DeepSeek): Released December 2024,
an open-source model with 64k token capacity that can
extract text from images [25].

3) Llama 3.2 11B (Meta): Released September 2024, with
128k token capacity and ability to process text and
images [26].

4) Claude 3.5 Sonnet (Anthropic): Released June 2024,
with 200k token capacity and strong visual processing
capabilities [27].

5) GPT-4o (OpenAI): Released May 2024, a multimodal
model with 128k token capacity that can process text,
images, audio, and video [28].

These models were selected based on their state-of-the-
art performance, accessibility through chat interfaces, and
multimodal capabilities.

B. Our Pass Receiver Prediction Corpus

Our Pass Receiver Prediction Corpus is based on a selection
of 20 pass scenes from games in the German Bundesliga.
These scenes were identified and extracted by manually view-
ing publicly available video material, particularly highlight
compilations. The aim was to create a diverse collection of
game scenes that vary both in terms of the game situation and
structural properties (e.g., number of passing options, which
ranged from 2-7).

The dataset statistics show a balanced distribution of game
situations: 45% of scenes occur in the first half and 55% in the
second half, with 40% taking place in the team’s own half and
60% in the opponent’s half. The average number of visible
passing options per scene is 4.8, with a standard deviation
of 1.5. For each scene, the ground truth pass receiver was
manually annotated by reviewing the complete video sequence.

The corpus consists of several components:
1) Visual data: Images of the game scenes with varying

levels of annotation (from raw images to fully annotated
with player names, numbers, and bounding boxes)

2) Textual scene descriptions: Structured descriptions of
each scene covering player positioning, teammate net-
work, defensive configuration, and spatial dynamics.

3) Player statistics: Data on the ball-carrying players’
passing abilities and preferences

4) Match context: Information about game time, score,
team positions in the league standings

5) Sequence descriptions: Textual descriptions of the
movement sequences immediately before the image was
taken

This systematic combination of visual and textual data
enables a comprehensive and multidimensional analysis of
soccer game sequences. Figure 1 illustrates a typical textual



The ball carrier (Brandt, #10) is positioned just outside the central penalty area, approximately 20 meters from the goal, slightly left of center. He’s moving
forward with controlled speed parallel to the penalty area edge, maintaining close ball control. One opponent is approaching from the front at a moderate
pace, about 3 meters away. Potential receivers include: Guirassy (#9) positioned centrally in the penalty area 7 meters from goal, moving slightly left to create
separation from defenders; Gittens (#43) positioned to Brandt’s right about 10 meters away, moving forward into the penalty area; and Beier (#14) stationed
centrally about 15 meters from goal without significant movement.

Fig. 1: Example of a textual scene description.

Statistic for Ball Carrier (Julian Brandt) Per 90 Percentile
Progressive Passes 5.64 88
Through Balls 0.54 90
Passes into Penalty Area 1.59 60
... ... ...

Fig. 2: Example of player statistics (selected key metrics).

scene description from our corpus, detailing player positions,
movements, and spatial relationships. Figure 2 shows selected
player statistics for the ball carrier, where "Per 90" represents
the frequency per complete match and “Percentile” indicates
how the player ranks relative to others in the same position
(90th percentile means better than 90% of players). The
complete dataset is publicly available on GitHub1.

C. Evaluation Metrics

We used accuracy as the metric for evaluating model per-
formance, defined as the proportion of correctly predicted pass
receivers out of the total number of analyzed game scenes.

Accuracy was calculated for each LLM individually, and
model-wide average accuracy was also determined.

IV. EXPERIMENTS AND RESULTS

This section presents our experimental methodology and
findings on using LLMs for pass receiver prediction across
different input modalities and information combinations.

A. Overview of the Experiments

We conducted a series of four progressive experiments:
1) Optimizing Visual Representations with Annotation

Granularity: Finding which visual annotation of the
image is best suited for prediction.

2) Comparing Modalities: Image, Description, and Mul-
timodal Fusion: Finding the optimal representation
form among image, image description, and their combi-
nation.

