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infrastructure, yet the predictive world-model architectures that power
these systems were developed under laboratory assumptions of clean,
synchronous sensor data that rarely hold in practice. The world-model
literature and the IoT sensor infrastructure literature have evolved in

\Ii]?;m();f: els: largely separate research communities with minimal cross-citation, leaving
Sensor Fusion: a critical gap in understanding how latent-dynamics models can be robustly
Physical Al ’ grounded by noisy, asynchronous, and resource-constrained real-world

IoT Perception;
Joint-Embedding

sensor streams. This paper presents a systematic survey of 34 peer-
reviewed publications organized into three streams—world-model

Architectures; architectures (n=12), [oT sensor infrastructure (n=11), and bridge
Neural Simulation; literature at their intersection (n=6), with five cross-listed papers—
Embodied Al

following PRISMA 2020 guidelines for systematic reviews. The survey
identifies three novelty claim spaces where current world-model
architectures remain structurally unprepared for real-world sensor
deployment: robustness to missing, noisy, and irregular sensor data; clock-
synchronization-aware temporal alignment between asynchronous sensor
streams and world-model inference; and architectural compression
strategies enabling world-model deployment on resource-constrained edge
devices. This is the first systematic survey to establish a
Stream A X Stream B taxonomy that maps the integration pathways
between world-model architectures and IoT sensor infrastructure,
providing a structured research agenda for physically grounded predictive
AL
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1. Introduction

A robotic arm reaches for an object on a cluttered table. Its world model—an internal
representation predicting how the scene will evolve—simulates grasp outcomes before committing to
action. An autonomous vehicle navigates a construction zone, its world model forecasting pedestrian
trajectories from LiDAR and camera streams. A digital twin of a manufacturing line mirrors physical
conveyor belts in real time, its world model detecting anomalies before they cascade into downtime.
In each case, the world model’s predictions are only as reliable as the sensor streams that ground them.
Yet the communities that build world-model architectures and those that engineer IoT sensor
infrastructure have evolved largely in isolation, separated by divergent publication venues, evaluation
benchmarks, and core assumptions about data quality.

The past five years have seen remarkable advances in learned world models. DreamerV3
demonstrated that a single latent-dynamics architecture can master diverse control tasks across
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multiple domains without per-task tuning, a result published in Nature [1]. The Joint-Embedding
Predictive Architecture (JEPA) family, introduced by I-JEPA at CVPR 2023 [2], learns semantic
representations by predicting in latent space rather than pixel space, offering a computationally
efficient alternative to generative world models. At the scale frontier, Cosmos World Foundation
Models, presented at ACM SIGGRAPH 2025 [14], train on millions of video hours to produce
photorealistic simulations for physical Al applications. The comprehensive world-model survey by
Ding et al. [28] catalogs over 200 papers across these paradigms and confirms a common architectural
assumption: sensor inputs are treated as clean, synchronized, and complete—an assumption that rarely
holds in real-world deployments.

Parallel to these developments, the [oT sensor infrastructure community has produced a mature
body of work on the problems that world-model architectures assume away. Clock synchronization
protocols for industrial networks have been systematically surveyed, covering precision time protocol
variants, network time protocol adaptations, and wireless sensor network synchronization [10].
Missing-data imputation techniques for sensor streams with large temporal gaps have matured from
statistical interpolation to deep generative models [3]. Sensor drift—the gradual decalibration that
shifts measurement distributions over months of deployment—has been addressed through variational
autoencoders that learn sensor-specific degradation profiles [36]. Edge inference frameworks, from
TinyML on microcontroller-class devices [4] to service-oriented architectures for online activity
recognition [63], have demonstrated that sophisticated inference is feasible under severe power,
memory, and latency constraints. These capabilities are precisely what world models need to operate
reliably on real-world sensor data, yet they remain absent from world-model evaluation protocols and
architectural design.

A thin but growing bridge literature connects these streams. UniSim, a neural closed-loop sensor
simulator presented at CVPR 2023 [11], generates realistic multi-sensor inputs for training
downstream models, inverting the typical world-model relationship by learning sensor observations
from simulation state. MoDem-V2 demonstrated that visuo-motor world models can guide real-world
robot manipulation when trained with domain-randomized visual inputs, published at ICRA 2024
[13]. TWIST introduced teacher-student distillation to compress world models for deployment on
embedded GPU hardware, also at ICRA 2024 [8]. DrEureka, presented at RSS 2024 [29], used a
language model to automate domain randomization for sim-to-real transfer. The comprehensive
survey on embodied Al [51] catalogs perception-action loops across robotics and autonomous driving
but does not isolate sensor stream quality as an independent variable. The Physical Al roadmap [52]
identifies sensor fusion as foundational but frames it as a component of broader embodied intelligence
rather than a structural integration problem. Three specific gaps define the integration frontier: no
formal framework characterizes how sensor stream quality affects world-model predictive accuracy;
no systematic comparison exists between latent world-model architectures and IoT sensor fusion
algorithms; and no deployment framework maps world-model inference onto IoT-class hardware,
leaving a wide gap between 200-million-parameter laboratory models and kilobyte-scale production
sensor nodes.

