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Fig. 1: Look2React NPC (right) reacting to different player actions (left). (a) NPC waves back to the player; (b) NPC starts cheering
along with the player; (c) NPC starts dancing when the player plays an instrument

Abstract—A central promise of virtual reality (VR) games is the increased control players have over their character through pose
and body language. However, many non-player character (NPC) systems fail to respond convincingly to these poses, user intent,
and situational context, limiting immersion. We present Look2React, an interaction system that captures what NPCs see, using a
vision-based reasoning model to select pose and text responses. Look2React endows NPCs with the ability to react dynamically
and appropriately to player interactions. Through a gaze and proximity-based detection system inspired by stealth games, we trigger
our system intuitively and only when intended, while also reducing resource costs. We invited 20 participants to play two versions
of an RPG game: one with NPCs based on contemporary games and the other with Look2React NPCs. Our results demonstrate
that Look2React increases engagement, leading to more frequent and repeated interactions with NPCs. Participants reported more
satisfactory play sessions, significantly increased feelings of social presence, and felt that the dynamic reactions gave the NPCs more
depth and personality — ultimately making them feel more human.

Index Terms—Games, non-player character AI, dynamic reactions, vision-based interactions

1 INTRODUCTION

A core promise of virtual reality (VR) is the control a player has over
their experience. VR systems allow players to choose how they move,
what they touch, and where they look, essentially giving them full
rein over their character — a level of control rarely seen in traditional
flatscreen games played with a gamepad or keyboard. Research shows
that increasing levels of control in VR, particularly upper-body and
full-body tracking, enhance users’ sense of embodiment in terms of
self-location and agency [22]. When combined with natural body posi-
tions and interaction modalities, this embodiment further strengthens
immersion and enjoyment [27]. Even outside controlled lab environ-
ments, this capacity for agency tends to boost users’ sense of presence
when their actions directly affect the virtual world [32]. These benefits
are well known, but current games still struggle to fully respond to this
heightened embodiment, limiting the extent to which players’ actions
and agency are reflected in the virtual world [66].

Non-Player Characters (NPCs) are autonomous agents added to
virtual worlds to make the environment more realistic, interactive, and
socially engaging, providing players with responsive characters that
populate the space, drive narratives, and create meaningful interactions
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[2]. These NPCs are points of interest for players exploring a new
environment. Given the freedom afforded by most games, players will
often try to interact with these NPCs in diverse and unique ways, from
friendly waves to attacking with weapons, and this free-form interaction
provides a great opportunity for dynamic reactions that will increase
player immersion and pique their curiosity. However, current games
offer limited reactions, often repeating the same preset dialogue and
ignoring context, leaving players dissatisfied [8, 66]. With the rise of
ML and AI technologies, researchers have used large-language models
(LLMs) to simulate open-ended conversations with NPCs and have
achieved notable success [8, 35, 51]. To increase believability, these
LLMs need environmental context, and researchers have provided this
by tokenizing in-game assets like inventory and interactable objects, and
identifying simple gestures like pointing to highlight objects, allowing
them to make more situationally-appropriate comments [9, 18, 29].
However, such methods have a high setup cost to tokenize each object
and, more importantly, offer limited support for recognizing free-form
player gestures.

To make NPCs truly human, there is a need for a system that is capa-
ble of identifying anything that the NPCs “see" the player do, without
relying on predefined mappings of individual objects or a limited set of
input gestures. Vision-Language Models (VLMs) have shown promise
for understanding human interactions from visual inputs [33, 46, 68].
This capability makes them ideal for enabling contextual NPC reac-
tions in virtual environments, allowing NPCs to respond contextually
to player actions, gestures, and environmental cues, creating more
natural interactions. Our study focuses on how we can use VLMs to
create a system capable of generating real-time, believable, open-ended,
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dynamic NPC responses for VR games. We start with the following
research questions (RQ):

• RQ1: How can relevant pose data and user and environmental
context be conveyed to a multimodal LLM for better player-NPC
interactions?

• RQ2: What is the viability and performance of such a system in
generating dynamic NPC reactions in role-play scenarios, based
on provided environmental and user context?

• RQ3: What impact do dynamic NPC reactions have on players’
immersiveness and engagement in VR games?

To answer these research questions, we present Look2React, a system
that generates situational and dynamic NPC reactions just by “looking”
at the player. Look2React takes rendered frames from within the VR
world, capturing player actions and environment details, and returns a
gesture selected from a set of available character animations, along with
an appropriate textual reply. To test the effectiveness of this system, we
created an RPG game and conducted a user study with 20 participants,
which showed that Look2React greatly increases satisfaction, presence,
and immersiveness. Look2React NPCs are perceived as more human,
with their own personalities and traits.

The contributions of this work are -
• Look2React, a novel system to generate real-time, dynamic, per-

sonalised, and context-aware NPC reactions using vision in VR
environments.

• A user study with 20 participants who played and compared two
versions of a custom VR role-playing game, one modeled after
NPC behaviours in recent RPG games and one with Look2React,
showcasing dynamic NPC reactions.

2 RELATED WORKS

2.1 Non-Player Characters (NPCs)
NPCs are in-game characters with distinct personalities and roles. NPCs
often play a major role in the progression of the game (e.g., quest-giving
NPCs), provide in-game services (e.g., a shopkeeper NPC), and can
function as allies or foes [15, 58]. Seasoned players have certain expec-
tations of NPCs, and thoughtful design to meet these expectations leads
to greater immersion and engagement with the environment [56,57]. In
most cases, the first encounter with NPCs is visual, which means that
visual design alone can strongly cue narrative role and traits, affecting
perceived immersion. To make encounters realistic, precise character
design and research-driven workflows map trait expectations to silhou-
ettes, costuming, and static body language so players can estimate if the
NPC is “friend or foe” at a glance before any animation or dialogue is
added [26, 43, 44]. The way NPCs are scripted and the personality they
have also affect immersion and long-term emotional investment [4].
Designers craft primary NPC arcs to intertwine with the main plot,
promoting repeat contextual interactions while using secondary NPCs
for side-quests, exposition, and contextual hints to balance a sense
of realism and belonging to the world, rather than making the world
revolve around the protagonist [24, 37]. Well-implemented NPCs make
the players return to relive the experience, increasing replayability and
connection with the game world [53].