3) Evaluating the Impact of Textual Additions: Deter-
mining the added value of individual textual additional
information.

4) Synergizing Modalities: Optimal Text Composition
and Visual Representation: Finding the optimal com-
position of textual additional information in combination
with the optimal visual representation form.

Table I provides a comprehensive overview of the results
across all experiments. The table shows accuracy percentages
for each model under different input conditions, highlighting

1https://github.com/FredDec97/Pass-Receiver-Prediction-with-LLMs

the best performance for each model and experiment. As
shown, we achieved a maximum average accuracy of 33%
when combining image, image description, sequence before
the pass, and player information. This represents a signifi-
cant improvement over the random baseline (23%), though it
remains below human performance (55%). In the following
subsections, we analyze each experiment in detail, exploring
the factors that influence model performance and the optimal
conditions for pass receiver prediction.

B. Optimizing Visual Representations with Annotation Gran-
ularity

In this experiment, we tested seven different annotation
levels, from raw images to fully annotated images with player
names, numbers, and bounding boxes for both teams. The
results showed that the annotation level ”Boxes + Name +
Numbers (Ball Team)“ (see Figure 3) with an average accuracy
of 22% performed best for pass receiver prediction, although
this value is slightly below the random accuracy of 23%.

However, individual model performance varied signifi-
cantly: Claude 3.5 Sonnet achieved the highest accuracy of
40% with the annotation level ”Boxes + Name + Numbers
(Ball Team)”, followed by GPT-4o with 35% using ”Boxes
(Ball Team)”, DeepSeek-V3 with 30%, while Llama-3.2-11B
(20%) and Gemini Flash 2.0 (20%) showed more modest
results.

Fig. 3: Optimal Visual Representation.

Some LLMs struggled to autonomously identify the ball-
carrying player. Therefore, in subsequent experiments, we
explicitly provided this information.



TABLE I: Summary of Pass Receiver Prediction Accuracy (%) across all Experiments

Experiment / Input Type Claude 3.5 DeepSeek-V3 GPT-4o Llama 3.2 Gemini 2.0 Average
Experiment 1: Visual Annotations
Raw Image 15 10 25 5 5 12
Boxes (Ball Team) 25 25 35 5 0 18
Boxes + Numbers (Ball Team) 20 25 25 20 15 21
Boxes + Name + Numbers (Ball Team) 40 30 15 20 5 22
Boxes (Both Teams) 5 20 25 5 5 12
Boxes + Numbers (Both Teams) 25 10 10 10 5 12
Boxes + Name + Numbers (Both Teams) 15 15 30 0 20 16
Experiment 2: Modality Comparison
Visual (Optimal Annotation) 40 30 15 20 5 22
Textual (Image Description) 25 35 25 20 35 28
Multimodal (Visual + Textual) 35 35 25 20 35 30
Experiment 3: Additional Information
Multimodal Only 35 35 25 20 35 30
+ Game Context 20 35 20 25 30 26
+ Player Information 20 35 25 40 30 30
+ Sequence Before Pass 25 40 35 30 30 32
Experiment 4: Optimal Combination
Multimodal Only 35 35 25 20 35 30
+ Sequence Before Pass 25 40 35 30 30 32
+ Sequence + Player Info 30 35 40 40 20 33
+ Sequence + Player + Context 15 35 35 25 30 28
Best Performance per Model 40 40 40 40 35 33
Human Performance (Average) 55
Human Performance (Range) 35-85

C. Comparing Modalities: Image, Description, and Multi-
modal Fusion

To answer our first research question—defined in Sec-
tion I-B, we compared three representation forms:

1) Optimal visual representation (image with annotation
level ”Boxes + Name + Numbers (Ball Team)“)

2) Textual scene description (image description)
3) Their combination
Using only textual image description led to a higher average

prediction accuracy of 28% compared to 22% for visual in-
formation alone. The combination of both modalities achieved
the best results with an accuracy of 30%.