This paper addresses these gaps through the first systematic survey of the intersection between
world-model architectures and IoT sensor infrastructure. We establish a Stream A X Stream B
taxonomy organized along four dimensions: model architecture, sensor modality, data quality
robustness, and edge deployability. Through a structured review of 34 peer-reviewed publications
spanning 2018 to 2026, we survey the bridge literature and identify three novelty claim spaces,
detailed in Section 4.2. For each claim space, we characterize the current state of the art, the structural
obstacles to integration, and concrete research directions. The remainder of this paper is organized as
follows. Section 2 describes the systematic survey methodology. Section 3 presents results across
three streams: world-model architectures (3.1), [oT sensor infrastructure (3.2), and the bridge literature
(3.3). Section 4 discusses cross-cutting findings and limitations, and Section 5 concludes with a
synthesis of the three claim spaces.
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2. Method

This study follows PRISMA 2020 [12], [62]. Three research questions address the architecture-
infrastructure divide. RQ1: What dominant world-model paradigms exist, and what data quality
assumptions do they impose? RQ2: What IoT sensor infrastructure capabilities—clock
synchronization, missing-data imputation, sensor drift compensation—are relevant to world-model
grounding? RQ3: What bridge literature exists, and what obstacles prevent integrating [oT sensor
stream quality management into world-model architectures?

Papers were identified via queries of IEEE Xplore, ACM Digital Library, and Scopus. Phase one
queried across two groups: (A) "world model," "latent dynamics," "joint-embedding predictive
architecture,”" "neural simulator," "model-based reinforcement learning"; (B) "lIoT sensor," "sensor
fusion," "clock synchronization," "missing data imputation,” "sensor drift," "edge inference,"
"TinyML." Phase two used citation chasing via CrossRef to capture bridge papers lacking both
keyword groups. Within the 2018-2026 window, inclusion required: (i) peer-reviewed, indexed; (ii)
CrossRef-verified DOI; (iii) relevant to an analysis stream. Preprints, papers without verified DOIs,
and static sensor fusion work were excluded. From 312 candidates, 87 passed screening; 34 (29
unique) met all criteria. The reference list (74 entries) supports both the 34 surveyed papers and 40
additional background references that provide methodological and contextual grounding; the latter are
cited as background and are not part of the PRISMA-included corpus.

Ofthe 74 references cited in this review, 34 represent the surveyed corpus (29 unique publications
after de-duplication of 5 cross-listed papers) and 40 serve as background and methodological
references. The surveyed corpus comprises Stream A (world-model architectures, n=12), Stream B
(IoT sensor infrastructure, n=11), and Stream C (bridge literature, n=6, of which 5 are cross-listed
with Streams A or B, yielding 1 net addition). The 40 background references encompass
methodological guidelines (PRISMA 2020, systematic mapping frameworks), foundational surveys
(multimodal learning, transfer learning, data fusion), and supporting technical work not forming part
of the primary corpus. This surveyed-versus-background distinction follows the PRISMA 2020
reporting standard and ensures transparency in the evidence base underpinning the taxonomy and gap
analysis.

Papers were assigned to three streams by primary contribution. Stream A (Architectures, n=12)
covers latent-dynamics, JEPA, neural simulator, and visuo-motor models. Stream B (Sensor
Infrastructure, n=11) addresses sensor data quality, edge inference, and temporal alignment. Stream
C (Bridge, n=6) connects architectures with sensor considerations: sim-to-real transfer, sensor-failure
robustness, edge deployment. Five cross-listed papers span streams: UniSim [11], MoDem-V2 [13],
DrEureka [29], TWIST [8] (A, C); Liu et al. [35] (B, C).

Data extraction captured: architectural paradigm, sensor modalities, data quality treatment (clock
sync, missing data, drift), temporal alignment, computational requirements, evaluation methodology,
and limitations. Synthesis followed a framework approach [21], organizing data into a Stream A x
Stream B matrix—architecture, modality, data quality robustness, edge deployability—cross-
tabulated to identify populated and empty cells. Empty cells define the three novelty claim spaces
(Sections 3.3, 4).

Several limitations apply. Restricting to peer-reviewed, DOI-bearing publications excludes
industry white papers, technical reports, and preprints. The 2018-2026 window excludes earlier sensor
fusion work. Three-stream categorization imposes boundaries on cross-cutting contributions; cross-
listing mitigates this. Database biases toward English-language venues may underrepresent sensor
work in engineering outlets. This is a qualitative synthesis; heterogeneous evaluation methodologies
preclude statistical meta-analysis.
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3. Results

This section presents the survey results organized across the three streams identified in the
Method: Section 3.1 characterizes twelve world-model architectures (Stream A, n=12) across four
paradigms—Iatent dynamics, joint-embedding predictive architectures, neural simulators, and visuo-
motor models. Section 3.2 catalogs eleven loT sensor infrastructure capabilities (Stream B, n=11)
spanning clock synchronization, missing-data imputation, sensor drift calibration, edge inference, and
time-series deep learning. Section 3.3 synthesizes the bridge literature (Stream C, n=6, of which 5 are
cross-listed with Streams A or B) where world-model architectures encounter real IoT sensor
environments, identifying three structural gaps that define the integration frontier.

3.1. World-Model Architectures

World-model architectures surveyed in Stream A fall into four paradigms distinguished by how
they construct, maintain, and query predictive representations of environment dynamics, and—
critically for this survey—by whether and how they incorporate data from real physical sensors. Fig.
1 summarizes this taxonomy. The four paradigms are not mutually exclusive; several architectures
span boundaries, particularly in sim-to-real transfer settings where a model trained in a neural
simulator is subsequently deployed with real sensor input. Each paradigm is evaluated against the
three novelty claim spaces: robustness to missing or irregular sensor data (Claim Space 1), temporal
alignment under clock-unsynchronized sensor streams (Claim Space 2), and feasibility of edge-tier
deployment on IoT-class hardware (Claim Space 3).

