
VRS-LLM: Personalized Prediction of Virtual Reality
Sickness Using Large Language Models Based on
Multimodal Time Series Data
Yoonseon Choi 

Hanyang University
Dayoung Jeong 

Hanyang University
Bogoan Kim 

Chungbuk National University
Kyungsik Han 

Hanyang University

Research Article

Keywords: Virtual reality sickness, Personalized prediction, Large language model, Dynamic time
warping, Multimodal time series data

Posted Date: June 17th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-9919190/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-9919190/v1
https://doi.org/10.21203/rs.3.rs-9919190/v1
https://doi.org/10.21203/rs.3.rs-9919190/v1
https://creativecommons.org/licenses/by/4.0/


VRS-LLM: Personalized Prediction of Virtual

Reality Sickness Using Large Language Models

Based on Multimodal Time Series Data

Yoonseon Choi1, Dayoung Jeong2, Bogoan Kim3,4,

Kyungsik Han1,2*

1*Department of Data Science, Hanyang University, 222 Wangsimni-ro,
Seoul, 04763, Republic of Korea.

2Department of Artificial Intelligence, Hanyang University, 222
Wangsimni-ro, Seoul, 04763, Republic of Korea.

3School of Information and Communication Engineering, Chungbuk
National University, 1 Chungdae-ro, Seowon-gu, Cheongju, 28644,

Republic of Korea.
4Cancer Research Center, Chungbuk National Univerity, 1

Chungdae-ro, Seowon-gu, Cheongju, 28644, Republic of Korea.

*Corresponding author(s). E-mail(s): kyungsikhan@hanyang.ac.kr;
Contributing authors: yoonseonchoi@hanyang.ac.kr;
dayoungjeong@hanyang.ac.kr; bogoan@cbnu.ac.kr;

Abstract

Virtual reality sickness (VRS) remains a significant barrier to sustained user
engagement, necessitating robust predictive modeling. Conventional approaches
often rely on multiple sensors for data diversity, yet struggle to incorporate rich
contextual information and face challenges in user-specific training with limited
data. We present VRS-LLM , a framework that leverages the reasoning capabili-
ties of large language models (LLMs) to predict VRS using head-mounted display
(HMD) data. Our approach effectively extracts temporal features, integrates mul-
tifaceted context, and facilitates personalized prediction from individual-level
data. VRS-LLM consists of two modules: Modality Matcher , which quantifies
inter-modality relationships via Dynamic Time Warping (DTW), and Context

Matcher , which encodes contextual factors into three structured types. Experi-
ment results show superior performance (MSE 0.06, MAE 0.13) over baselines.
Ablation studies validate the critical contributions of two modules. This work
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highlights the potential of LLM-based user state prediction through effective data
representations and prompt engineering using multimodal time series data.

Keywords: Virtual reality sickness, Personalized prediction, Large language model,
Dynamic time warping, Multimodal time series data

1 Introduction

Virtual reality sickness (VRS) remains a critical impediment to user experience
in immersive environments, characterized by symptoms including nausea, dizziness,
and disorientation. Mitigating these effects necessitates proactive VRS prediction to
enable the timely application of intervention strategies, such as modifying the field
of view (Wu and Suma Rosenberg 2022) or integrating haptic feedback (Jung et al.
2021). Recent advancements in VR hardware and wearable sensors have facilitated
the collection of diverse physiological and behavioral signals, driving research into
deep learning-based predictive models (Islam et al. 2021; Jeong et al. 2023; Jeong and
Han 2024; Yang et al. 2025). However, the relationship between sensor signals and
VRS is inherently user-dependent, governed by individual differences in susceptibility
and behavioral patterns (Kim et al. 2025b; Tian et al. 2022). Accordingly, there is a
growing scholarly consensus on the necessity of personalized VRS prediction models
derived from multimodal data (Lee et al. 2021; Li et al. 2023).

Despite these efforts, three fundamental limitations persist in current multimodal
personalized VRS modeling. First, reliance on high-dimensional modalities introduces
practical deployment constraints and may degrade user experience during data col-
lection. While increasing the number of modalities—such as electroencephalography
(EEG), electrodermal activity (EDA), heart rate (HR) and data (e.g., video, eye
movements, and head movements) collected from head-mounted displays (HMDs)—
typically enhances performance (Jeong et al. 2023; Islam et al. 2022), the requirement
for additional wearable sensors increases system complexity, reduces ecological valid-
ity and user experience (Poria et al. 2017; Oloyede and Hancke 2016; Kamińska et al.
2022; Kim et al. 2022). Second, existing approaches often fail to adequately integrate
contextual information within multimodal streams (Qu et al. 2022; Kim et al. 2020;
Liao et al. 2020). Effectively interpreting time-varying data requires understanding
the interactions and environmental conditions underlying specific sessions (Xu et al.
2024; Liu et al. 2024; Kim et al. 2023; Ge et al. 2024). While some studies have
used additional modalities (e.g., demographics or sentiment indices) to provide seman-
tic grounding (Jin et al. 2020; Rebenitsch and Owen 2021; Gao et al. 2023), these
methods are often domain-dependent and lack generalizability. Third, existing deep
learning architectures struggle with personalization due to the data-intensive nature of
individual-level training. Real-world constraints on user-specific data volume and qual-
ity often lead to overfitting, hindering the development of robust, stable personalized
models.

