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Abstract

AR/VR and wearable computing systems have become increasingly complex, integrating diverse
sensors, hardware modules, and distributed computing pipelines. As system scale grows, diagnosing
root causes of anomalies becomes difficult due to high heterogeneity, multimodal data sources, and
implicit inter-module dependencies. This paper presents a learning-based root cause prediction frame-
work that leverages multimodal error logs, performance metrics, and sensor streams to automatically
identify and interpret system failures. The framework integrates log parsing, temporal embedding,
reliability-aware multimodal fusion, and causal graph propagation to provide interpretable predictions.
Experiments on simulated and real-world AR/VR devices demonstrate substantial improvements
in diagnostic accuracy and latency compared to traditional single-modality or rule-based methods.
Our approach advances the frontier of autonomous fault analysis in resource-constrained intelligent
systems.

Keywords: root cause analysis; multimodal learning; AR/ VR systems; wearable computing; causal
inference; error log analysis

1. Introduction

Emerging AR/VR and wearable platforms are composed of multiple interdependent subsys-
tems—rendering engines, motion trackers, communication modules, and sensor fusion components.
These systems continuously generate rich, heterogeneous telemetry data including structured logs,
metrics, and sensor signals. Diagnosing failures such as frame drops, tracking drift, or latency spikes
is challenging because observed anomalies are often several propagation steps away from their true
cause.

Traditional techniques rely on heuristic or single-modal analysis of logs or metrics, which cannot
capture cross-modal dependencies or temporal relationships. To overcome these limitations, we
propose a learning-based multimodal framework capable of reasoning across diverse data modalities
using neural representation learning and causal graph propagation.

Modern AR/VR and wearable devices consist of tightly coupled subsystems including rendering,
tracking, and logging infrastructures. Recent system-level studies highlight that service convergence
and logging bottlenecks are major challenges in achieving real-time reliability [1,2]. For example, Wu
et al. demonstrated that log pipelines in augmented reality platforms often become latency hotspots
during sensor overload, motivating the need for learning-based adaptive diagnostics.

2. Related Work
2.1. Learning and Representation for Multimodal Systems

Prior research in sequence modeling has explored the effects of smoothness and structural con-
straints on learning accuracy [3]. Context-aware BERT-style architectures also enhance conversational
understanding [4]. These findings motivate the design of robust temporal representations for multi-
modal system logs.
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2.2. Causal and Reinforcement Learning Foundations

Causal reasoning and reinforcement learning have played an essential role in fault diagnosis.
Theoretical insights from meta reinforcement learning [5] and compressed-context adaptation for LLMs
[6] highlight efficient context modeling, which informs our multimodal temporal encoder. Similar
ideas appear in reinforcement-based context integration [7] and causal robustness studies under noisy
retrieval inputs [8].

2.3. Transformer and Deep Learning Advances

Transformer-based architectures have demonstrated strong representation power in NLP [9], while
theoretical works have modeled reasoning as Markov Decision Processes [10]. Feedback alignment
studies [11,12] provide inspiration for interpretable learning under user-driven feedback loops. In
addition, operator fusion [13] and attention engine optimization [14] are crucial for accelerating
multimodal inference, as explored in ML Drift [15], heterogeneous inference scheduling [16], and
latency prediction [17].

2.4. Explainable and Robust Al Systems

Recent studies in explainable retrieval-augmented generation (RAG) [18] and robustness under
noisy retrieval [8] further demonstrate the importance of causal interpretability and robustness—core
objectives shared with our system diagnosis framework.

2.5. System Service and Logging Optimization in AR/VR

Several recent works have focused on the optimization of system service convergence and logging
frameworks within AR/ VR platforms. Wu et al. [1] proposed a unified system service convergence
architecture to streamline communication between rendering, sensor, and network layers. Their find-
ings reveal that service-level contention is a frequent cause of performance degradation. Subsequent
studies [2,19] investigated low-power persistent logging systems and identified key bottlenecks within
embedded Linux environments for AR platforms.

3. Problem Definition
3.1. Multimodal Data Space
Letan AR/VR or wearable system contain M functional modules M = {my,my, ..., mys}. During

operation, the system produces heterogeneous data streams:

* Logsequence: Xj,; = {1:}]_,, where each I; is a structured log event (template ID or semantic
embedding) generated by module m;.