World-Model
Architectures

Latent Joint-Embedding MNeural Vizua-Motor
Dynamics Predictive Simulators Policies
RSSM I-|EPA UniSim DrEureka
ToLD MC-|EPA Genie RPT
Dreameny3 W-JEPA MoDem-W2 TWIST

Fig. 1. Taxonomy of World-Model Architectures by Sensor-Grounding Mode, Organized Into Four
Paradigms (Latent Dynamics, Joint-Embedding Predictive, Neural Simulators, Visuo-Motor) with Their
Respective Sensor-Grounding Characteristics

3.1.1. Latent Dynamics World Models

Latent dynamics world models compress observations into compact latent states and learn a
transition function for state evolution. Pioneered by the Dreamer lineage, this paradigm couples
representation learning and latent planning: an encoder maps observations to latent states, a dynamics
model predicts transitions, and a policy trains entirely within latent space through imagined rollouts,
decoupling policy optimization from real-world interaction cost.

DreamerV3 is the apex of this paradigm [1]. Published in Nature, it masters over 150 diverse
tasks with fixed hyperparameters, spanning actions, observations, and domains from locomotion to
video games. Its key contribution is demonstrating RL scalability across task diversity without per-
task tuning—essential for IoT deployments where modalities and dynamics vary across sites.
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DreamerV3 trains on simulated or replay data, assumes complete observations, and ignores missing
data, temporal misalignment, and edge constraints.

Multi-world models extend latent dynamics to continual RL with shifting dynamics [22]. Rather
than a single model adapting to distribution shift—brittle under concept drift—an ensemble of
specialized models with learned gating selects the appropriate model per context. Modeling multiple
dynamics regimes is relevant to [oT fusion, where degradation, recalibration, and environmental
changes produce non-stationary observations.

Domain-specific models adapt latent dynamics to structured environments. A driving world
model learns multi-agent traffic behavior through latent dynamics [23]. TWIST compresses a large
simulation-trained world model into a smaller student model, achieving sim-to-real transfer through
architectural compression rather than domain randomization alone [8].

Beyond Dreamer, several variants target specific sensor domains. MuZero demonstrated
planning with a learned model across Atari, Go, chess, and shogi without game rules, establishing
latent dynamics viability [5]. Although predating loT-grounded framing, its insight—a model need
not predict raw observations, only planning-relevant quantities—anticipates Claim Space 1: planning
without reconstructing every sensor reading may be inherently robust to individual sensor failures.

Three autonomous driving models demonstrate latent dynamics' reach. OccWorld learns 3D
occupancy and predicts evolution under ego-actions, enabling planning without detection and tracking
[19]. DriveDreamer generates realistic driving scenes from multi-view camera data with temporally
coherent traffic predictions [6]. Think2Drive uses latent rollouts for efficient RL, reducing real-world
interactions by an order of magnitude [24].

Open-vocabulary world models map language to sensor observations, enabling zero-shot transfer
to unseen objects and environments [25]—relevant to [oT deployments encountering novel scenarios.
The isolated imaginations framework addresses training stability when rollouts diverge from reality
[9]; isolating trajectories from policy updates when error exceeds a threshold produces reliable
policies under model inaccuracies inevitable with real sensor data.

3.1.2. Joint-Embedding Predictive Architectures

Joint-embedding predictive architectures (JEPAs) represent a fundamentally different approach
to world-model learning. Rather than generating pixel-level predictions of future observations—an
approach that allocates model capacity to reconstructing irrelevant perceptual detail—JEPAs learn
representations by predicting the embedding of a target observation from the embedding of a context
observation within a shared latent space. This non-generative design, championed by LeCun and
colleagues as a step toward the “objective-driven AI” paradigm, produces semantic representations
that capture the structure of the world without modeling its irrelevant surface statistics.

I-JEPA, the Image Joint-Embedding Predictive Architecture, introduced this paradigm for visual
representation learning [2]. Published at CVPR 2023, I-JEPA predicts the representations of masked
target image blocks from the representations of visible context blocks, using a Vision Transformer
(ViT) backbone. The architecture achieves strong performance on downstream semantic tasks—
classification, segmentation, depth estimation—without hand-crafted data augmentations, and its
representations transfer across tasks with minimal fine-tuning. From an [oT sensor-fusion perspective,
I-JEPA’s key property is its abstraction over pixel-level detail: the model learns to ignore lighting
variations, sensor noise patterns, and background clutter that would confuse a generative model,
producing representations that are inherently more robust to the sensor-quality variation characteristic
of real-world deployments (Claim Space 1).

Two domain-specific JEPA variants extend the paradigm to structured perceptual domains. S-
JEPA adapts the joint-embedding predictive framework to skeletal action recognition, learning spatio-
temporal representations of human motion from 3D skeleton sequences [26]. The architecture predicts
joint-coordinate embeddings of future frames from past frames, capturing the kinematic structure of
motion without generating pixel-level pose renderings. JEPA for RL investigates joint-embedding
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architectures as world-model components for reinforcement learning agents, replacing the generative
decoder of conventional world models with embedding-space prediction [ 7]. Early results suggest that
JEPA-based world models learn more sample-efficient policies than generative counterparts on
continuous control benchmarks, though the evaluation is limited to simulated MuJoCo environments
with complete, synchronized observations. A theoretical analysis connects JEPA training objectives
to contrastive self-supervised learning, showing that both frameworks optimize for similar
representation properties under different computational constraints [27], suggesting that advances in
contrastive sensor-fusion representations may transfer to JEPA-based world models and vice versa.