The research in NPCs is situated in the intersection of social science,
game studies, and Human-Computer Interaction. Prior social science
and HCI research suggests that people naturally apply social rules to
interactive media and computer agents [34,41]. A potential outcome of
more lively game NPCs is social presence, which is influenced by con-
tingent behaviour, perceived agency, and anthropomorphic cues [6, 36].
Game studies also show that players may cultivate parasocial friend-
ships and emotional attachment to carefully designed NPCs, leading to
enhanced engagement and motivation in gaming [6, 64]. For example,
Yin states that by reflecting on how NPCs guide, challenge, assist, and
contextualize player experiences, practitioners in adjacent domains
(e.g., sports coaching) can derive actionable insights to enhance engage-
ment, motivation, and immersion in real-world settings [64]. As these
systems become more human-like, Yin et al. examine how players

form and adjust trust in NPCs that can lie, showing that initial default
trust is calibrated through dialogue, context, and verification behaviors,
and that deception meaningfully reshapes players’ interaction strate-
gies and takeaways about NPC reliability [65]. These interactions also
give valuable insights into Human–AI interaction by surfacing design
patterns, such as responsiveness, transparent communication cues, cali-
brated emotional signaling, role-consistent behaviors, and supportive
team structures, that help humans coordinate, build calibrated trust, and
remain engaged with artificial partners in complex tasks [59].

2.2 Dynamic NPCs and VR
At the core of all NPC interactions is the NPCs’ ability to react to player
input. Early NPCs relied on hand-authored decision trees and finite-
state machines (FSMs) to select between attack and idle states [14, 49].
However, as games became more complex, these methods quickly
became unscalable and infeasible. Yahyavi et al. analyzed how such
static schemes diverge from human behavior in first-person shooter
(FPS) contexts and proposed “pheromone maps”: influence fields tied
to items, events, and locations which drive more adaptive, human-
like decisions in tasks such as goal selection, ambush setup, and area
defense [60].

Large-language models (LLMs) have recently been used to aug-
ment the design and implementation of NPC characters. Stegeren and
Myśliwiec fine-tuned GPT-2 on annotated RPG quests to generate NPC
dialogue that aligns with quest structure and role, demonstrating early
success of LLMs to shape voice, intent, and consistency in NPC inter-
actions [54]. Park et. al. also show how LLM-driven action selection
and memory recall yield NPC-like behaviors that feel intentional and
consistent over time [38]. As LLMs improve, researchers have begun to
use them as real-time decision makers for unconstrained and dynamic
NPC reactions [12, 18].

VR is an ideal platform for deploying realistic NPCs due to increased
immersiveness and enhanced controls when compared to flatscreen
games [52, 55]. Korkiakoski et al. created GPT-4-powered NPCs in
a VR speech-based interrogation simulator. They showed good us-
ability and moderate believability, but noted an average interaction
latency of around 7 seconds, which rises as conversation context in-
creases [23]. Other researchers have used speech in AR/VR scenarios
for sentiment analysis and to create more natural ways to interact with
NPCs [8, 35, 51]. To create NPCs that are aware of the environment
and other necessary context, not just limited to speech, Li et al. pro-
posed a prompting schema that lets virtual agents “perceive” VR scenes
(spots/locations, objects, characters, system context, and communica-
tion cues) by passing object identifiers to an LLM, which allows them
to generate environment-aware interactions and dialogue [29]. How-
ever, these systems are unable to “see” the player in real-time and either
rely on tokenised descriptions of the environment, leading to significant
setup overhead, or drop this context entirely, focusing largely on speech
as free-form input [8, 47].

2.3 Vision-Based Activity Recognition
Using vision to analyze human motion is not a new concept; Johans-
son (1973) recorded participants in a dark room, with LEDs stuck
to the body joints, to create early representations of the 2D human
body in motion [19]. Yamato (1992) used Hidden Markov Models on
time-sequential images of tennis players to recognize human actions
(e.g., tennis strokes), establishing a probabilistic temporal framework
for gesture recognition from video [61]. Since then, several frameworks
utilizing motion and space-time trajectories have been developed to an-
alyze motion gestures from multi-temporal images [1,21,31,50]. Ryoo
and Aggarwal (2009) proposed a framework for automated recognition
of 8 complex human actions (approach, depart, hug, punch, kick, push,
and handshake) from image sequences [45].

Recent research uses deep learning with large activity datasets and
convolutional networks for more robust activity recognition [10, 11, 39,
42, 62]. These methods achieve high accuracy in identifying up to 60
different actions, making them useful for inferring user action context
in VR scenes. However, skeleton-based activity recognition means that
items equipped in the environment are omitted, which can misclassify
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contextually distinct behaviors [67]. For example, a gesture detected
as a “wave” may actually be a player waving a weapon, significantly
reducing situational accuracy.

Vision-Language Models extend skeleton/action pipelines by jointly
grounding visual input and text, enabling open-ended scene under-
standing and action description, which is useful for a more complete
perception of virtual environments [13, 68]. Researchers have used
vision-language-action models to create Embodied AI that takes visual
inputs and language goals and outputs actions, unifying perception and
decision-making for language-conditioned tasks like navigation, ma-
nipulation, and household routines [30]. In the physical space, VLMs
are being rapidly adapted for human–robot interaction to perceive hu-
man actions, interpret instructions, and choose socially appropriate
actions in near-real time [33, 46, 48]. This shows that VLMs are well-
suited for creating responsive and dynamic NPC reactions in virtual
environments.

3 LOOK2REACT

In this section, we go over the creation of Look2React and how each
component works. We start by discussing model selection, which de-
termines several facets of the architectural design. We then illustrate
the interaction design and player perspective within Look2React. Fi-
nally, we discuss the inputs to the system and how each component is
implemented.

3.1 System Architecture

Model selection plays a crucial role in an AI system, as the specific
capabilities and strengths of the model chosen can affect the design
and architecture of the overall system. Although these capabilities are
converging over time, current models expose diverse capabilities that
can prevent them from being freely interchangeable.