To address these limitations, we propose a three-fold approach. First, we utilized
a streamlined set of three modalities (i.e., video, eye movement, and head movement)
collected from HMDs, standard devices for VR, which are directly implicated in VRS
induction (Caserman et al. 2021; Chang et al. 2021; Palmisano et al. 2020). Based on
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these inputs, we designed a model architecture that effectively captures complex inter-
modal dependencies. Central to our methodology is the systematic representation of
multimodal temporal relationships, employing dynamic time warping (DTW) (Müller
2007) to quantify inter-modality synchronization. Second, we demonstrate that con-
textual information, often underrepresented in prior approaches, can be effectively
synthesized by leveraging large language model (LLMs) pre-trained on extensive tex-
tual data and capable of understanding contexts. Third, we demonstrate the feasibility
of personalized prediction without model retraining by leveraging LLMs in a few-shot
setting with user-specific data.

We propose VRS-LLM , a personalized VRS prediction model that integrates
DTW and LLMs to analyze multimodal time-series data derived from HMDs. VRS-
LLM consists of two primary modules. The first module, Modality Matcher , employs
DTW to quantitatively evaluate synchronization levels and pattern similarities across
modality pairs. By applying DTW to three modalities—video, eye movement, and
head movement—the module extracts nuanced temporal correlations between each
time-series pair. The second module, Context Matcher , uses a structured prompt
architecture to provide the LLM with contextual grounding for HMD data interpre-
tation. The prompt systematically integrates (1) basic information e.g., number of
participants, VRS rating scales) related to VRS measurement, (2) semantic scene
descriptions of the VR content, and (3) data feature specifications detailing the input
characteristics and the DTW application methodology. To validate the effectiveness
and generalizability of our approach, we evaluated VRS-LLM across multiple pre-
trained LLMs of varying scales and architectures, including GPT, LLaMA, and Gemini
families. VRS-LLM achieved the greatest personalized prediction in a few-shot config-
uration (MSE = 0.06, MAE = 0.13) and demonstrated consistent performance across
LLM families. In addition, ablation studies confirmed the necessity of each component.
Specifically, the data representation with DTW outperformed that with traditional
metrics (e.g., Euclidean distance, correlation, and cosine similarity), validating the
choice of DTW for capturing temporal dynamics. Incremental evaluation of the Con-

text Matcher also revealed that the addition of contextual information layers led to
progressive performance gains. VRS-LLM offers a structured paradigm for designing
data representations and prompts that facilitate the analysis of inter-modality inter-
actions within multimodal time series. This architecture holds broad potential for
various user-state prediction tasks where understanding temporal relationships across
modalities is important, such as stress detection or sleep stage classification (Kim et al.
2025a).

In summary, the contributions of this paper are as follows:

• We propose VRS-LLM , a personalized VRS prediction framework that effectively
models complex inter-modality interactions using exclusively HMD-derived time-
series data.

• To facilitate the integration of multimodal time-series data with LLMs, we intro-
duce a DTW-based input representation and a structured prompt that incorporates
multifaceted contextual information.

• We demonstrate that pre-trained LLMs to facilitate accurate personalized VRS
prediction without requiring user-specific model training.
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2 Related Work

2.1 Data Representation Techniques for Time Series

Extensive research on time series analysis has used multivariate or multimodal data to
integrate diverse information sources, yielding more accurate and robust predictions.
In the context of VRS prediction, temporal discrepancies frequently arise between sig-
nal pairs (e.g., video–eye, eye–head) even when captured by a single HMD device.
Consequently, it is imperative to develop models capable of accounting for such mis-
alignments. Various data representation techniques have been proposed to effectively
characterize the relationships across time series sequences or modalities.

A foundational approach involves using Euclidean distance to measure point-to-
point similarity at identical time indices. For example, Kalpakis et al. (Kalpakis et al.
2001) used this metric to quantify time series similarity for subsequent clustering tasks.
Other methods use Pearson correlation or cosine similarity to capture global depen-
dencies. Zhou et al. (Zhou et al. 2020) measured synchrony between EEG signals using
correlation to quantify the linear relationships for epileptic seizure data analysis. Dong
et al. (Dong et al. 2006) applied cosine similarity to detect anomalies by comparing
current patterns against normative reference signals. However, these methods primar-
ily assume linear relationships and fixed temporal alignments, limiting their efficacy
in capturing nonlinear dynamics and the stochastic temporal variations inherent in
human behavioral data.

To address these limitations, one of the most widely used techniques is dynamic
time warping (DTW), which allows temporal warping between sequences of varying
lengths. This capability facilitates the alignment of nonlinear patterns and the deriva-
tion of quantitative similarity measures that are robust to phase shifts. Xia et al. (Xia
et al. 2024) employed DTW to compute similarities between multivariate financial
time series data and constructed a dynamic hypergraph for volatile stock price predic-
tion. Similarly, Masnad et al. (Masnad et al. 2019) employed DTW in human activity
recognition to smartphone sensor data (gyroscope and accelerometer) by comparing
reference and test samples.

As demonstrated, various data representation techniques have been employed
to effectively model the relationships between time series data. Within VR envi-
ronments, modalities collected via HMDs often exhibit variable sampling rates and
asynchronous patterns, necessitating alignment strategies that account for nonlinear
temporal variations. In this study, we design a DTW-based Modality Matcher to
accurately capture the relationships between HMD-based multimodal data without
requiring auxiliary sensors, thereby facilitating high-precision VRS prediction through
enhanced relational modeling.

2.2 Leveraging LLMs for Time Series Data

As LLMs continue to demonstrate versatility across diverse domains, their potential
for time series forecasting has received significant research interest. Recent studies
have attempted to interpret the contextual nuances embedded in temporal data by

4



using the pre-trained knowledge and reasoning capabilities of of LLMs, leading to the
emergence of methodological streams.