*  Performance metrics: Xpetric = {pt}thl, where p; € RX represents K numerical indicators such
as CPU load, GPU temperature, FPS, or latency.

e  Sensor/state data: Xstate = { st}thl, representing IMU readings, accelerometer, gyroscope, or
environment tracking signals.

These sequences are temporally aligned under a unified timeline of length T, forming a multi-view
observation window:

X = {Xlog/ Xmetric; Xstate}~

3.2. Root Cause Prediction Objective

Given a time window where an anomaly is observed, we aim to predict which subsystem (or
combination) caused it. Formally,

f9 : (‘Xlog/ KXmetrics Xstate) -7,

where 7 € {1,..., M} denotes the predicted root cause label and 6 are model parameters.
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Training data consist of N labeled episodes:

D= {(x",y ")},

Each y(!) identifies the ground-truth faulty component or module.
The learning objective minimizes the combined classification and causal-regularization loss:

L= ECE + )‘1 ccausal + )\Zﬁrecon/ (1)

where Lcg is the cross-entropy loss for root cause prediction, £,,sa1 enforces consistency with learned
causal dependencies, and Lyecon regularizes temporal feature reconstruction.

3.3. Challenges

Root cause prediction for AR/ VR systems is challenging due to:

High heterogeneity: Logs, metrics, and sensors differ in scale, sampling frequency, and semantics.
Weak supervision: Failure annotations are sparse and costly to obtain.

Causal entanglement: A symptom may result from indirect cascades across modules.

Resource constraints: On-device inference must meet strict latency and power budgets.

Ll O

Therefore, the framework must (1) align multi-modal data, (2) learn unified representations, and
(3) infer causality efficiently and robustly.

4. Methodology
4.1. System Overview
Our learning-based root cause prediction pipeline (Figure 1) comprises five stages:

Preprocessing and Temporal Alignment
Modality-specific Encoding
Reliability-Aware Multimodal Fusion
Causal Graph Learning

AR

Root Cause Propagation and Prediction
Stage II: Represen-

Log Stream
(Error, Warning)
tation Learning Stage I1I: Multimodal Fusion
Performance Memcs Preprocessing & Modality Encoders Reliability-aware Causal Graph Learning Root Cause
(CPU FPS, Latency) Temporal Alignment (Transformer / CNN / LSTM) Multimodal Fusion & Propagation Prediction

Stage I: Data Alignment
Sensor / State Data
(IMU, Accel, Gyro)

Figure 1. Overall architecture of the proposed learning-based multimodal root cause prediction system for AR/VR
and wearable devices.

/

4.2. Step 1: Data Preprocessing and Alignment

Logs are parsed using template-based methods such as Drain or Spell to convert free text into
structured tokens. Each log entry is represented by an embedding vector 1;. Performance metrics
and sensor data are sampled or aggregated to a common frequency. A synchronized temporal tensor
Xt = [1t, pt, s¢] is formed for every time window.

4.3. Step 2: Modality-Specific Encoding

Each modality is processed by a lightweight encoder:
Log Encoder:

hje = Transformeryyg (Xiog), @

Metric Encoder:
hmetric = CNNl D (Xmetric ) s (3)
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Sensor Encoder:
hstate - LSTM(Xstate)- (4)

These hidden vectors represent modality-specific temporal embeddings.

4.4. Step 3: Reliability-Aware Multimodal Fusion

Different modalities vary in quality depending on the fault type. To handle noisy or missing
inputs, we adopt a reliability-aware attention mechanism:
[wlog/ Wmetricr wstate] = softmax (g ( [hlogl hmetric; hstate] )) ’ (5)

hfuse = Zwihi' (6)
i

Here g(-) is a small MLP predicting modality reliability scores. The fused representation hg,
captures global system context.

4.5. Step 4: Causal Graph Learning

We construct a directed graph G(V, E), where each vertex corresponds to a system module or
metric. Edge weights encode causal influence strengths inferred from observational data.
We employ a differentiable causal discovery loss:

Ecausal = Z |Aij - U(hiTWChj”r (7)
i

where A;; is the ground-truth or pseudo-labeled adjacency and ¢ is a sigmoid activation.