Initially, we envisioned a two-stage system, to be run fully locally
to minimize latency: first, our system captures user actions in the
virtual environment, sending them to an “observer” model to produce a
description of these actions along with any notable contextual details.
Next, the observer’s output would be fed into a reasoning model, which
evaluates the possible NPC poses, selects the most appropriate one,
and generates a corresponding NPC comment in response to the first
model’s analysis.

We initially experimented with pose-based action-inference models
for the observer model, such as MM-Skeleton [63], but quickly ran
into limitations. First, the use of inverse kinematics (IK) to reconstruct
poses in VR from sparse data (head and hand pose) meant that the
observed poses were not exactly accurate, leading to reduced activity
recognition accuracy. Secondly, the inability to capture virtual objects
meant that important contextual cues — such as items held by the
player — were lost.

We then tried using image-captioning models for the observer. Local
captioning models, such as BLIP [28], provided good understanding of
the environmental context, correctly identifying the player and the loca-
tion the NPC was in, as well as recognizing specific in-game items such
as guitars and swords. However, such models often failed to capture
the players’ gestures and intentions. Large local models also competed
with the VR game for resources, causing degraded performance for
both.

The key takeaways from these experiments were that a larger model
could better understand the VR environment, and that it would need
to be deployed on a separate system to avoid destabilizing the game.
This led us to finally select cloud-based state-of-the-art VLMs. These
VLMs integrate visual and reasoning capabilities, enabling us to merge
the “observer” and “reasoning” stages into a single cloud model API
call. After testing various hosted models, we opted to move forward
with OpenAI’s GPT-5 1 and Google Gemini Flash 2.5 2 due to their
strong performance in image reasoning tasks.

1https://platform.openai.com/docs/models/gpt-5-mini
2https://deepmind.google/models/gemini/flash/

3.2 Model Input
The full prompt structure provided to the VLM model is shown in Table
1.

Table 1: Structure of the prompts, with descriptions and examples.

Component Example
npc_type
Specifies the type of
NPC

stern_guard

animations
A numbered list of avail-
able gesture options for
the NPC.

0: Wave
1: Dismiss
2: Dance
3: ...

response_format
Defines the required
structure of the reply

gesture_index, statement,
optional_pose

prev_response
Provides the last state-
ment this NPC made
for context. Defaults to
None if first interaction.
Ensures varied re-
sponses to similar
consecutive actions.

No performances here musician!

images
3 images from the VR
environment

System message
Instruction to the model.

You are an NPC in a VR RPG game.
Given an NPC type, images, animation
list, and the last statement it made, reply
with the index of the most appropriate
animation strictly according to the NPC
type and a new under 5 word statement
the NPC makes. Optionally, include a
better response pose name. Do not re-
peat statement. Do not explain.

One of our goals with Look2React was to ensure that the system
requires minimal re-configuration for different NPCs, which also pro-
motes caching of the prompt and context. To that end, we ensured that
only one field sent to the VLM was NPC-specific. We abstracted model
calls using a model-agnostic pipeline that works for both chosen VLM
models, ensuring portability and the ability to rapidly experiment with
different models.

3.3 Interacting with Look2React NPCs
Triggering the Interaction: In order to provide useful context to the
VLM, without excessive model calls, we needed a way for the player
to reliably and intuitively “trigger” NPCs, prompting them to begin
observing the player’s actions and responding to them. Such a trigger
needs to feel realistic while avoiding accidental triggers (e.g. NPCs
reacting to actions not directed at them). Triggers can be either implicit,
triggering when players satisfy certain conditions, or explicit, triggering
when players perform a certain action.

We chose a hybrid approach to triggering, using a combination of an
implicit trigger — proximity to the NPC — combined with an explicit
trigger — eye contact with the NPC. We considered voice and gesture
triggers as well, but decided against them as player voice interactions
are rare in VR, and gestural triggers would conflict with and interrupt
player actions.

Player Feedback: To make this system intuitive and relatable, and
to provide clear feedback of NPC state to the user, we took inspiration
from stealth-based video games where player ‘detection’ is a major
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component. Typical implementations provide NPCs which are either
unaware of the player, fully aware of the player (and thus, for instance,
chasing them or raising an alarm), or partially aware: in a state of
heightened awareness due to player activity, but not yet fully aware of
the player themselves.

Games employ various visual methods to indicate a partially aware
state, but a common implementation is a loading-style indicator that
gradually fills as the player continues to raise suspicion. The player
must correct their behavior or evade the NPC before the bar fills com-
pletely, causing the NPC to enter the fully aware state. This visual
feedback is easy to understand, and we adapted a similar approach for
our system.

Interaction Model: Based on these design principles, we designed
a four-step interaction system:

1. Idle. In the idle state, the NPC has a closed eye icon above their
head (Fig. 2 (a)), signifying that they can be interacted with.
The player moves towards the NPC; when they are close enough
(within 5 meters), the NPC will turn to face them.

2. Looking. Next, the player gazes at the NPC. We use a raycast
from the camera to the NPC’s body to estimate gaze. This causes
the eye icon to open and turn white. It will begin filling up at
a fixed rate, during which the NPC records the player’s actions
(Fig. 2 (b)). If the user walks away or breaks their gaze before
the eye fills up, the NPC reverts to the idle state. To make this
more natural, gaze directed at any part of the NPC is registered as
a valid interaction.

3. Thinking. After the eye fills completely (Fig. 2 (c)), which takes
3 seconds, the NPC strikes a thinking pose for a few seconds
while it prepares a response to the player’s action.

4. Reacting. Finally, the eye turns red (Fig. 2 (d)) and the NPC
enacts the response: performing a gesture and displaying an
accompanying textual message. After a short delay, the NPC
reverts to the idle state (step 1), ready to interact further.

Fig. 2: Look2React interaction sequence. (a) Idle, (b) Looking, (c)
Thinking, (d) Reacting.

3.4 Environment Images

To capture images of the user and the environment, we added an ad-
ditional virtual camera to the scene, which captures what the NPCs
would see from their perspective. We capture 1 image every 500 ms,
starting from when the player initiates step 2 (“Looking”) till they look
away, or reach step 3 (“Thinking”). To balance environmental context
and resource use, only the last 3 images are sent to the VLM. In our
testing, we occasionally waited to confirm the interaction trigger (eye
opening, turning white), thus not starting the gesture immediately after
the trigger, so we decided to use the last three images to allow play-
ers with a short buffer if they want to reposition themselves from the
interaction trigger to the action.