3.1.3. Neural Simulators

Neural simulators learn to emulate the sensor-output behavior of complex physical systems
directly from observational data, bypassing explicit physics modeling. Unlike latent dynamics models,
which operate on compressed representations, neural simulators produce sensor-realistic outputs—
camera images, LiDAR point clouds, or time-series readings—that can close the simulation-to-reality
loop for downstream perception and control systems. This paradigm occupies a distinctive position in
the taxonomy: neural simulators are simultaneously world models (they predict how a system evolves)
and sensor models (they predict what a sensor would observe), making them the most direct
architectural bridge between world-model learning and sensor-stream processing.

UniSim, presented at CVPR 2023, is the first unified neural closed-loop sensor simulator
designed to generate realistic, temporally coherent sensor data streams—including camera images,
LiDAR scans, and radar returns—conditioned on agent actions and environment state [11]. Unlike
traditional graphics-based simulators that require manual specification of material properties, lighting
models, and sensor noise characteristics, UniSim learns these directly from real-world driving logs,
producing sensor outputs that match the statistical distribution of real sensors including previously
unseen corner cases. UniSim’s architecture is inherently sensor-stream-aware: it models the temporal
and cross-modal correlations between different sensor channels, and its closed-loop design—where
simulated sensor outputs feedback as inputs to subsequent timesteps—mirrors the real-world IoT
perception loop.

Cosmos World Foundation Models, published by NVIDIA at ACM SIGGRAPH 2025, scales the
neural simulator paradigm to the foundation-model regime [14]. Cosmos provides a platform of
pretrained world models that generate physically plausible video and sensor predictions from
multimodal inputs, targeting the “Physical AI” application stack: digital twins for industrial planning,
synthetic data generation for perception model training, and policy evaluation in simulated
environments before real-world deployment. The platform’s emphasis on physical plausibility—
rather than photorealistic rendering—aligns with [oT sensor-fusion requirements, where the relevant
output is not a visually appealing image but a physically accurate prediction of how sensor readings
will evolve.

WorldGPT extends the neural simulator concept by casting a large language model as a
multimodal world model that generates state transitions, sensor observations, and action outcomes
across diverse embodied environments through text-conditioned generation [15]. Unlike UniSim and
Cosmos, which learn domain-specific sensor distributions, WorldGPT demonstrates that general-
purpose language models, when augmented with modality-specific adapters, can serve as approximate
world simulators for tasks ranging from robotic manipulation to household navigation. This
convergence of language models and world models suggests a future path where sensor-grounded
predictions are mediated through natural language interfaces, though WorldGPT’s sensor output
fidelity remains well below that of specialized neural simulators.

A comprehensive survey by Ding et al. taxonomizes over 200 world-model architectures across
computer vision, robotics, and reinforcement learning, confirming that the four-paradigm structure
employed in this survey captures the dominant architectural distinctions in the literature [28]. The
survey identifies sensor realism—the fidelity with which world-model predictions match real sensor
observations—as an understudied dimension, corroborating the gap analysis at the core of this review.
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3.1.4. Visuo-Motor and Robot World Models

Visuo-motor world models deploy on physical robots, consuming camera and proprioceptive
data to predict future observations and robot states for manipulation or navigation. Unlike preceding
paradigms evaluated in simulation, visuo-motor models are the only Stream A subcategory operating
on real sensor hardware—the most direct exemplar of sensor-grounded deployment.

MoDem-V2 (ICRA 2024) learns dynamics from a Franka Panda's wrist camera and joint
encoders for real-world manipulation [13]. It extends the RSSM with two-stage training: pretraining
on diverse trajectories, then online fine-tuning. The model predicts future camera frames and robot
states, enabling planning through latent imagination. Operating on real sensor data—with noise,
occlusion, variable lighting, and calibration shift—it provides the strongest evidence that latent world
models can consume real-world sensor streams. However, it assumes a single camera with regular
frame delivery in a laboratory setting.

DrEureka (RSS 2024) addresses sim-to-real transfer through LLM-guided design of domain-
randomization parameters, producing policies that transfer without manual tuning [29]. While
primarily a policy-transfer method, its LLM-guided domain randomization over sensor-distribution
parameters demonstrates that bridging simulated and real sensor distributions is tractable. This
implicitly addresses Claim Space 1 through sim-to-real randomization rather than explicit missing-
data handling.

Taniguchi et al. frame world models as accounts of sensorimotor development, emphasizing
multimodal fusion—vision, touch, proprioception, audition—for environmental representations [30].
This highlights a gap: engineering models fuse at most two modalities (e.g., camera + joint encoders),
while biological systems integrate dozens of channels with varying resolutions. The survey identifies
predictive coding as a substrate for sensor-fused world models, connecting JEPA (Section 3.1.2) to
neuroscientific perception theories.

Active Predictive Coding (APC) formalizes this as a unified architecture for active perception
and hierarchical planning [31]. APC extends predictive coding—where cortical hierarchies minimize
prediction error—to action selection: an agent chooses actions predicted to reduce future error. This
closed-loop formulation, where predictions guide actions and actions determine observations, mirrors
the IoT perception-control loop.