Research leveraging the representational capacity of pre-trained models often
employs attention-based mechanisms to align temporal information with linguistic
embedding spaces. For example, Zhou et al. (Zhou et al. 2023) introduced GPT4TS,
which uses parameters from a pre-trained GPT-2 (Radford et al. 2019) to compute
attention over time series data for downstream tasks such as imputation, classifica-
tion, anomaly detection, and prediction. Expanding on this, Jin et al. (Jin et al. 2023)
developed Time-LLM, which aligns time series data with the pre-trained word embed-
dings of LLaMA 2 7B (Touvron et al. 2023) and reinforces contextual understanding
through prompts that incorporate domain knowledge, statistical information, and task
instructions. Liu et al. (Liu et al. 2024) proposed TimeCMA, using a cross-modal align-
ment mechanism to combine variable-wise encoded embeddings with GPT-2 tokens.
While these alignment-centric models effectively harness pre-trained representations,
they often require significant computational overhead and face efficiency constraints
during fine-tuning.

In contrast, prompt-based approaches have been proposed to convert time series
data into natural language input. Xue and Salim (Xue and Salim 2023) proposed
PromptCast, a prompt-based model for time series forecasting. The input prompt
consists of a context part that contains past time series data along with correspond-
ing descriptions, and a question part that requests predictions for future values. The
output prompt is designed to generate natural language responses using a predefined
template. Chen et al. (Chen et al. 2024) proposed Sensor2Text, a model designed to
support dialogue generation about a user’s daily activities based on wearable sensor
data (eye, muscle, and body tracking). Data from each modality is processed through a
Transformer encoder and a Querying Transformer to generate “sensor tokens,” which
serve as embedding vectors for the LLM input. These tokens are then included in the
prompt along with an instruction specifying the LLM’s task. Englhardt et al. (Engl-
hardt et al. 2024) designed a Chain-of-Thought (CoT) (Wei et al. 2022)-based prompt
to infer depression status and symptoms. Their prompt includes task and dataset
descriptions, as well as domain knowledge based on the DSM-V (EDITION 1980),
and employs a step-by-step questioning structure to help the LLM understand various
formats of raw sensor data (e.g., CSV, tabular, and markdown).

Our work extends these prompt-based approaches by introducing a preprocess-
ing pipeline tailored for heterogeneous HMD data—including video, eye movement,
and head movement signals—along with prompt construction strategies. These com-
ponents enable LLMs to better interpret the characteristics of the input data for
the VRS prediction task. Specifically, our study proposes a Context Matcher that
constructs a hierarchical prompt structure—compromising domain-level background
(Basic Information), content-level variation (Scene Information), and feature-level
structure (Feature Information)—to facilitate the LLM’s capacity for causal reasoning,
specifically optimized for the complexities of VRS prediction.
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2.3 Prediction Models for VRS

Physiological signals (e.g., EDA, EEG) and movement data (e.g., eye and head move-
ments) are frequently utilized in VRS prediction tasks, as they are directly linked
to the vestibular and ocular disturbances that induce sickness. Consequently, recent
studies have actively explored deep learning-based modeling approaches designed to
map these high-dimensional signals to VRS prediction.

Existing research focused on establishing the efficacy of diverse neural network
architectures. Islam et al. (Islam et al. 2021) developed a deep neural network (DNN)
model using four physiological signals (HR, breathing rate (BR), heart rate variabil-
ity (HRV), galvanic skin response (GSR)), achieving an RMSE of 2.47. In a follow-up
study (Islam et al. 2021), they subsequently proposed a CNN-LSTM-based model
using only HMD data, which improved the RMSE to 0.51. Jeong and Han (Jeong and
Han 2024) proposed a Transformer-based model, MS-STTN, which integrated multi-
modal data (i.e., EDA, HR, skin temperature (SKT), and eye/head movement data)
to achieve an RMSE of 0.25. Other work has also focused on classification. For exam-
ple, Jeong et al. (Jeong et al. 2023) developed an attention-based classification model
that classify the severity of VRS with an accuracy of 87% using multimodal data
(i.e., video, eye/head movement data, EDA). As VRS symptoms can vary depend-
ing on individual-specific characteristics such as susceptibility to motion sickness and
prior experience with VR, the need for personalized prediction has also been empha-
sized (Ramaseri-Chandra and Reza 2024; Wang et al. 2021). However, most deep
learning-based models have limited capacity to capture these characteristics, primar-
ily due to user overlap between the training and test datasets and the need for a large
number of participants to learn individual-level biases.

To mitigate these limitations, researchers have explored personalization through
demographic integration (e.g., gender, age), subjective background data (e.g., VR
experience, susceptibility to motion sickness), or specialized training regimes such as
transfer learning or sample weighting. Jin et al. (Jin et al. 2018) developed a support
vector regression (SVR) model that combines questionnaire-based user profiles with
head-movement data, achieving an MSE of 0.01. Tasnim et al. (Tasnim et al. 2024)
developed multiple adaptation strategies—including early shaping and demographic
grouping—achieving an RMSE of 0.21. Lee et al. (Lee et al. 2021) implemented a
personalized model by using physiological signals along with video data, designing a
feature extractor that accounts for individual physiological variability.

Despite these advancements, existing personalization methods often rely on broad
group-level heuristics or require computationally expensive retraining and fine-tuning
stages. Our work addresses these limitations by leveraging the in-context learning
capabilities of pre-trained LLMs. By providing the model with a limited set of user-
specific examples via few-shot learning, our approach facilitates flexible, individual-
level inference without the need for model retraining. This approach simplifies the
personalization pipeline while maintaining high sensitivity to the variations in user
response patterns.
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Fig. 1 Architecture of VRS-LLM, consisting of (a) the Contextual Matcher module and (b) the
Modality Matcher module. (a) incorporates contextual information of the input attributes into the
prompt, and (b) synchronizes time variations across modalities using DTW. Each module provides
information for prompt generation, and the LLM performs the prediction of VRS.