The camera has a wide field of view. To reduce token costs, we
run an algorithm to crop the images to focus on the player. To prevent
player clipping and ensure a consistent view of the player in the frame,
we avoided static measures like centering the player, and instead use
Google MediaPipe Pose 3 to detect the player in the frame. We add
a padding of 100 pixels to all 4 sides of the player bounding box to
cover sufficient environmental context. Running MediaPipe is relatively
inexpensive, with the complete cropping process taking 3–4 ms per
image. This cropping results in images that are at typically 3 times
smaller than the original images, reducing token costs. With 3 full-size
images, one Look2React API call to gpt-5-mini takes roughly 3500
tokens, whereas with 3 cropped images, this number reduces to around
1400 tokens.

3.5 Gestures
Body language, gestures, and physical expressions contribute signifi-
cantly to human interactions. Players often report that NPCs appear
stiff or rigid when their body movements are disconnected from their
dialogue. Prior work has addressed this by having a predefined set of
basic gestures and postures, from which LLMs can select the most con-
textually appropriate option to accompany conversational exchanges
in narrative-centered games [25]. These results highlight the capac-
ity of LLMs to map dialogue to suitable nonverbal behaviors when
constrained to a finite list of actions.

In Look2React, we provide the VLM with a curated list of animations
to choose from, enabling more expressive and contextually appropriate
responses. These animations are sourced from Mixamo’s catalog 4.
This list of animations remains the same for all NPCs, giving the VLM
responsibility for not only choosing the most situationally accurate ges-
ture, but also considering the NPC’s personality in its decision. In our
prototype, we provided 12 gestures in total: Arm Stretching, Intense
Cheering, Clapping, Dance, Dismissing Gesture, Tasty Eating, Aggres-
sive Fight, Greeting Wave, Informal Bow, Scared Shock, Terrified, and
Thankful.

3.6 Gesture Suggestions and Generation
Although VLMs can employ the existing list of gestures to create
convincing responses, we are aware that a limited set of gestures may
become monotonous and repetitive over time. To mitigate this, we
asked the VLM to include an additional “suggested gesture” parameter
in its response. In this field, the model can optionally suggest a gesture
it considers more suitable for the given context, beyond the available
set of animations. Developers can then use this list to select and
implement the most frequently appearing suggested gestures in future
game patches.

We initially planned to use these suggested animations to directly
generate new gestures on the fly within Look2React. Recent research
has shown success in generating 3D animations from textual descrip-
tions, and some systems also offer real-time poses [3, 16, 69]. We tried
two such systems, Text2Motion.ai 5 and EMDM [69]. We found that
generating complex and situational gestures required multiple itera-
tions and prompt engineering, and would require a human in the loop.
For this reason, we dropped the generative pose aspect in the current
version.

With human intervention, we were able to create high-quality ani-
mations using Text2Motion.ai, needing around 5 minutes per anima-
tion. The Unity integration meant that animations could be seamlessly
plugged into Unity. Alternatively, we also tried extracting pose data by
finding videos of people doing our target gestures and converting that
data into 3D animations. We achieved similar performance in some
cases, but this method relied heavily on video data, which may not
be open-source. Although Look2React currently doesn’t incorporate
dynamic gesture generation, this exercise allows us to estimate the
time it will take to retroactively add additional animations to the game,
making the exploration valuable.

3https://ai.google.dev/edge/mediapipe/solutions/vision/pose_landmarker
4https://www.mixamo.com/
5https://www.text2motion.ai/
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4 USER STUDY

4.1 Stimulus - RPG Game
To test our NPC system, we created a VR game set in a medieval village.
The main mission is a typical fetch quest in which one of the NPCs
sequentially asks the players to bring him two items (ordered randomly)
— a guitar (lute) and a sword.

The players start about a third of the way down a path with fences
on both sides and an obstacle on both ends. The players are told that
everything they need to complete the quest can be found within this
perimeter. However, they are not restricted and are free to explore the
hilly jungle that surrounds the area. On the path, there are 4 points of
interest:

1. Village Girl: The first NPC the players encounter, positioned
nearest to the player’s starting point — a playful village girl in
front of her house (Fig.3 (a)). Prompt: young_girl

2. Town Guard: The second NPC — a stern and tall guard moni-
toring the village (Fig.3 (b)). Prompt: serious_guard

3. Old Man: The final NPC, located at the end of the path — an
old man that gives the quest to the players (Fig.3 (c)). Prompt:
mysterious_old_man

4. Table with Items: A table with several different items is placed
at the beginning of the path. Players can equip one item at a time.
The table has a lute/guitar, a cake, a bouquet of flowers, and a
sword (Fig.3 (d)).

Fig. 3: Points of interest in the RPG game. (a) village girl, (b) town guard,
(c) old man, and (d) table with items.

Players start near the Village Girl, and need to traverse the path
to the old man to initiate the fetch quest. They must then walk back
to the table, pick up the requested item, bring it back to the old man,
and repeat the process for the second requested item. In this way,
the participant is expected to travel across the path at least five times,
meeting each of the other NPCs on the way.

For movement in the space, we decided to use teleportation, since
research has shown that teleportation is less likely to induce nausea in
VR [7, 40], and most major VR RPG games either use teleportation or

give an option to choose between teleportation and joystick locomotion.
In our game, pushing forward on the joystick on either Quest controller
brings up an arc that the players can aim at the ground, and letting go
will teleport them to their target. For ambient sound, there is medieval-
themed music with sounds one would expect in a village (birds chirping,
dogs barking, etc.).