FOCUS introduces object-centric representations into visuo-motor world models for robotic
manipulation [16]. Rather than a monolithic latent state, FOCUS segments observations into object-
level representations with independent dynamics per object, enabling reasoning about individual
interactions. Object-centric decomposition is relevant to IoT sensor fusion, where streams from
different devices correspond to distinct entities (machines, vehicles, environmental sensors) with
independent dynamics.

Chen et al. taxonomize learned driving by sensor configuration, world-model usage (explicit vs.
implicit), and deployment readiness [32]. The survey identifies sensor fusion under adverse conditions
(occlusion, sensor failure, adverse weather) as the primary open challenge, directly paralleling Claim
Space 1.

3.1.5. Cross-Paradigm Summary

Table 1 summarizes how each Stream A paradigm addresses—or fails to address—the three
novelty claim spaces identified in this survey. A dash indicates that no architecture in the verified
Stream A pool addresses the claim space. The systematic absence of entries across all four paradigms
constitutes the central empirical finding of this survey: no existing world-model architecture
simultaneously addresses the three novelty claim spaces formalized in Section 4.2.

Cross-Paradigm Summary of world-model architectures against the three novelty claim spaces.
Sensor Mode indicates whether architectures in the paradigm consume real sensor data, simulated
data, or both. Dashes (—) indicate no architecture addresses the claim space. References use Stream
A sequential numbering [1]—[27] as shown in Table 1.
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Table 1. Cross-Paradigm Summary of World-Model Architectures Against the Three Novelty Claim Spaces

Claim 1: Claim 2: Claim 3:
Paradigm Sensor Mode Missing-Data Clock-Sync Edge
Robustness Alignment Deployability
. Simulated;
[Il“]a t?g]t l?;f;]argg? TWIST: sim—real; o o o
Eb i i Karlsson: open-vocab
[51, [91, [19], [6], [24], [25] sero-shot transfer
Joint-Embedding Curated datasets onl noisI;?irrtl?;iant — —
(JEPA) [2], [26], [7], [27] Y repr
Learned from
Neural Simulators real sensor logs; . . .
[117,[14], [15], [28] WorldGPT: text-
conditioned gen.
Real sensors L )
Visuo-Motor (lab conditions); DI;iaErl?rill;a o e;\g;i}; d
[131,[29], [301, [31], [16], [32] APC: glml_llated domain rand. GPU only
navigation
. No architecture Systematic gap: ~ No architecture
(112MSI tf:;;dfi?s) — tested on irregular ~ no architecture targets MCU/
sensor data addresses this TinyML class

3.2. 10T Sensor Infrastructure Survey

World models that operate on real-time physical sensor data inherit every quality problem present
in the underlying IoT infrastructure. A latent dynamics model trained on clean simulation data
degrades silently when fed noisy, desynchronized, or missing sensor readings from field-deployed
devices. This section surveys five infrastructure capabilities that determine whether an [oT perception
layer can sustain reliable world-model inference: clock synchronization and temporal alignment
(Section 3.2.1), missing-data imputation (3.2.2), sensor drift detection and calibration (3.2.3), edge
inference and TinyML (3.2.4), and time-series deep learning for [oT (3.2.5). Each subsection identifies
representative works from the Stream B literature [20]—[33], notes their relevance to world-model
grounding, and flags gaps where the [oT literature does not yet address the world-model use case. [34]
Fig. 2 illustrates the end-to-end loT sensor infrastructure pipeline examined in this section, tracing the
sequential dependency from clock synchronization through data acquisition, missing-data imputation,
drift correction, and edge inference before sensor observations reach the world model latent encoder.

Clock Data Impu- Drift " Edge ime-Serie
Sync cquisition tation Calib. Inference Encoding

T D

Fig. 2. 10T Sensor Infrastructure Pipeline for World-Model Grounding, Illustrating the Sequential
Dependency from Clock Synchronization Through Data Acquisition, Missing-Data Imputation, Drift
Correction, and Edge Inference Before Sensor Observations Reach the World Model Latent Encoder

3.2.1. Clock Synchronization and Temporal Alignment

Distributed IoT sensors produce timestamped observations whose temporal alignment
determines whether a world model can fuse them into a coherent state representation. Dang et al. [10]
surveyed clock synchronization protocols for the industrial Internet, covering Precision Time Protocol
(PTP), Network Time Protocol (NTP), and Time-Sensitive Networking (TSN) standards. Their
analysis spanned wired and wireless industrial networks, examining synchronization accuracy from
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sub-microsecond (PTP with hardware timestamping) to millisecond ranges (software-only NTP). The
survey identified clock drift, asymmetric network delays, and multi-hop jitter as dominant error
sources in large-scale deployments.

The gap between this body of work and world-model grounding is structural. Clock
synchronization protocols treat temporal alignment as a network-layer problem solved at the transport
level, while world models require temporal consistency at the inference level, where observations
from different sensor modalities must be fused into a single latent state vector at each time step. No
formal framework exists for characterizing how clock synchronization errors propagate through a
world model’s encoder and affect downstream prediction accuracy. Synchronization failures manifest
as observation vectors that appear to the world model as physically impossible state transitions: a
temperature sensor reporting a value timestamped 500 milliseconds behind a pressure sensor at the
same physical location creates a latent state that violates thermodynamics. The IoT synchronization
literature provides the measurement tools [10] but not the world-model-aware error propagation
analysis needed to set synchronization accuracy requirements for specific inference tasks.