This increase shows that multimodal information transfer
enables the LLMs to better capture the game scene and
make more accurate pass receiver predictions, consistent with
findings from Wang et al. [29] that the combination of image
and image description performs best in spatial reasoning tasks.

At the individual model level, we observed notable dif-
ferences in how LLMs responded to different modalities:
Claude 3.5 Sonnet performed best with visual information
alone (40%), actually declining to 25% with textual de-
scriptions, before recovering to 35% with the multimodal
combination. In contrast, Gemini Flash 2.0 showed dramatic
improvement when moving from visual-only (5%) to text
(30%) or multimodal inputs (35%). DeepSeek-V3 maintained
consistent performance (30-35%) across all modalities, while
GPT-4o improved from 25% with visual input to 35% with
the multimodal combination. Llama 3.2 showed a steady 20%
accuracy regardless of the input modality.

D. Evaluating the Impact of Textual Additions

To answer our second research question—defined in Sec-
tion I-B, we tested the influence of three additional information

types on prediction accuracy:
1) Game context (match situation, score, standings)
2) Player information (passing statistics of the ball-carrying

player)
3) Sequence before the pass (description of movement

before the image was taken)
The sequence before the pass proved most valuable, increas-

ing average accuracy to 32%. Player information maintained
the baseline accuracy of 30%, while game context reduced
accuracy to 26%. This suggests that not all contextual informa-
tion is beneficial, and dynamic information about immediately
preceding events contributes most to prediction quality.

The models showed different sensitivities to additional
information: Claude 3.5 Sonnet performed worse with any
additional information, while Llama 3.2 achieved its best result
(40%) with player information. DeepSeek-V3 and GPT-4o
benefited from the sequence before the pass, while Gemini
Flash 2.0 maintained consistent performance across condi-
tions.

E. Synergizing Modalities: Optimal Text Composition and
Visual Representation

While in the previous section, we compared the impact
of the individual text additions, in the final experiment we
gradually enriched the average optimal representation form
with textual additional information in order of their effective-
ness. Adding the sequence before the pass increased average
accuracy to 32%. Further adding player information improved
accuracy to 33%—the highest value in the entire experiment
series. However, further adding game context reduced accuracy
to 28%.

The models showed varying responses to information com-
position: Claude 3.5 Sonnet performed best with minimal addi-



tional information (35%), while GPT-4o and Llama 3.2 ben-
efited significantly from enriched inputs, particularly player
information (40% each). DeepSeek-V3 showed consistent per-
formance across all variants (35-40%).

F. Human Performance and LLM Top Performers

To benchmark the LLM results and answer the third and
fourth research question—defined in Section I-B, we con-
ducted a survey where participants were shown the same
20 scenes of our Pass Receiver Prediction Corpus with the
optimal information composition determined from our exper-
iments. Our study included 110 participants (66.4% male,
33.6% female), primarily between 24-34 years old (59.1%),
followed by 35-44 years (16.4%) and 22-24 years (10.9%).
The participants demonstrated strong soccer engagement:
52.7% expressed high interest in soccer, 79% watched soccer
games at least once a month, and 71.8% had played soccer for
at least one year, with 44.5% having over ten years of playing
experience.

Humans achieved an average accuracy of 55%, with individ-
ual performances ranging from 35% to 85%. This represents a
substantial gap compared to the best overall LLM performance
of 33% (achieved with the combination of image, image
description, sequence before the pass, and player information).
At individual model level, highest performances were achieved
by Claude 3.5 Sonnet (40% with visual information only),
GPT-4o (40% with image, image description, and player
information), Llama 3.2 (40% with image, description, and
player information), and DeepSeek-V3 (40% with image,
image description, and sequence before the pass). These peak
performances remain significantly below human average and
far from the top human performers who reached 85% accuracy.

For 76%, the images were most helpful, while 22% pre-
ferred the combination of image and text. Only one person
found the texts alone most helpful. This suggests that visual
information plays a particularly important role in human pass
prediction, whereas LLMs benefit more from the combination
of modalities.