3 Method

In this section, we present the methodology for developing VRS-LLM . The overall
architecture is illustrated in Fig. 1. To predict VRS, we process multimodal time
series data collected from an HMD—including VR video, eye movements, and head
movements—for ingestion into an LLM. To effectively represent these data, we pro-
pose two key modules: (1) Modality Matcher and (2) Context Matcher . Modality

Matcher utilizes the DTW algorithm to quantify temporal misalignment across modal-
ities. Context Matcher constructs a structured prompt to provide the LLM with
necessary semantic grounding. By integrating these strategies, VRS-LLM facilitates
high-precision, LLM-based VRS prediction.

Table 1 Features and dimensions of the data collected from the HMD sensors.

Modalities Features Dimension (axes)

Eye movement

combined gaze direction 3D (x, y, z)

right / left eye openness 1D

right / left gaze direction 3D (x, y, z)

right / left gaze origin 3D (x, y, z)

right / left pupil diameter 1D

right / left pupil position 2D (x, y)

Head movement
head position 3D (x, y, z)

head rotation 3D (roll, pitch, yaw)
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3.1 Dataset

We used the publicly-available dataset (Jeong et al. 2023), which consists of HMD-
derived signals and corresponding subjective sickness scores. Data were collected from
27 participants using an HTC VIVE Pro Eye during sessions where each participant
viewed 20 VR videos from a seated position. The dataset comprises three primary
modalities—(1) VR video, (2) eye movements, and (3) head movements—along with
Fast Motion Sickness Scale (FMS) scores that reflect perceived VRS levels. Each video
is 40 to 45 seconds long, recorded in a 360-degree first-person perspective, and pre-
sented at 30 frames per second (fps). These videos encompass 10 thematic categories
(i.e., cycling, water slides, driving, space travel, sailing, flat rides, motorbikes, flying,
planes, and roller coasters), systematically designed to induce varying VRS intensities
through “smooth” or “dynamic” motion profiles. Eye and head movement data were
recorded as vector values using the HMD’s built-in sensors while participants watched
the videos. A summary of the features extracted from the eye and head movement
data is presented in Table 1. Following each session, participants verbally reported
their FMS scores on a scale of 0 (“no sickness at all”) to 20 (“frank sickness”).

3.2 Data Preprocessing

3.2.1 VR video

To quantify the dynamic variations within the video, such as object motion or global
screen transitions, we applied an optical flow algorithm (Farnebäck 2003). This algo-
rithm converts successive video frames to grayscale and computes pixel-wise motion
vectors along the x- and y-axes to characterize inter-frame displacement. From these
pixel-level vectors, we derived the average motion along the x-axis (dx) and y-axis
(dy) for each frame. For a frame of a height h and width w, the motion vector at pixel
(i, j) is represented as flow[i, j, 0] for the x-axis and flow[i, j, 1] for the y-axis. The
average motion values, dx and dy, are calculated as follows:

dx =
1

h× w

h
∑

i=1

w
∑

j=1

flow[i, j, 0], dy =
1

h× w

h
∑

i=1

w
∑

j=1

flow[i, j, 1] (1)

3.2.2 Eye and Head Movements

Eye and head movement data were preprocessed to extract temporal variations
between time steps. As shown in Table 1, the data were recorded as vector values
and stored in CSV format. Each column in the dataset represents a univariate time
series corresponding to a single axis. Given that user movements involve integrated
multi-axial rotations and translations rather than isolated single-axis maneuvers, inde-
pendent analysis of each axis may fail to capture holistic behavioral patterns. To
address this, we derived a unified feature representing the magnitude of the vector dis-
placement (∆v) by computing the Euclidean distance between consecutive time steps,
defined as follows:

8



1D : ∆v = |xt+1 − xt| (2)

2D : ∆v =
√

(xt+1 − xt)2 + (yt+1 − yt)2 (3)

3D : ∆v =
√

(xt+1 − xt)2 + (yt+1 − yt)2 + (zt+1 − zt)2 (4)

, where (xt, yt, zt) represent the position at time step t, while (xt+1, yt+1, zt+1) denote
the position at the next time step.

This procedure quantitatively captures both the magnitude of the vector changes
and the temporal continuity of movement patterns. In addition, this approach facil-
itates significant dimensionality reduction, decreasing the number of eye movement
features from 23 to 11, and the number of head movement features from 6 to 2. Despite
this reduction, the fundamental variability of the signals was preserved, yielding a
compact yet highly informative representation of participant movement data.

Fig. 2 Distributions of FMS scores from some participants. The x-axis indicates the FMS scale
scores (0-20), and the y-axis indicates the response frequency for each score. Each subplot corresponds
to one participant. Row (a) presents relatively uniform or symmetric distributions, while row (b)
presents skewed distributions. Descriptive statistics (mean, standard deviation (SD), and skewness)
are displayed in each subplot. Subplots for all 27 participants are provided in Appendix A.

3.2.3 Normalization for FMS scores

Min-max scaling was applied to normalize the FMS scores to a range between 0 and 1
for each participant. Analysis of the frequency distribution, mean, standard deviation,
and skewness of the reported FMS scores revealed that most participants exhibited
asymmetric distributions (Fig. 2-(b)). The VRS levels were not uniformly distributed
across the full FMS scale (0-20), but were concentrated within participant-specific
intervals, suggesting that perceived VRS levels are relative to each individual. Using
raw FMS scores without accounting for these distributional characteristics could cause
the model to generate predictions outside of a participant’s observed response range.
To mitigate this, we used normalized FMS scores.
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Fig. 3 Illustration of DTW applied to two time series. (a) shows two unaligned sequences with
different temporal dynamics. (b) shows how DTW non-linearly adjusts the time axis to align the
sequences, minimizing the distance and increasing the comparability of the patterns.