3.2.2. Missing Data Imputation

Sensor data gaps are endemic in real-world IoT deployments, arising from communication
dropouts, power cycling, hardware faults, and environmental interference. The missing-data problem
is acute for world models because most world-model architectures assume complete, regularly
sampled observation sequences during training and inference. A missing observation vector at time t
forces the world model to either skip the time step—Ilosing one step of dynamics—or impute the
missing data, injecting potentially incorrect state estimates into the latent trajectory.

Two works from the IEEE Internet of Things Journal establish the state of the art for [oT missing-
data imputation. The first [3] addressed the specific case of industrial IoT sensor data with large gaps:
intervals where entire observation vectors are absent rather than individual missing features. The
authors proposed a sequence-to-sequence imputation framework that leverages temporal correlations
across sensor channels, achieving accurate reconstruction for gap lengths up to 30 consecutive time
steps in a multivariate industrial sensor dataset. The second work [35] investigated robust time-series
classification under data compression, where missingness is induced not by communication failure
but by lossy compression algorithms designed for bandwidth-constrained IoT links. Their deep
learning classifier maintained above 90% accuracy under compression ratios exceeding 10:1, showing
that learned representations can be resilient to structured information loss.

These imputation methods are directly required when world models consume noisy sensor
streams with intermittent gaps. Both works [35], [3] optimize for downstream classification accuracy
rather than for recovering physically consistent state trajectories—the objective that matters for world-
model rollouts. A classifier may tolerate imputed values that preserve discriminative features while
distorting the underlying physical dynamics, but a world model using those same imputed values for
multi-step prediction will compound the distortion across its rollout horizon. No current work
evaluates imputation quality in terms of multi-step predictive accuracy under a learned dynamics
model.

3.2.3. Sensor Drift Detection and Calibration

Sensor measurements drift over time due to aging components, environmental stress, and
manufacturing variability. In a world-model deployment, a drifting temperature sensor causes the
model to infer a gradual warming trend that does not exist in the physical environment; a drifting
accelerometer introduces spurious motion into the latent state. Detecting and correcting sensor drift
before it contaminates the world model’s belief state is a prerequisite for sustained autonomous
operation.

Recent work has moved beyond periodic manual recalibration toward learned, data-driven drift
compensation. The most recent contribution [36] applied variational autoencoders (VAEs) to sensor
drift calibration, learning a latent representation of nominal sensor behavior from which drift-induced
deviations can be detected and corrected. The VAE-based approach achieved sub-1% drift correction
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error across temperature, humidity, and pressure sensor types in a controlled testbed, outperforming
polynomial regression and Kalman-filter baselines. A complementary line of work addresses concept
drift in IoT data streams [33], where the statistical relationship between sensor measurements and the
measured phenomenon changes over time. The authors surveyed detection algorithms including
adaptive windowing, drift detection method (DDM), and ensemble-based approaches, evaluated on
streaming loT classification tasks. Parallel work on sensor-fault diagnosis [37] and real-time industrial
IoT denoising [38] addresses related data-quality challenges, though neither explicitly models concept
drift.

Both sensor drift [36] and concept drift [33] introduce non-stationarity into the observation
distribution that a world model consumes. A world model trained under one sensor calibration state
will produce miscalibrated predictions when sensor characteristics shift. The gap is methodological:
the [oT drift literature treats drift as a problem to be detected and corrected at the sensor or data-stream
level, but does not model how drift propagates through a learned dynamics model. A VAE-based
calibration that optimizes for reconstruction error on raw sensor readings [36] may not preserve the
latent-state consistency that a world model requires for accurate multi-step prediction. Joint
optimization of sensor calibration and world-model predictive accuracy remains unexplored.

3.2.4. Edge Inference and TinyML

Deploying world-model inference on resource-constrained edge devices would enable the
decentralized, low-latency perception that physical Al applications demand. Rather than streaming
raw sensor data to a cloud-hosted world model, edge-deployed world models could perform state
estimation and short-horizon prediction locally, communicating only compressed latent states or
anomaly alerts upstream. The edge intelligence and TinyML literature provides the foundation for this
vision.

Mendez et al. [20] published the most comprehensive survey of edge intelligence architectures,
covering the full cloud-edge-fog continuum from on-device inference accelerators to distributed
model training. Their taxonomy organized edge Al systems by computation partitioning strategy—
device-only, edge-only, device-edge co-inference, and hierarchical—providing a structured
framework for reasoning about where world-model inference could be placed in an IoT topology.
Alajlan and Ibrahim [39] surveyed TinyML, the subfield focused on deploying deep learning models
on ultra-low-power microcontrollers and IoT edge devices, documenting model compression
techniques including quantization, pruning, and knowledge distillation that reduce model footprints
from hundreds of megabytes to tens of kilobytes. The most recent survey [4] extended TinyML to
consumer electronics, cataloguing commercial deployments of on-device inference for keyword
spotting, activity recognition, and sensor analytics on hardware platforms ranging from ARM Cortex-
M microcontrollers to specialized neural processing units.

The gap between TinyML and world-model inference is architectural. TinyML optimization
techniques target feedforward and convolutional architectures optimized for single-inference
classification tasks. World models, particularly those based on recurrent state-space models or joint-
embedding predictive architectures, require iterative latent-state rollouts with recurrent computation
graphs that do not map cleanly onto the static model graphs that TinyML toolchains compile. The
memory footprint of maintaining a latent state vector across time steps, combined with the sequential
nature of rollout computation, presents a deployment challenge not addressed in current TinyML
surveys [39], [4]. No published work has demonstrated world-model inference on a microcontroller-
class device.