4.1.1 Control Version
For the control (baseline) version of the game, we wanted NPCs’ in-
teractions to be similar to those of contemporary popular RPGs. We
looked at the top VR and flatscreen RPG games, including Skyrim
VR 6, Fallout 4 VR 7, Asgard’s Wrath 2 VR 8, The Legend of Zelda
- Tears of the Kingdom 9, and Dragon’s Dogma II 10. In most games,
interactions with NPCs are triggered by pressing a specific interaction
key. Optional NPCs within these games typically have fixed, short
messages they cycle between at every interaction, in the absence of any
plot-driven content. NPCs sometimes look at the player, but don’t have
any other gestures or animations, often not even addressing the player
unless scripted to otherwise. In some games, NPCs will respond with a
generic frightened animation if they are attacked.

For our game, we implemented a similar system, where the interac-
tion is triggered by pressing the ‘A’ key on the right Quest controller.
For the two optional NPCs (Village Girl and Town Guard), text re-
sponses are selected randomly from a list of phrases taken from similar
NPCs in the reference RPGs. For the Old Man, the dialogue is related
to the quest. Text responses are given instantly upon interaction. There
are no pose responses in this version. The NPCs turn to face you when
you are close to them. Everything else remains the same in the two
versions.

4.1.2 Look2React Version
In the Look2React version, the main difference was that all three NPCs
were now using Look2React interactions. Consequently, this meant that
interactions with the NPCs were no longer triggered by key press, but
by the Look2React triggering mechanism (§ 3.3). To facilitate the fetch
quest, the Old Man NPC’s dialogue remained the same, although he
could respond physically using VLM-recommended gestures.

The VLM model chosen for the user study was OpenAI’s
gpt-5-mini, due to more consistent timing and diversity of responses.
For more details, please refer to §5.1.

4.1.3 Apparatus and Setup
The game is built in Unity Engine (v6000.1.3f1). The system used has
an Intel i9-12900K CPU, Nvidia 5090 GPU, and 64 GB of RAM. We
used the Meta Quest 3 VR headset for VR with a refresh rate of 72 Hz.
Participants with prescriptive glasses could wear the VR headset over
them and did not need to remove their glasses.

4.2 Ethics
The study was approved by the Behavioral Research Ethics Board
at the University of British Columbia (H19-02782). All participants
were provided with an overview of the study, and written consent was
obtained before the study was conducted.

4.3 Participants
Participants were recruited through word-of-mouth and social media
posts across multiple channels. A total of 21 participants took part in
the lab study; however, one participant felt nauseous during the first
VR session, which led to an early stop and their data being dropped.
A total of 20 participants completed the study (6 female and 14 male).
9 participants were between 20-24 years of age; 10 were 25-29 years
of age; and 1 was 40-44 years of age. One participant (P13) had no
prior experience with either flatscreen games or VR, but expressed a

6Skyrim VR – Bethesda
7Fallout 4 VR – Bethesda
8Asgard’s Wrath 2 official page – Sanzaru Games
9The Legend of Zelda: Tears of the Kingdom – Nintendo

10Dragon’s Dogma II – Capcom
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keen interest in trying VR experiences; all other participants had some
level of VR experience. Two participants had no experience with RPG
games.

4.4 Study Procedure
Each participant played both versions of the RPG game, as described
in § 4.1, with the order counterbalanced to avoid ordering effects.
Participants were explained the controls of the game and the general
objective — to explore and complete the fetch quest. Participants
then adjusted and wore the VR headset so that they were comfortable.
For participants new to VR or RPG games, or on request, an in-game
walkaround was also provided so that the participants could familiarize
themselves with the controls and ensure that there were no immediate
motion sickness symptoms.

After this, the participants were allowed to play the game for as
long as they wished, with the researchers only informing them when
the main goal of the game was achieved and when they had passed 10
minutes and had no further content to explore. After each VR session,
participants were asked to fill out the Game Experience Questionnaire
(GEQ), which has two components, the In-game module (14 questions)
and the Social Presence module (17 questions) [17]. Participants were
offered an optional 2-minute break between sessions.

After both sessions, the lead researcher conducted a semi-structured
interview to gather the participants’ views and opinions on the two
versions of the game, as well as anything that stood out to them. Finally,
we prompted the participants to ask any questions they may have had
about any part of the study. Following the interview, participants were
thanked for their participation and compensated for their time ($16
CAD).

5 RESULTS

5.1 VLM Performance Metrics and Selection
To select the best VLM for our user study, we compared 2 models:
OpenAI gpt-5-mini and Google gemini-2.5-flash. Both models
are known for their strong vision-reasoning capabilities at the time
of the study, and we sought to select one that balances the trade-off
between latency, performance, and stability.

For the pose selection and text generation tasks, both models per-
formed well and were comparable across all the input actions we tried.
However, response times with Gemini were not consistent. Most Gem-
ini API calls would take around 6–7 seconds to complete, which is
similar to GPT; however, frequently the response times would go over
20 seconds, going as high as 30 seconds in some instances. This hap-
pened often enough that we could not consider Gemini as a reliable
VLM for conducting user studies, hence gpt-5-mini was used. Re-
sponse times for gpt-5-mini were between 5–9 seconds (M = 7.64 s,
SD = 1.40 s).

Since these are API-based models, token usage is a significant metric.
One Look2React API call to gpt-5-mini takes around 1400 input
tokens (M = 1347.0, SD = 116.5) and 11 output tokens (M = 11, SD =
1.4); at current prices, and without assuming any caching, this would
cost about $1 USD per 3000 NPC interactions.

5.2 Interaction Frequency
All players played the Look2React version of the game for much longer
compared to the control version. The average Look2React session was
10 minutes and 39 seconds long (M = 639.15 s, SD = 232.00 s), and
the average control session was 4 minutes and 35 seconds (M = 275.85
s, SD = 99.82 s); note that we gently reminded participants after 10
minutes to keep the study running on time.

However, since each Look2React interaction took significantly
longer than control interactions (which were instantaneous), we can’t
draw any insights from session lengths alone. To supplement this, we
also performed an interaction analysis on the total number of interac-
tions and repeat interactions. We define a repeat interaction as a case
where the participant returned to the same NPC after having walked
away to interact with another NPC, collect a prop, or for any other
reason.

Participants in the Look2React version had more total interactions
(M = 20.8, SD = 6.7) on average compared to the control version (M =
10.8, SD = 5.2). Repeat interactions followed a similar trend, with an
average participant returning to the same NPCs around twice as often
as in the Look2React version (M = 11.1, SD = 3.2) than in the control
version (M = 5.8, SD = 3.4).