3.3 Modality Matcher

The Modality Matcher module utilizes the DTW algorithm to compare and syn-
chronize temporal variations across different modalities. DTW accommodates nonlin-
ear temporal distortions, facilitating optimal alignment and similarity computation
between time series characterized by varying lengths and sampling rates (Müller 2007;
Hartmann and Link 2010). This capability is particularly suitable for addressing
modality mismatches in HMD data resulting from heterogeneous sampling rates and
data acquisition mechanisms. Specifically, HMD data are recorded as video, while eye
and head movement data are collected using sensors, leading to discrepancies in sam-
pling rates and data lengths. Modality Matcher compensates for these offsets using
DTW to provide a quantitative measure of pattern similarity.

Fig. 3 illustrates the conceptual operation of the DTW algorithm. Conventional
metrics for assessing time series relationships include Euclidean distance via direct
alignment (Fig. 3-(a)), and correlation or cosine similarity for summarizing global
dependencies. However, these methods typically fail to account for temporal distor-
tions. In contrast, DTW (Fig. 3-(b)) dynamically adjusts the temporal axis to derive an
optimal alignment path that minimizes pattern differences between the two sequences.
DTW computes the similarity between two time series sequences, A = {a1, . . . , ai,
. . . , an}, and B = {b1, . . . , bj , . . . , bm}, using a cumulative distance matrix D. Here,
i and j denote the indices of sequences A and B with lengths n and m, respectively.
D(i, j) represents the cumulative minimum distance up to point (i, j) and is recursively
defined as follows:

D(i, j) = d(ai, bj) + min{D(i− 1, j), D(i, j − 1), D(i− 1, j − 1)} (5)

, where d(ai, bj) denotes the Euclidean distance between points ai and bj . The matrix
D is initialized as follows:

D(1, 1) = d(a1, b1) (6)

D(i, 1) =

i
∑

k=1

d(ak, b1) for i = 2, . . . , n (7)

D(1, j) =

j
∑

k=1

d(a1, bk) for j = 2, . . . ,m (8)

, where k is the index used in the summation for computing the cumulative distance.

10



Finally, the similarity between the two time series sequences is derived by back-
tracking the shortest path from the final value of the matrix D(n,m). This enables the
quantitative evaluation of nonlinear alignments. Since the DTW algorithm is inher-
ently bivariate, we selected one representative feature from each of the three modalities
(video, eye and head movements) to compute DTW distances for all modality pair
combinations: [eye-head], [eye-video], and [head-video] (Fig. 1-(b)). To ensure that the
LLM effectively distinguishes between disparate signal sources, we excluded feature
combinations within the same modality from the DTW computation. As a result, the
DTW algorithm generates a single distance value for each pair, where a larger fea-
ture distance signifies a greater degree of pattern mismatch between the respective
modalities. This approach provides a quantifiable metric of complex cross-modal inter-
actions, which facilitates the LLM’s capacity to interpret HMD data and its causal
relationship with VRS.

3.4 Context Matcher

The Context Matcher module utilizes a structured prompt architecture to facilitate
the contextual interpretation of time series input data by the LLM (Fig. 1-(a)). It
consists of three types of information—Basic Information (BI), Scene Information
(SI), and Feature Information (FI)—which provide domain-level context, content-level
variation, and feature-level dynamics, respectively (see Appendix B for details).

Basic Information (BI) provides domain information (e.g., experimental configu-
ration, VRS measurement protocols) to establish the broader context of the prediction
task. While time series data generally follow a standardized format (i.e., sensor signals
recorded sequentially in temporal order), interpretive criteria and contextual relevance
vary significantly across domains in which the data were collected (Wang et al. 2024).
By specifying experimental parameters—including participant count, content variety,
input modalities, and target metrics—the BI module enables the LLM to align sen-
sor values with the specific experimental environment rather than relying solely on its
generalized prior knowledge.

Scene Information (SI) delivers thematic metadata for the specific content used
within the experimental domain, allowing the LLM to account for semantic differences
during inference. Even within a unified domain, user responses and sensor signals can
fluctuate according to the topic or motion characteristics of the stimulus (Guna et al.
2019). SI provides the thematic topic of each content instance along with a corre-
sponding label (smooth or dynamic) that describes its motion profiles. In scenarios
lacking thematic variation or employing a single content type, this component may be
simplified or omitted.

Feature Information (FI) ensures that the LLMs accurately maps input values
to their respective modality pairs. In this study, we provided DTW-based distance
values derived from three modalities (video, eye and head movements) as primary
inputs. To ensure that the LLM focuses on relational inference rather than redundant
computation, we specify only the feature labels and their pairings, explicitly indicating
that these values represent DTW distances rather than raw data. FI enables the LLM
to evaluate the relative magnitudes of input values and perform precise inference by
considering the quantitative interactions between modalities.
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In summary, Context Matcher ensures that numerical inputs are interpreted within
the specific experimental and structural framework of the data. By providing these
multifaceted perspectives, BI, SI, and FI facilitate a consistent and semantically
grounded interpretation of sensor signals, an approach extensible to various time series
prediction tasks.

4 Results

To evaluate the performance of VRS-LLM , we conducted experiments from four
perspectives: (1) a comparative analysis against conventional time series forecasting
and existing VRS prediction models, including an evaluation of personalized predic-
tion stability across varying few-shot configurations, (2) validation of DTW-based
inter-modality representation in Modality Matcher , and (3) an ablation study on the
contextual layers of Context Matcher . To enable the LLM’s processing of HMD-based
input data, we structured the feature distances extracted by Modality Matcher on a
batch basis and converted them into a JSON format to optimize parallel processing.
The final dataset consists of 540 data points, covering full combinations of 27 par-
ticipants and 20 videos. Each data point contains two types of input attributes (see
Appendix C for details). The first type is metadata attributes, including the data point
index (0-539), participant number, and video number, which uniquely identify each
data point. The second type is feature distance attributes, including feature distance
values derived from three modality pairings: [eye-head], [eye-video], and [head-video].