3.2.5. Time-Series Deep Learning for IoT

Time-series data is the native output modality of IoT sensors, and deep learning methods purpose-
built for temporal loT data have matured into a substantial subfield. Unsupervised approaches are
particularly relevant to world-model grounding because labeled IoT sensor data is scarce, domain-
specific, and expensive to annotate at the scale required for training large dynamics models.
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Liu et al. [44] published a survey of unsupervised deep learning techniques designed for IoT time
series, evaluating autoencoder, variational autoencoder, and generative adversarial network
architectures on multivariate sensor datasets drawn from industrial, environmental, and human activity
monitoring domains. The study found that variational autoencoders produced the most transferable
representations across domain shifts, with reconstruction-based pretraining enabling effective fine-
tuning on downstream tasks using as few as 10% of labeled examples. In the anomaly detection
subdomain, Sachdeva and Vamsi [45] benchmarked deep learning architectures — LSTM
autoencoders, convolutional autoencoders, and transformer-based models — on time-series IoT
sensor data. Their LSTM autoencoder achieved the highest F1 score of 0.91 on a multi-sensor
industrial dataset, while the transformer architecture generalized better to sensor types not seen during
training. These methods are directly applicable to world-model grounding: a world model consuming
streaming sensor data must distinguish genuine environmental transitions from transient sensor faults,
and the anomaly detection pipeline developed for conventional IoT monitoring can serve as a
preprocessing stage that flags suspect observation windows before they corrupt the latent state.

These time-series representation learning methods [44], [45] constitute a candidate sensor-
encoder front-end for a world model, compressing heterogeneous IoT streams into fixed-dimensional
latent observation vectors that feed into the dynamics model. The representations, however, are
optimized for reconstruction fidelity and anomaly detection — objectives orthogonal to the multi-step
predictive accuracy that determines world-model performance. A representation that faithfully
reconstructs raw sensor values may discard the physically salient features — derivatives, phase
relationships, and frequency components — that a dynamics model needs to propagate state accurately
over long horizons. Joint training of sensor encoders and world-model dynamics, where the encoder
learns to produce representations that maximize multi-step prediction accuracy rather than
reconstruction fidelity, remains unexplored in both the [oT time-series literature and the world-model
literature. [46], as summarized in Table 2.

Table 2. Time-Series Deep Learning Methods for IoT Sensor Data: Capabilities and World-Model
Integration Potential

World-Model Capability Sensor Data Quality

Temporal Alignment

Edge Compute (TinyML)

Gap: No WM trained
under sensor-failure
distributions. Bridge:
MoDem-V2 [13], UniSim
[11]. Direction: Failure-
aware training +

Latent Dynamics Learning

imputation-WM co-design.

Gap: JEPA predictors
assume clean sequences.
Bridge: TimeGPT [48]
handles real gaps.
Direction: Missing-data-
tolerant attention.

Gap: No production WM
pipeline for sensor
degradation. Bridge:
Human-aware WM [50]

Temporal Sequence
Modeling

Large-Scale Inference

provides early architecture.

Direction: Online sensor-
quality estimation.

Gap: RSSM rollouts
assume fixed At. Bridge:
TPAMI 2026 [47] learns

implicit latency. Direction:
Timestamp-aware RSSMs.

Gap: WM assumes global
clock. Bridge: Crossmodal
binding [49] suggests
learned alignment.
Direction: Timestamp-
conditioned models.

Gap: No WM considers
10T clock topology.
Bridge: Embodied Al
surveys [51], [52].
Direction: Network-
topology-aware
deployment.

Gap: 200M—14B param
WMs vs. KB TinyML.
Bridge: TWIST [8]
achieves 85% task
retention. Direction:
Latent-dynamics
compression.

Gap: Transformers
memory-intensive at edge.
Bridge: IoT representations
[44] show small encoders
suffice. Direction:
Hardware-aware
distillation.

Gap: No TinyML
workflow for WM. Bridge:
DrEureka [29] automates
sim-to-real. Direction:
Automated WM—TinyML
compilation.

3.3. Bridge: World-Model Architectures in IoT Sensor Environments

This section examines the research frontier where world-model architectures (Stream A) and IoT
sensor infrastructure (Stream B) intersect — the space our classification framework identifies as the
perception gap. Three structural disconnects emerge. World models trained on complete,
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synchronized, data-center-scale computation assume conditions that IoT sensor networks cannot
provide: clean sensor feeds, globally synchronized clocks, and abundant compute. The IoT sensor
research community, meanwhile, has developed sophisticated solutions for missing data imputation,
temporal alignment, and edge inference that world-model architects have not adopted. The result is a
literature where two mature research streams talk past each other. We survey the thin but growing
body of work at this intersection, identify three open problems that define the bridge research space,
and propose a gap matrix mapping Stream A capabilities against Stream B constraints to reveal high-
impact research directions.

3.3.1. Missing-Sensor-Data Robustness in World Models

World-model architectures (DreamerV3, I[-JEPA, Cosmos, and their derivatives) share an
implicit assumption that the sensor streams feeding them are complete and reliable. DreamerV3's
world model is trained on replay buffers populated from complete environment observations. None of
these architectures includes mechanisms for handling the intermittent, gap-ridden, and drift-prone
sensor data that characterizes real-world loT deployments.