5.3 GEQ - Social Presence Module
The social presence module has 17 questions that aim to measure how
strongly players feel connected to, aware of, and engaged with other
characters or agents in the virtual environment. All questions were
scored on a 5-point Likert scale. For example, “I empathized with the
other(s),” where (0) corresponds to “not at all” and (4) corresponds
to “extremely.”

For social presence, all participants reported significantly higher
scores across all questions for the Look2React version, as shown in
Fig. 4 (a). Following standard practice, we split the 17 questions
into three segments — behavioral engagement, empathy, and negative
feelings [17]. To assess the statistical significance of these values,
we first performed a Shapiro-Wilk normality test. Since all values
were non-normal, we conducted non-parametric tests for all conditions.
Effect sizes are also reported to indicate the practical significance of
the differences. For our within-participants design study, we applied
the Wilcoxon signed-rank tests for non-parametric data. All results and
p-values are given in Table 2.

For Social Presence, all three subscales (Behavioral Engagement,
Empathy, and Negative Feelings) showed significant increases in the
Look2React condition. Wilcoxon signed-rank tests revealed strong
effects for each subscale, indicating that participants consistently felt
stronger social presence in Look2React compared to the control con-
dition. The Rank-Biserial Correlation (RBC) was 1 for all three, and
the Common Language Effect Sizes (CLES) ranged from 0.854 to
0.903, reflecting a clear and practically meaningful increase across
all subscales. The increases in Empathy and Behavioral Engagement
were particularly strong, highlighting that Look2React substantially
enhanced social connectedness and interaction with NPCs.

5.4 GEQ - In-Game Module
The In-game module has 14 questions that aim to measure players’
subjective experiences during gameplay, including aspects such as
immersion, flow, competence, tension, and challenge. The questions
are marked on a 5-point Likert scale, similar to the Social Presence
module. The questions and participant average scores are given in Fig.
4 (b). All questions were found to be non-normally distributed, and we
applied the Wilcoxon signed-rank test to them. All results are given in
Table 3, with significant results highlighted.

Most notably, players reported higher contentment with the
Look2React version. Players also reported higher challenge and ef-
fort required in Look2React version, but the significant increases in Q1,
Q3 (decreased), Q4, and Q14 scores suggest that the system encour-
aged them to try new and different things, ultimately leading to a more
dynamic and rewarding gameplay experience.

5.5 Qualitative Findings
Our semi-structured interviews yielded approximately 5 hours of inter-
view recordings. To analyze the data, we coded the interview transcripts
and organized the feedback into affinity diagrams and higher-level cate-
gories. We then synthesized them into overarching themes and report
them as follows. We begin with participants’ immediate feedback on
the NPCs and in-game interactions, then turn to their reflections on how
Look2React might shift the gaming paradigm at a higher level. Finally,
we conclude with participants’ suggestions for potential improvements.

5.5.1 NPCs as “real people”: Increased expressiveness, emo-
tion, and personalities

Participants generally noted that they perceived the Look2React NPCs
more as “real people”. From their feedback, we identified three factors
contributing to this resemblance: (1) the NPCs’ expressiveness, (2)
their perceivable emotions, and (3) their more distinctive personalities.
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Table 2: Shapiro–Wilk and Wilcoxon signed-rank results for Social Presence subscales.

Variable Shapiro–Wilk (W, p) Wilcoxon (W, p) RBC CLES
SP_Behavior 0.939 (0.032) 0.0 (0.000002) 1.0 0.9038
SP_Empathy 0.938 (0.029) 0.0 (0.000142) 1.0 0.8575
SP_Negative 0.937 (0.027) 0.0 (0.000212) 1.0 0.8538

(a) Social Presence Module (b) In-Game Module

Fig. 4: Game Experience Questionnaire Results

Table 3: Wilcoxon signed-rank test results for GEQ In-Game Module
items. (** Highly significant (p < 0.001), * Significant (p < 0.05)).

Question Wilcoxon (W, p) RBC CLES
Q1 0.0 (0.0007)** 1.000 0.763
Q2 26.5 (0.0541) 0.558 0.588
Q3 22.0 (0.0090)* -0.712 0.281
Q4 0.0 (0.0003)** 1.000 0.836
Q5 27.0 (0.0495)* 0.550 0.624
Q6 25.5 (0.2991) -0.346 0.455
Q7 4.5 (0.0150)* -0.836 0.365
Q8 6.5 (0.4568) -0.381 0.431
Q9 18.0 (0.0425)* 0.604 0.613
Q10 6.0 (0.0022)* 0.886 0.700
Q11 0.0 (0.0005)** 1.000 0.778
Q12 13.5 (0.0236)* 0.703 0.668
Q13 3.5 (0.0140)* 0.873 0.716
Q14 5.0 (0.0022)* 0.905 0.738

Regarding expressiveness, all participants observed that the
Look2React NPCs reacted meaningfully to the players’ behavior:

P6: I tried to play the guitar [to the girl]... She danced and
said “singing my song”. I think that was a kind apprecia-
tion.

The richer expressiveness of the NPCs generally led to their emotions
being more perceivable, as confirmed by our quantitative results (“I
empathized with the others” and “I was influenced by others’ moods” in
Figure 2). Participants’ feedback shed light on the moments when they
empathized with the NPCs, sensing their happiness, fear, or hunger:

P3: She [the girl] said, “want some cake” with an eating
gesture, so I felt her desire for the cake.

P12: I can see my dance being mirrored by the girl... I was
able to capture, say, her happiness very fast.

Eventually, when comparing the NPCs’ personalities in the two
versions, all participants found that the NPCs in the Look2React version
generally exhibited more pronounced personalities:

P21: The girl has like a very upbeat personality because
like she would sing a song with you while you are playing
the guitar... so like a very outgoing person.

Most participants (N=17) also noted that the NPCs’ personalities
were more distinct in the Look2React version, particularly when they
reacted differently to the same gesture:

P7: When I held up the sword to her (the girl), she got scared
and backed away, when it’s the guard [he] like wanted to
fight so you could see that there’s definitely a personality
difference.