We used three LLM families—GPT (Achiam et al. 2023; Singh et al. 2025),
LLaMA (Grattafiori et al. 2024), and Gemini (Comanici et al. 2025)—as the backbone
of VRS-LLM , evaluating a total of eight LLMs: GPT-3.5 Turbo, GPT-4o mini, GPT-5
mini, LLaMA 3.1 8B Instruct, LLaMA 3.1 70B Instruct, Gemini 2.0 Flash-Lite, Gem-
ini 2.5 Flash, and Gemini 2.5 Pro. Since the normalized FMS is a continuous variable,
we used mean squared error (MSE) and mean absolute error (MAE) for evaluation:

MSE =
1

n

n
∑

i=1

(yi − ŷi)
2, MAE =

1

n

n
∑

i=1

|yi − ŷi| (9)

n denotes the number of data points, and i is the index of a data point. yi is the
ground truth value and ŷi is the predicted value for the i-th data point.

Experiments were executed in zero- and few-shot (1 to 10-shot) settings. We com-
pared generalized prediction—where few-shot examples were sampled from the global
dataset—against our personalized prediction approach, which used examples exclu-
sively from the specific user being evaluated. This comparison was designed to isolate
the performance gains attributable to individual-level conditioning. To ensure empir-
ical reliability, all experiments were repeated five times, and the reported results
represent the mean performance across trials.
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Table 2 Performance comparison of VRS-LLM with baseline models. The baselines
include two categories: time series forecasting models and existing VRS prediction
models. VRS-LLM is evaluated under generalized prediction and personalized prediction.
The best results are highlighted in bold.

Models (Year) Backbone MSE MAE

Time Series Forecasting Models

PatchTST (Nie 2022) Transformer-encoder 0.31 0.25

DLinear (Zeng et al. 2023) Linear 0.26 0.22

Time-LLM (Jin et al. 2023) GPT-2 0.87 0.63

TimeGPT (Garza et al. 2023) Transformer 0.19 0.36

TimesFM (Das et al. 2024) Transformer-decoder 0.37 0.51

Chronos (Ansari et al. 2024) T5 (Raffel et al. 2020) 0.17 0.34

Existing VRS Prediction Models

Islam et al. (Islam et al. 2021) LSTM 0.10 0.27

Islam et al. (Islam et al. 2021) CNN-LSTM 0.10 0.26

MAC (Jeong et al. 2023) CNN-LSTM 1.34 0.22

MS-STTN (Jeong and Han 2024) Transformer 1.22 0.21

VRS-LLM

Generalized Prediction

GPT-3.5 Turbo 0.11 0.28

GPT-4o mini 0.10 0.26

GPT-5 mini 0.12 0.27

LLaMA 3.1 8B Instruct 0.12 0.30

LLaMA 3.1 70B Instruct 0.10 0.27

Gemini 2.0 Flash-Lite 0.14 0.31

Gemini 2.5 Flash 0.18 0.33

Gemini 2.5 Pro 0.13 0.28

Personalized Prediction

(ours)

GPT-3.5 Turbo 0.10 0.17

GPT-4o mini 0.06 0.14

GPT-5 mini 0.07 0.14

LLaMA 3.1 8B Instruct 0.10 0.19

LLaMA 3.1 70B Instruct 0.06 0.14

Gemini 2.0 Flash-Lite 0.18 0.35

Gemini 2.5 Flash 0.19 0.34

Gemini 2.5 Pro 0.06 0.13
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Fig. 4 Performance trends as the number of few-shot examples increases. Each graph reports MSE
and MAE, showing how performance varies from 1-shot to 10-shot across LLM backbones.

4.1 Evaluation of VRS-LLM Performance

To evaluate the effectiveness of the VRS-LLM architecture, we compared it with base-
lines from two perspectives (Table 2). First, we chose time series forecasting models
designed for general-purpose time series domain (e.g., weather, electricity), represent-
ing standard temporal modeling approaches. Second, we included deep learning models
specifically engineered for the VRS domain. Since all baselines utilize raw time series
data, we used optical flow and magnitude-based HMD data before applying Modality

Matcher . Unlike the baselines, VRS-LLM relies on the reasoning capability of pre-
trained LLMs without a training process. To ensure a fair comparison with baselines
whose performance is optimized through training, we report the best performance
for each LLM under both generalized and personalized settings, independent of the
specific few-shot count.

We first assessed VRS-LLM within a generalized prediction framework. In this
setting, VRS-LLM significantly outperformed the time series forecasting models, indi-
cating that our proposed architecture more effectively captured the nuances of HMD
data. In addition, VRS-LLM in generalized prediction achieved performance compa-
rable to existing VRS prediction models across all tested LLMs, demonstrating the
feasibility of using LLMs for VRS prediction.

We then evaluated the performance in a personalized prediction setting. It
achieved the best performance on Gemini 2.5 Pro (MSE of 0.06, MAE of 0.13),
showing significant improvements over both the baselines and generalized VRS-LLM

configuration.
Building on the effectiveness of personalized prediction, we further examined the

relationship between predictive accuracy and the volume of few-shot examples, incre-
mentally increasing the count from 1 to 10 shots (Fig. 4). As a result, most LLMs
exhibited a general downward trend in both MSE and MAE as the number of shots
increased, typically reaching optimal performance at the 10-shot mark. This suggests
that additional few-shot examples contribute to capturing user-specific data patterns
and distributions, enabling more accurate personalized prediction without additional
model retraining.
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Notably, smaller models within the Gemini family (i.e., Gemini 2.0 Flash-Lite
and Gemini 2.5 Flash) exhibited divergent trends. These models performed poorly
in personalized settings relative to their generalized counterparts and failed to show
significant marginal gains beyond the 2-shot threshold. These findings indicate that
in the VRS domain, performance is highly sensitive to model scale and architecture,
underscoring the necessity of selecting a robust backbone LLM—contingent upon spe-
cific domain characteristics and input data properties—and determining an optimized
few-shots to ensure predictive stability.