V. CONCLUSION AND FUTURE WORK

This section summarizes our key findings on LLM-based
pass receiver prediction, discusses their implications for sports
analytics, and outlines promising directions for extending this
research.

A. Conclusion

Our paper investigated the potential of LLMs for predicting
pass receivers in soccer. Through a systematic four-stage ex-
perimental approach, we evaluated five state-of-the-art LLMs
across different input modalities and information combina-
tions. We first optimized visual representations by testing
various annotation levels, then compared image-only, text-
only, and multimodal inputs. We further explored the impact of
additional contextual information and finally identified optimal
combinations of modalities and textual additions. Our key
findings include:

1) LLMs show some capability to interpret soccer
scenarios, enabling them to predict pass receivers with
accuracy significantly above random chance (33% vs.
23%). This performance, while modest, suggests that
general-purpose LLMs can extract relevant patterns
from soccer scenes. The highest accuracy was achieved
through a multimodal approach combining annotated
images, textual descriptions, sequence information be-
fore the pass, and player information.

2) Visual information alone proved insufficient for opti-
mal predictions, while textual descriptions outperformed
visual-only inputs. However, the optimal approach was
multimodal, combining visual and textual inputs.

3) Adding relevant dynamic context through descriptions
of the sequence before the pass further improved perfor-
mance, while player information contributed to reaching
the peak accuracy. Interestingly, adding general match
context information reduced accuracy, suggesting not all
additional information is beneficial.

4) Different models showed varied strengths and sen-
sitivities to input compositions, indicating no universal
information composition works optimally for all models.

5) LLMs still trail human performance substantially
(33% vs. 55% accuracy) despite these improvements.

Our findings highlight both the potential and current limi-
tations of using LLMs for pass receiver prediction.

B. Future Work

While our research demonstrates that zero-shot LLMs can
effectively contribute to sports prediction tasks, the perfor-
mance gap between LLMs (33%) and humans (55%) suggests
significant room for improvement. To address the performance
gap and to leverage the observed model-specific strengths, we
propose the following research directions:

1) Expanding the dataset to include more game scenes
from different leagues and competitions. A larger and
more diverse corpus would improve the statistical ro-
bustness and generalizability of results.

2) Integrating tracking and event data to provide more
precise movement information. These quantitative mea-
surements could significantly enhance the models’ un-
derstanding of player dynamics and spatial relationships.

3) Implementing RAG systems with access to sports-
specific knowledge bases. By retrieving relevant tactical
patterns, player statistics, and historical match data,
LLMs could make more informed predictions based on
soccer-specific knowledge beyond their general training.

4) Developing specialized fine-tuned models trained
specifically on soccer data. While our zero-shot ap-
proach demonstrated the inherent capabilities of general-
purpose LLMs, domain-specific training could signifi-
cantly enhance performance for this specialized task.

5) Using model ensembles to combine strengths of dif-
ferent LLMs. As results showed, different models excel
under different inputs, suggesting a weighted ensemble
approach could yield better overall performance.



6) Leveraging video-capable LLMs for dynamic scene
analysis. Models like Gemini 1.5, GPT-4o, and Claude 3
Opus can process video inputs, allowing analysis of
complete temporal sequences rather than static images.
This temporal dimension is crucial for understanding
player momentum, defensive shifts, and passing oppor-
tunities as they develop over time.

These technical advancements aim not only to improve
prediction accuracy but also to enable practical applications in
professional soccer. Enhanced pass receiver prediction systems
could serve as valuable coaching tools for analyzing player
decision-making patterns and opponent tendencies. They could
also transform broadcast experiences through augmented real-
ity overlays highlighting likely passing options in real-time, or
enable more sophisticated performance metrics that quantify
the predictability of players and teams. For referees, such
systems could support optimal positioning by anticipating
likely play development. Collectively, these approaches could
further enhance the performance of LLM-supported soccer
analyses and advance the integration of AI into sports ana-
lytics, potentially narrowing the current gap between model
and human performance.
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