5.5.2 Realistic Immersion: more fluid conversation, intrigued
exploration, deeper engagement

Having established that participants perceived the NPCs more as “real
people”, we can now examine what this implies for the players’ in-
game experience. Because participants were able to interact with the
NPCs in ways that resembled real life, they generally reported that
the experience was more fluid, encouraged exploration, and was more
engaging.

Increased fluidity in the NPC interactions mainly arose from being
able to use real-world social protocols to interact with them:

P4: It’s much easier to hand in the quest. Like I just walked
there and the old man just say okay... It’s more like in the
real world.

Given that most existing games require players to press a specific
key (e.g., a button) to interact with an NPC, it was notable that, in
the Look2React condition, participants spontaneously used real-life
social protocols (e.g., walking closer and showing an item) to hand
in the quest to the old man, without any explicit prompting from the
experimenter. We believe this behavior in the Look2React condition
indicates increased immersion and realism. For example, P12, who
self-identified as a frequent gamer, commented:
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P12: when I was holding the item [the old man requested],
I knew exactly that I didn’t need to press the buttons after
returning to him... I can just grab stuff and just return back
there and wave it at him.

Echoing the fact that participants all spent more time in the
Look2React version, participants’ feedback indicated increased will-
ingness to explore and deeper engagement with the game. Because the
NPCs provided unscripted responses (i.e., not explicitly programmed)
that depended on players’ spontaneous actions, participants reported
feeling more curious about interacting with both the NPCs and the
game overall:

P1: The NPCs are more capable, that intrigued me to do
more things, to see what their reactions were.

P19 compared this to how players often skip through conversations
with NPCs in existing games, and noted:

P19: ...because a lot of the existing games, it feels more like
trying to skip through the dialogue... That response is varied,
so I feel more willing to like try out different responses or
even do the same action but do it like twice to see how how
it might change.

Oftentimes, this willingness to explore allowed players to enjoy the
game beyond the main quest. When asked whether they approached
the game differently in the two versions, P3 and P9 explicitly noted that
they focused less on the main quest in the Look2React version, which
aligned with our observation:

P3: Other than finishing the task, I can explore more in the
world by interacting with the NPCs.

P9: In the AI version I could spend hours other than the
main story just interacting with the NPCs.

5.5.3 Heightened social anticipation: Satisfied intent vs. unex-
pectedness

In line with the quantitative results from the social presence module
(Figure 2), we observed heightened social awareness and anticipation
from the participants in the Look2React version. As participants treated
the NPCs more like real people and engaged more deeply with the game,
they became more aware of the intent behind their own actions and
anticipated that the NPCs’ responses would align accordingly. Overall,
feedback was highly positive when the NPCs in the Look2React version
responded exactly as players expected:

P16: I feel more immersed when the interactions were sort
of in line with what I expected.

P17: I would do some gestures like the bouquet of flower
or wave the cake, [I would expect] like sniffing... and some-
thing like taking a bite of the cake. So basically I would
interact with the props and the reactions of the NPCs would
be consistent with my gestures.

However, what we observed was even more intriguing: moments
when the NPCs’ responses did not align with players’ expectations. For
example, the young girl in the game typically responded warmly to
gifts and would even dance along when a participant played the guitar—
behaviors that often matched participants’ anticipation. In contrast,
we gave the guard a stiffer persona: he consistently rejected gifts and
appeared more indifferent. A few participants considered the guard’s
indifference somewhat unexpected. For example, P1 tried to bow to the
guard and mentioned he expected him to bow back. However, the guard
brushed his hand through the air in a shooing gesture. Interestingly,
when players received such unexpected responses, it often strengthened
their perception of the character. For instance, P7 and P12 reflected on
how they felt about the guard when their kindness was not reciprocated:

P7: He was mean. He didn’t want any of my gifts and he
only wanted to fight. So he’s the big bad guard.

P12: ...the guard has a very strong personality. Yeah, he is
not a person I think a player will like, very rude.

5.5.4 From “role-play” to “co-play”: Unscripted and sponta-
neous plots add to the game’s possibilities

Building on the above observations, some participants reflected on how
Look2React might shift the gaming paradigm for NPC-driven games.
An important takeaway was the possibility for players to spontaneously
co-create their own stories with NPCs beyond the main narrative. Sev-
eral participants described an increased sense of influence over the
game:

P7: I felt like I actually had an influence on the environ-
ment... I am not just trying to work with what the game was
giving me, but I am able to provide input to the game, and
the game is responding based off what I was doing... sort of
like I’m role-playing and the game is kind of role-playing
back to me.

By enabling players to influence how NPCs “co-play” in response,
Look2React went beyond simply providing human-like replies to iso-
lated inputs. We observed that these more lively responses were often
connected by players into emotional and memorable mini-plots. Echo-
ing the theme of “unexpectedness” noted in the previous section, such
mini-plots could even emerge from moments when players’ intentions
were left unfulfilled. Coincidentally, P6 and P7 shared similar stories
about their “unpleasant” encounters with the guard:

P6: In front of the guard, first I showed friendliness. I
wanted to say, Ok, I am not aggressive, I will give you
some food. However, the guard was not showing the same
friendliness to me. So I went back and picked up the sword
and tried to attack him.

P7: So a good example is the big bad guard. At first I tried
to make friends with him. I brought him a cake and flowers
and he didn’t want any of that. He didn’t want anything to
do with me. So that made me frustrated and angry. I grab a
sword and I went up to him and threaten him with the sword.
You know... then he wanted to fight. I think I would have
won...

6 DISCUSSION

6.1 Summary
To address RQ1, we experimented with several state-of-the-art methods
and finally concluded that vision-language models are the best suited
to balance relevant context with minimal pre-preparation. Building
on this, we created Look2React, a model-agnostic system that uses
such VLMs to select relevant gestures and generate accompanying text
as NPC responses to user actions in VR environments. For RQ2, we
report both objective performance (response latency, token usage, and
interaction analysis) and subjective viability (perceived personality,
immersion, and engagement) of Look2React to help create a more
complete understanding of the system’s capability. Finally, for RQ3, we
explored how the participants felt by analyzing their game experience
questionnaires and interview responses.