Table 3 Performance comparison of VRS-LLM using Modality Matcher based on different metrics to
represent relationships between time series. DTW is used in our study, while Euclidean distance,
correlation, and cosine similarity are considered as baselines. The best results are highlighted in bold.

Method

DTW
(ours)

Euclidean
Distance

Correlation
Cosine

Similarity

MSE MAE MSE MAE MSE MAE MSE MAE

GPT-3.5 Turbo 0.10 0.17 0.11 0.18 0.10 0.18 0.11 0.19

GPT-4o mini 0.06 0.14 0.06 0.14 0.08 0.16 0.07 0.15

GPT-5 mini 0.07 0.14 0.07 0.14 0.07 0.15 0.07 0.15

LLaMA 3.1 8B Instruct 0.10 0.19 0.17 0.33 0.16 0.32 0.16 0.32

LLaMA 3.1 70B Instruct 0.06 0.14 0.07 0.17 0.07 0.16 0.07 0.16

Gemini 2.0 Flash-Lite 0.19 0.35 0.20 0.35 0.19 0.35 0.19 0.35

Gemini 2.5 Flash 0.20 0.36 0.21 0.36 0.20 0.35 0.21 0.36

Gemini 2.5 Pro 0.06 0.13 0.07 0.14 0.07 0.15 0.06 0.14

4.2 Effectiveness of DTW in the Modality Matcher

The Modality Matcher module was developed to use DTW as an input representation
for time series data within the LLM framework. To evaluate the effectiveness of DTW,
we compared the performance of VRS-LLM against three representative similarity
metrics: Euclidean distance, correlation, and cosine similarity (Table 3). These metrics
were applied to the same feature pairs as those used in DTW computations. To isolate
the contribution of the DTW-based representation, all experiments were conducted
in a 10-shot setting. In addition, within the FI component of the Context Matcher ,
the term “DTW” was replaced with “Euclidean distance”, “correlation”, or “cosine
similarity,” depending on the similarity metric used in each experiment.

Experimental results showed that the DTW-based VRS-LLM achieved higher or at
least comparable performance across all evaluated LLMs compared to the other met-
rics. Euclidean distance incorporates point-wise relationships at the same time steps,
while correlation and cosine similarity consider only global temporal relationships
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of the time series. In contrast, DTW facilitates temporal warping to accommodate
inter-modal asynchrony. This capability allows for a more precise characterization of
cross-modal correspondences, enhancing the inference capabilities of VRS-LLM in the
presence of nonlinear temporal distortions.

Fig. 5 Impact of additional information types on performance. Each graph reports MSE and MAE,
illustrating how performance changes as BI, SI, and FI are sequentially added to the Context Matcher
across LLM backbones. Different marker and line styles are used where the performance values of
some LLMs overlap.

4.3 Validity Evaluation of Context Matcher Design

To examine the impact of the three information types in the Context Matcher (BI,
SI, and FI) on VRS prediction, we conducted a stepwise ablation analysis across three
settings: (1) BI only, (2) BI+SI, and (3) BI+SI+FI (VRS-LLM ), as summarized in
Fig. 5. BI, which established the fundamental task context, served as the baseline for all
settings. SI and FI were incrementally integrated to align the prompt with the content-
level characteristics and feature-level structure of the input attributes. SI incorporates
topic-related metadata for each VR video, while FI details the inter-modality feature
distance relationships. This experimental design facilitates an assessment of the iso-
lated effect of each information type on prediction performance. To ensure consistency,
all evaluations were conducted in a 10-shot configuration.

Experimental results showed that, except for the smaller models in the Gemini
family, VRS-LLM exhibited a consistent downward trend in both MSE and MAE
as information types were incrementally added. The inclusion of SI yielded clear
performance gains, while the addition of FI either further improved or maintained
performance. These findings suggest that the majority of the evaluated LLM families
effectively utilized SI and FI as meaningful contextual anchors to interpret DTW-based
inputs for VRS prediction. Conversely, the smaller Gemini-family models exhibited
divergent behavior, demonstrating negligible performance improvements despite the
sequential addition of BI, SI, and FI. While this variability across model scales, our
findings confirm that the Context Matcher architecture helps achieve competitive per-
formance, underscoring its potential utility in future VRS prediction research using
LLMs.
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5 Discussion

5.1 Considerations for Efficient VRS-LLM

In this study, we used LLMs to incorporate contextual information from HMD data.
While Modality Matcher condenses raw data into feature distances, providing numeri-
cal representations to an LLM increases token consumption, incurring higher financial
costs and computational overhead. Given that effective VRS mitigation relies on early
prediction, maintaining low inference latency is critical. Consequently, an efficient
implementation strategy should balance the cost-performance trade-off through two
architectural considerations.

First, the adoption of small LLMs (SLMs) offers a viable path for resource-
constrained environments. As shown in Table 2, SLMs exhibited only marginal
differences in performance compared to their larger counterparts. Notably, GPT-4o
mini, which achieved the best performance among the SLMs, showed an MSE identical
to that of the best-performing model, Gemini 2.5 Pro, with an MAE difference of only
0.01. Since API costs and latency typically scale with parameter count, SLMs repre-
sent a practical solution for stable performance. Furthermore, SLMs can be deployed
in on-premises or “in-house” environments, eliminating the dependency on external
API calls and ensuring data privacy. However, our results also revealed that smaller
models within the Gemini family yielded significantly higher error rates, suggesting
that model efficacy is highly sensitive to the specific application domain. This implies
that the selection of a backbone model should be guided by rigorous empirical eval-
uation within the target domain, rather than relying exclusively on general-purpose
benchmarks or parameter count.

