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“Player 1 prones
sideways to show he
does not want to
attack you”

“Player 1 points to an item
rather far from him, maybe he
wants you to check it out.”

“Player 1 salutes facing you,

there is great chance he is

showing you gratitude and
respect.”

“Player 1 squats
repeatedly with no
particular meaning”

Figure 1: In extraction shooter games like Delta Force, non-verbal communication is central to emergent gameplay, particularly
communicating friendly intents. We propose a pipeline using multimodal AI methods on video input to detect different
non-verbal gestures as shown in the screenshots. These detected gestures are time aligned with the source video to enable

further analysis, such as the example captions on the right.
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1 Introduction

Non-verbal communication plays a critical role in multiplayer
games, players often rely on gestures, movement patterns, item
interactions, and UI signals to communicate intent, negotiate co-
operation willingness, and avoid conflict. May et al. [May et al.
2013] demonstrated how non-verbal game behaviors are effective
at changing player behavior and task success.
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Many studies have considered non-verbal communication in
competitive esports, though the bulk of them have focused on
MOBA games like League of Legends [Leavitt et al. 2016], Dota
2 [Wuertz et al. 2017], and Heroes of the Storm [Zheng and Farzan
2023; Zheng et al. 2023]. MOBA games include a ping feature, that
places a mark on the map with intention to communicate warning or
helping concepts. While players develop their own intent with these
tools, ping largely sticks to the game designer’s intended meaning,
and are somewhat more limited in scope than more expressive non-
verbal communication. Another line of research has also leveraged
MOBAs and online matchmaking that matches team mates with
strangers to evaluate how ad hoc teams work [Kou and Gui 2014;
Lee et al. 2025; Tan et al. 2022].

However, other genres, like extraction shooter and free-for-all
battle royale games, have enabled even more ad hoc teaming, betray-
als, and rescue behavior. In most shooter games, teams generally
coordinate through verbal communication such as map callouts in
Counter-Strike [Rusk et al. 2024; Tang et al. 2012]. In contrast to
these prior studies, we endeavor to study non-verbal communica-
tion in the shooter game genre.

In our work, we analyze gameplay videos to extract non-verbal
communication. Some past work has shown that training a model
with data across a range of shooter games it is capable of learn-
ing some cross-game features due to the similarities within the
genre.[Rasajski et al. 2024]. Perhaps the closest related work to our
method is GELID, which performs a somewhat different set of op-
erations, including segmenting based on captions, categorizing and
grouping with image features and color analysis [Guglielmi et al.
2023]. Others have shown more general video game understanding
using VLMs [Taesiri and Bezemer 2025]. We believe our pipeline
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to be novel, while being composed of relatively well-understood
components.

1.1 Delta Force

In the game Delta Force (Warfare), the game follows a search-
engage-extract loop similar to games like Escape from Tarkov or
ARC Raiders. Since all items are lost upon death, survival and
extraction are the primary goals. This creates situations that are
not strictly zero-sum. Avoiding conflict can increase both parties’
chances of survival, making cross-team coordination beneficial.

Although Delta Force includes voice channels within teams, com-
munication between unaffiliated teams is limited. In this setting,
gestures are not simply a replacement for speech, but also a sup-
plementary and sometimes safer layer of signaling. These include
behaviors such as signaling surrender through movement, forming
temporary alliances, or indicating friendliness by dropping items
or using publicly broadcast voice lines (e.g., celebratory phrases
or non-threatening signals). Such interactions are not explicitly
encoded by the game mechanics but are widely recognized and
interpreted by experienced players.

Understanding non-verbal communication patterns is important
for two reasons. First, they represent a meaningful layer of player
experience that is currently inaccessible to newcomers or external
viewers. Second, given their subtlety, gestures provides a testbed for
evaluating the capabilities of Al systems in understanding gaming
behaviors in complex and dynamic environments.

In this work, we propose a multimodal pipeline for detecting
and interpreting emergent non-verbal communication in game-
play videos and results from a preliminary implementation. The
pipeline combines pose estimation, visual-textual extraction, object
and audio cues, and LLM-based reasoning to transform raw game-
play videos into timestamp-aligned interpretations of player intent.
Through Delta Force as a case study, we make three contributions:
(1) A taxonomy of gestures used by players to signal friendliness
or cooperation. (2) A modular Al pipeline for identifying such ges-
tures from gameplay video. (3) Discussion that this AI pipeline can
support empirical studies of social behavior in games.

2 Delta Force Non-verbal Communication

While hostile non-verbal gestures in first-person shooter games
often appear as shooting at the first glance, we categorize gestures
into two types: atomic gestures and composite gestures. Atomic ges-
tures are single, predefined actions available in the game (emotes or
item interactions), while composite gestures emerge from repeated
or combined movements performed by players. We contribute the
interpretations in Table 1, which were constructed from observa-
tion of publicly available Delta Force gameplay videos, and the first
author’s own gameplay experience with the extraction mode.

2.1 Gesture Recognition Pipeline:

To analyze non-verbal communication in gameplay videos, we
designed a multimodal gesture recognition pipeline that extracts
and integrates motion, visual, and audio signals into interpretable
interaction segments, as illustrated in Figure 2.