6.2 User Experience
We found a strong and statistically significant increase in presence,
immersion, engagement, and satisfaction with Look2React interactions
when compared to the control version from the GEQ and the interviews.
The In-Game module highlighted that dynamic NPC reactions increase
interest and impressiveness, at the cost of increased effort and chal-
lenge. In the interviews, participants preferred the dynamic reactions
for greater repeatability and spontaneous interactions. At the same
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time, some participants noted the importance of quick, efficient interac-
tions when seeking story-related information from NPCs, suggesting
a trade-off between engagement and efficiency. The Social Presence
module also reflected the participants’ increased connection with the
NPCs, with significant increases across all three parameters. These
reports were echoed in the interviews, which helped us understand
how the participants perceived the NPCs as different people with their
own personalities, and how this perception motivated them to return
and engage frequently, hoping to uncover additional facets of these
personalities. Players with previous experience with RPG games also
drew parallels between the control version and games they have played
before, with P7 commenting that the control version interactions “felt
like the ones in Pokemon games [popular RPG game series]".

6.2.1 Triggering Mechanism
The 4-step interaction we designed is a critical component of
Look2React. We tried to merge real-life interaction cues with gameplay
style iconography to ensure that the NPCs’ transition from traditional
scripted characters to more perceptual agents with distinct personal-
ities was conveyed effectively. In the user study, participants with
prior gaming experience quickly recognized the reference; for example,
P9 remarked, “. . . it reminds me of Assassin’s Creed [a popular RPG
game]". Interestingly, P13, who reported no previous experience with
either VR or RPGs, also understood the mechanism immediately. This
diverse acceptance suggests early success of the interaction design.

However, some players raised concerns (P16, P19). Specifically,
P16 commented on its reliance on eye contact and how they personally
felt awkward making prolonged eye contact, suggesting that we look
into other body cues. Future work could incorporate the direction the
user’s body is facing to complement eye gaze detection.

6.3 Limitations and Future Work
6.3.1 User Study
For our user study, we created and compared two versions of the same
game, with the only difference being the NPC interaction system (§
4.1). For the control version, although we created an experience repre-
sentative of the current RPG games, future work can compare against
more elaborate systems that may identify the user’s equipped items
and respond accordingly. This would help highlight the importance
of understanding dynamic actions compared to static identification of
in-game items. Furthermore, future work can focus on evaluating the
effectiveness of Look2React with additional customizations and scenar-
ios, such as the player’s clothes, age, hairstyles, and group dynamics in
multiplayer. Future studies can also involve more participants and mul-
tiplayer capabilities to increase generalizability and to better understand
group dynamics.

6.3.2 Alleviating Latency
The delay between ‘Looking’ and ‘Reacting’ was the most frequent
topic of concern in the interviews. Part of this latency is an inherent
consequence of working with VLM/LLM systems. In Look2React, we
attempt to hide this latency with an intermediate ‘thinking’ pose. But
we also introduce additional latency via the triggering and recording
mechanisms. Future work could employ a “fast-slow” architecture
[5, 20], using methods such as physics-based interactions or fast local
models to continuously monitor for triggers and provide an immediate
“instinctual” response, while a larger, slower VLM provides richer, more
dynamic responses. Such an approach could also have other benefits:
as two participants noted, the VLM model is unable to identify subtle
details in gestures, like giving a flower vs. hitting with it, which may
improve with additional physical context.

6.3.3 Scalability
A major consideration when designing NPC systems is the scale of
current RPG games, which can easily have several different NPCs
and factions. We designed Look2React to be highly scalable, with
the npc_type (and prev_response) parameter (Table 1) being the
only change between NPCs. Since the rest of the Look2React calls
are the same (animations and prompt), they can be efficiently cached.

Adding more animations is also straightforward, as only the names are
shared with the VLM, and the animation files are common for each
NPC, optimizing storage. Future work could create a more elaborate
game with more NPCs to quantitatively measure the performance gains
afforded by Look2React and the effectiveness of similar animations
across different NPCs.

6.3.4 Technical Improvements

During the VR session, several participants used some form of speech
while interacting with the NPCs, ranging from thinking aloud (“Maybe
I’ll give this cake to the guard") to talking to them (“You have a nice
house!", to the girl). Speech interactions also came up often as a feature
participants wanted during the interview (P1, P5, P7, P12). Future work
should incorporate speech as an input modality for further enhanced
freedom and immersion.

An intrinsic aspect of AI-based interaction is the stochasticity in the
system. This randomness allows for unexpected and varied responses,
which can make NPC interactions feel more natural and less scripted,
but it also introduces unpredictability that may affect consistency and
player trust, as some participants also pointed out (P1, P2, P21). To
make interactions more consistent, a more detailed per-NPC interaction
history can be shared with the VLM.

6.3.5 Flatscreen games

We built Look2React as a VR NPC system due to the increased control;
however, it can also be used in flatscreen games. Players in flatscreen
games frequently use traditional controls to communicate, such as
jumping or crouching rapidly to say that they are friendly, and many
games offer rich emotes for expression. However, these gestures are
largely ignored by NPCs. Look2React presents an opportunity to bring
more responsive, dynamic NPC behavior to flatscreen RPGs, enabling
characters to recognize and react to player gestures in meaningful ways.

7 CONCLUSION

In this work, we proposed Look2React, a system capable of creating
dynamic NPC responses by selecting an appropriate pose and generat-
ing accompanying text that feels natural and personalised to the NPCs,
based on visual inputs from the virtual environment. We discuss the
ideas we explored, explain why certain options were not selected, and
detail our final architecture, laying down a crucial foundation for future
work to build on. Additionally, we create an intuitive and reliable
triggering mechanism that reduces accidental triggers, while giving
users a natural way to initiate interactions. To evaluate Look2React,
we created two versions of an RPG game, one with NPCs similar to
popular commercial RPGs and one with Look2React NPCs. We invited
20 participants to play both versions of the game, and our findings show
that Look2React NPCs increase presence, immersion, engagement, and
satisfaction. With Look2React, NPCs can become more dynamic, ex-
pressive, and responsive to users, representing a meaningful advance
towards creating more human-like, realistic in-game characters.
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