Second, determining an optimal few-shot configuration is a critical consideration
for efficient implementation. As illustrated in Figure 5, the performance of VRS-LLM
generally improved as the number of samples increased across the majority of evaluated
LLMs. However, the inclusion of additional few-shot examples scales the input token
count linearly, which exacerbates financial costs and may introduce prohibitive infer-
ence latency in real-time applications. Consequently, the few-shot setting should be
strategically selected by balancing target performance against practical architectural
constraints, rather than simply maximizing the shot count. For example, researchers
might establish a shot threshold that satisfies a predefined accuracy requirement or
identifies the maximum performance achievable within a specific resource.

5.2 Suitability of Applying DTW to HMD Data

In Section 4.2, we demonstrated the effectiveness of applying DTW to Modality

Matcher . While we observed that other similarity metrics (i.e., Euclidean distance,
correlation, cosine similarity) achieved comparable performance, it would be a mistake
to conclude that the choice of metric is negligible. Despite the competitive baseline,
DTW consistently yielded the superior performance across the majority of evaluated
LLMs. This is because DTW specifically addresses the structural discrepancies inher-
ent in HMD data, such as heterogeneous sampling rates and latent offsets, which
simpler metrics tend to overlook.
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Furthermore, while our experimental dataset was captured in a controlled envi-
ronment, real-world deployment often involve severe temporal asynchrony and signal
noise due to hardware jitter or background system processes. In these unconstrained
settings, metrics that fail to account for nonlinear temporal alignment struggle to cap-
ture true inter-modal correspondences. Therefore, we determined that DTW is a more
robust and resilient choice for multimodal time series representation, ensuring stability
against the uncertainties of real-world data. Beyond the VRS domain, we anticipate
that DTW can be effectively applied to other user-state prediction tasks that rely
on heterogeneous sensors, effectively mitigating the challenges of asynchronous and
nonlinear temporal alignment between disparate modalities.

5.3 Limitations and Future Work

Despite the effectiveness of VRS-LLM in leveraging structured multimodal context,
two limitations warrant further investigation.

First, VRS-LLM relies on static, manually engineered prompts. While Context

Matcher facilitates effective data interpretation, this prompt-centric architecture may
constrain the model’s ability to capture fine-grained, latent variations inherent in the
raw data. To incorporate more objective and precise contextual information, future
iterations should aim to reduce this dependency. For example, the architecture could
be extended by utilizing SLMs for cost efficiency and applying parameter-efficient fine-
tuning (PEFT) to specialize the model on HMD-specific datasets. Such an approach
would enable more autonomous, domain-adaptive reasoning and diminish the necessity
for extensive manual prompt engineering.

Second, although VRS-LLM showed superior predictive performance, its practical
utility in real-time environments has not been validated. Since this study focused on
demonstrating the potential of LLM-based user state prediction, future work should
further investigate whether VRS-LLM can operate effectively beyond controlled exper-
imental settings, such as in real usage scenarios and across more diverse user groups.
For example, the practical applicability of VRS-LLM could be examined through
user studies in which the model is embedded in VR content. Furthermore, real-world
application settings may involve greater heterogeneity in user behavior and more vari-
able data quality. In contrast, this study applied DTW to time series derived from
the publicly available dataset, which may not sufficiently capture the less stable data
characteristics that could arise in real-world application settings. Therefore, further
comprehensive analyses are needed to examine whether DTW continues to maintain
performance under these conditions.

6 Conclusion

The primary objective of this study was to evaluate the effectiveness of LLMs in pre-
dicting user state and to establish robust strategies for data preprocessing and prompt
engineering. We introduced VRS-LLM , a novel framework that leverages DTW and
LLMs to predict VRS using HMD-based multimodal time series data (video, eye move-
ment, and head movement). By implementing Modality Matcher to effectively capture
inter-modality relationships and Context Matcher to provide three types of semantic
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grounding (BI, SI, and FI), we enabled the LLM to interpret numerical time series
data within a structured experimental context. Our results demonstrate that VRS-

LLM achieved superior performance—yielding an MSE of 0.06 and an MAE of 0.13
in the 10-shot setting—outperforming time series forecasting models and specialized
VRS prediction baselines. Moreover, our ablation studies validated the effectiveness
of DTW-based representations and the incremental benefits of contextual prompts.
These findings offer significant insights into the integration of time series data with
LLMs, underscoring the necessity of selecting an appropriate backbone architecture
and optimizing few-shot samples for operational efficiency. In summary, this work
offers practical guidance for researchers seeking to utilize the reasoning capabilities of
LLMs for high-fidelity user-state prediction in multimodal environments.
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A Individual Distributions of FMS Scores

Fig. 6 Distributions of FMS scores for all 27 participants. The x-axis indicates the FMS scale scores
(0-20), and the y-axis indicates the response frequency for each score. Descriptive statistics (mean,
standard deviation (SD), and skewness) are shown in each subplot.
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B Details of Context Matcher

Fig. 7 Full information of Context Matcher.
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C Input Attributes for LLMs

Fig. 8 Details of few-shot examples and input attributes included in “USER PROMPT”. ‘ei’ and
‘hj’ denote feature aliases defined in Context Matcher for magnitude-based eye and head movement
data, respectively (i = 1, 2, ..., 11, j = 1, 2). ‘dx’ and ‘dy’ denote optical flow along the x− and y−

axes, respectively.
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