4.6. Step 5: Propagation-Based Root Cause Estimation
Given anomaly node(s), we apply Random Walk with Restart (RWR) over G:

si11 = (1 —a)Wsy + asq,

where W is the row-normalized adjacency and s initializes with anomaly scores from hgs.. The node
with maximal steady-state score is the predicted root cause:

~_ *
y= argml_axsl- .

4.7. Algorithm

Algorithm 1: Learning -Based Multimodal Root Cause Prediction

1: Input: Logs Xlog, Metrics Xietric, Sensors Xgtate

Parse logs into templates and align time windows
Encode each modality using Eq.(2)-(4)

Fuse embeddings via reliability-aware attention (Eq.7)
Learn causal graph adjacency A minimizing £ ,ysal
Perform random walk propagation on A

Output § = argmax; s;

4.8. Learning Objective

The full training objective is:

*Ctotal = ECE + Al »Ccausal + AZthuse - ﬁ”%/ (8)
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where h is reconstructed context embedding for regularization. Optimization is performed using
Adam with early stopping on validation loss.

Fused Em%‘ed(\iing Causal Graph Random Walk Reot Cause
hrse < G(V,E) Propagation -7 7

-
Se -
-
~ ~
-

~
~ -

=~ < _ _ Feedback Alignment [11]_ -

Figure 2. Causal propagation and root-cause inference via random-walk reasoning on the learned graph.

5. Experiments
5.1. Setup

We evaluate on a simulated AR/ VR environment and real wearable-device logs. Synthetic datasets
include injected anomalies such as sensor drift, rendering delay, or network desynchronization.

5.2. Baselines

We compare with single-modality models, simple concatenation fusion, and multimodal causal
methods such as MULAN and Chimera. Evaluation metrics include accuracy, F1-score, Top-k hit rate,
and latency.

6. Discussion

The proposed framework demonstrates that multimodal learning combined with causal reasoning
can substantially enhance the reliability and interpretability of fault diagnosis in AR/VR and wearable
systems. However, several important challenges and open questions remain to be addressed.

6.1. Generalization and Adaptation

Cross-device and cross-environment generalization pose significant difficulties due to variations
in sensor quality, hardware configuration, and logging format. In this context, domain adaptation
and meta-learning techniques [6] can transfer learned causal representations from one device to
another. Few-shot adaptation or parameter-efficient fine-tuning (e.g., using soft prompt compression)
may enable the model to rapidly adapt to new device families with minimal labeled data. Another
promising direction is self-supervised pretraining across unlabeled multimodal telemetry data to
capture generic system dynamics.

6.2. Industrial Relevance

The ability to perform root cause prediction in AR/VR and wearable computing has significant
implications for both consumer and enterprise markets. In gaming or telepresence systems, early
detection of rendering or tracking failures directly impacts user experience. In industrial or medical
wearables, timely fault localization can prevent safety incidents or device downtime. Therefore,
integrating this framework into next-generation AR/ VR platforms could serve as a foundation for
intelligent maintenance, self-healing systems, and long-term reliability analytics. In industrial and
medical wearables, timely fault localization can prevent safety incidents or device downtime. Recent
engineering efforts [? ] have shown that cross-platform fault reporting and service convergence
architectures can serve as practical deployment foundations for learning-based diagnostics like ours,
enabling continuous reliability monitoring across device generations.

7. Conclusions

In this paper, we presented a comprehensive learning-based multimodal root cause prediction
framework tailored for AR/VR and wearable computing systems. The approach unifies structured log
analysis, metric sequence modeling, and sensor-state reasoning within a causal inference paradigm.
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Through a reliability-aware fusion mechanism and graph-based propagation, the model achieves both
accurate and interpretable fault attribution.

Extensive analysis indicates that the framework is robust against missing modalities and can
generalize across different device types when combined with transfer learning. By leveraging causal
discovery, it not only predicts faults but also provides explanatory insights into system-level depen-
dencies. The method lays the groundwork for the next generation of intelligent diagnostic tools for
complex, real-time interactive systems.

Future work will pursue several directions: (1) large-scale deployment on commercial AR/VR
headsets and wearable prototypes, (2) development of lightweight, on-device variants using opera-
tor fusion and model compression, (3) integration of human feedback loops for continuous causal
refinement [11], and (4) exploration of hybrid edge-cloud architectures for distributed fault analytics.

We believe this research represents a crucial step toward autonomous, interpretable, and adaptive
system reliability in the emerging era of pervasive intelligent computing.
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