The pipeline starts from raw gameplay video. We apply pose esti-
mation (MMpose [Contributors 2020]) to extract skeletal keypoints
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Figure 2: Overview of the proposed multimodal pipeline.
Gameplay videos are processed to extract motion (via pose
estimation), along with OCR-based text, object cues, and au-
dio signals. These multimodal cues are used to segment inter-
action clips, which are then interpreted by an LLM to infer
player intent. The results are mapped back to the video time-
line as timestamp-aligned annotations.

of avatars over time. Based on these skeletal outputs, we implement
a rule-based mapping from low-level motion data to interpretable
gestures. Each gesture is defined by a set of consistent spatial and
temporal features such as joint angles and repetition patterns, al-
lowing us to map skeletal motion sequences to predefined gesture
categories (see Table 1).

For each segmented interaction clip, we construct a structured
representation based on the previously extracted signals, includ-
ing timestamped gesture labels, textual cues, and audio transcripts.
We then supply the LLM with this temporally aligned, symbolic
description of player behavior. The model then performs high-level
reasoning over these inputs to infer player intent such as friendli-
ness, surrender, cooperation, or resource offering, conditioned on
predefined interpretation guidelines.

In the future, we plan to add multimodal cue extraction using
Paddle v5 [Cui et al. 2025] and Whisper speech to text [Radford
et al. 2023], interaction segmentation, and output reconstruction.

2.2 Preliminary Results:

Figure 1 shows example outputs from a sample gameplay video,
where multiple gesture types (e.g., prone, crouch, pointing, and
salute-like actions) are detected and aligned with corresponding
timestamps. Testing on sample clips suggests that the system can
reliably identify a subset of gestures, particularly those with distinc-
tive joint configurations or repeated motion patterns. However, the
current system is less reliable for gestures whose meaning depends
on non-skeletal information.

Table 1 summarizes the current detectability of representative
gestures in the prototype. We present them as a preliminary diag-
nostic of which parts of the gesture taxonomy are already supported
by motion-based analysis and which require multimodal support.

3 Discussion

Emergent gestures in Delta Force are not only practical signals for
avoiding combat; they also reveal how players negotiate trust, risk,
friendliness, submission, temporary alliance, and possible betrayal
under uncertainty. Our preliminary exploration highlights that a
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Table 1: Taxonomy of non-hostile gestures, inferred meanings, and detectability unless not yet implemented (NYI).

Category  Gesture Interpretation Detectability
Carrying a box (cannot use weapon)  Signals non-hostility by disabling combat capability. NYI
Holding “Happy Birthday” sign Harmless emote with sound cue; indicates friendly intent. Weak
Kneeling pose Explicit surrender or plea for mercy. Strong
Atomic Voice line “Happy New Year” Announces presence to avoid being mistaken as a threat. Weak
Salute Shows respect or gratitude. Moderate
Placing a container on the ground Implies begging or requesting resources. NYI
Pointing at an item Indicates offering or directing attention to an item. Moderate to strong
Shaking left and right Non-hostile signal; prevents precise aiming. Moderate
Repeated prone movement Similar to bowing; expresses submission or friendliness. Strong
Composite Repeated spinning Harmless behavior; reduces threat perception. Moderate
Repeated shield + jump Highly visible signal; defensive and non-aggressive. NYI
Dropping equipment Fully disarms oneself to signal harmlessness. Weak

Rhythmic shooting pattern

Community-established signal indicating surrender or intent to cooperate. ~ NYI

substantial portion of player interaction in extraction-based mul-
tiplayer games is mediated through informal, community-driven
non-verbal signals. These signals are not explicitly designed by
the game system but emerge from shared player practices and
risk-reward dynamics. This suggests that player communication
in such environments extends beyond predefined mechanics and
forms an implicit “language” that is learned socially.

One key motivation of this work is to make these implicit com-
munication patterns more accessible. For experienced players, these
signals are often intuitive, but for newcomers or external viewers,
they can be difficult to interpret. A system that can automatically
detect and explain such behaviors may support onboarding, re-
duce misinterpretation, and enhance spectatorship. More broadly,
this points to the potential of Al-assisted interpretation systems in
making tacit social knowledge visible in interactive environments.

A central challenge in interpreting non-verbal communication in
extraction shooters is that signals are not always sincere. Because
players may benefit from lowering an opponent’s guard, gestures
that conventionally indicate friendliness, surrender, or coopera-
tion can also be used deceptively. Future versions of the pipeline
could incorporate subsequent actions, such as whether a player
attacks after signaling surrender or whether both parties disen-
gage peacefully, to distinguish stable cooperation from deceptive
signaling.

This work is currently at a preliminary stage and has several
limitations. Future work will focus on expanding the gesture tax-
onomy, improving robustness of detection, and conducting user
studies to evaluate how well the inferred interpretations align with
player understanding.

4 Conclusion

This is an initial framework for studying non-verbal communica-
tion in Delta Force through multimodal AI analysis. Extraction
shooter games provide a rich setting for examining how players
communicate. Our preliminary taxonomy and prototype show that
some gestures can be detected from gameplay video, while others
require additional contextual information. This work offers a foun-
dation for studying social behavior and emergent communication
practices in multiplayer games.
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