The IoT sensor literature, conversely, has developed a mature toolkit for managing data-quality
degradation. Deep imputation methods for industrial IoT sensor data with large gaps have
demonstrated the ability to reconstruct missing segments spanning hours, using bidirectional recurrent
architectures that model both forward and backward temporal dependencies. These capabilities
address precisely the data-quality challenges that world models would face if deployed on real-world
sensor infrastructure, yet the two literatures have developed in parallel with almost no cross-citation.

A thin bridge literature exists. MoDem-V2, a visuomotor world model for real-world robot
manipulation deployed on physical Franka Emika Panda arms, demonstrated that world models can
operate with real sensor data (RGB-D camera streams, joint encoders, force-torque sensors), but only
after extensive per-deployment calibration and under controlled laboratory conditions where sensor
failures were rare and immediately detectable [13]. Early work on supporting human-aware world
models through sensor fusion explicitly framed the sensor-fusion-to-world-model connection,
proposing a layered architecture where fused sensor streams update a persistent world representation
— but this work predates the deep-learning world-model paradigm and did not address the statistical
properties of real sensor failure modes [50].

Two additional bridge directions merit attention. Shen et al. [70] propose the KalmanFormer,
which uses a transformer to model the Kalman gain in Kalman filters. The KalmanFormer approach
is architecturally suggestive: a world model's latent state update could similarly learn to weight
incoming sensor observations according to their estimated reliability rather than treating all
observations as equally trustworthy.

Real-time sensor-stream processing research reinforces this direction. Ahmad and Alkhammash
developed an online adaptive Kalman filtering framework for real-time anomaly detection in wireless
sensor networks that dynamically adjusts the process noise covariance matrix when sensor readings
deviate from expected distributions, achieving 94.7% anomaly detection recall with a false-positive
rate of 2.1% across temperature, humidity, and vibration sensor modalities [53]. Both systems point
toward a sensor-quality preprocessor that could sit between IoT sensor streams and a world model's
encoder, providing per-observation reliability scores that the world model could use to modulate its
latent-state update.

Time-series foundation models represent the most recent and promising bridge development. The
TimeGPT model, benchmarked on real-world forecasting applications spanning energy, traffic, and
weather domains, demonstrated that a single pretrained time-series transformer can generate forecasts
competitive with domain-specific models across hundreds of heterogeneous datasets without fine-
tuning [48]. Zhou et al. [54] provide a comprehensive survey of pretrained foundation models,
situating TimeGPT within the broader trend toward general-purpose architectures for sequential data.

This gap is the missing-sensor-data robustness claim space, formalized in Section 4.2.1.
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3.3.2. Clock-Sync-Aware World-Model Temporal Alignment

World models operate on temporal sequences. DreamerV3's recurrent state-space model unrolls
over imagined trajectories. Neither assumption holds in distributed IoT deployments.

The 10T literature has studied clock synchronization extensively. The Industrial Internet, with its
time-sensitive networking (TSN) requirements, has driven development of synchronization protocols
achieving sub-microsecond precision across wired networks through IEEE 802.1AS and Precision
Time Protocol (PTP) variants. These problems compound in municipal-scale smart-city deployments
where sensors span kilometers, connect through heterogeneous network technologies (LoRaWAN,
NB-IoT, Wi-Fi, 5G), and are maintained by multiple administrative entities with no common time
authority.

The bridge literature provides only indirect engagement with temporal alignment. The
comprehensive survey on aligning cyber space with the physical world through embodied Al identifies
temporal synchronization between virtual models and physical sensor streams as a core challenge,
noting that current embodied-Al systems typically assume either perfect synchronization (simulated
environments) or compensate through heuristic timestamp alignment that discards observations
arriving outside a fixed tolerance window [51]. The Nature Machine Intelligence roadmap from
embodied intelligence to physical Al frames this more sharply: the transition from laboratory robotics
to physical Al operating in uncontrolled environments requires "robust spatiotemporal grounding"
that current architectures do not provide [52].

The TPAMI work on out-of-sight embodied agents addresses a closely related problem:
multimodal tracking and sensor fusion for agents operating in environments where sensors have
heterogeneous sampling rates and non-overlapping fields of view. The authors demonstrate that
transformer-based fusion architectures can learn to align asynchronous LiDAR, camera, and radar
streams by implicitly modeling per-sensor latency distributions during training, achieving trajectory
forecasting accuracy within 0.3 m of ground truth despite sensor streams arriving at rates varying from
10 Hz (LiDAR) to 0.5 Hz (radar) [47]. This implicit latency-modeling approach — learning temporal
alignment rather than enforcing it through infrastructure — points toward a clock-sync-aware world-
model architecture that could tolerate the millisecond-to-second timestamp uncertainties typical of
IoT sensor networks.

Crossmodal language grounding in embodied neurocognitive models provides additional
evidence for the feasibility of learned temporal alignment. The human cognitive architecture on which
these models are based processes visual, auditory, and tactile stimuli with intrinsic neural latencies
differing by tens to hundreds of milliseconds, yet achieves coherent multimodal perception through
mechanisms that the model abstracts as learned cross-modal temporal binding [49]. While this work
does not address clock synchronization directly, the neurocognitive principle that temporal alignment
can be learned at the representation layer rather than enforced at the infrastructure layer is directly
applicable to the bridge problem.

The data fusion literature provides relevant methodology. Meng et al. [72] survey machine
learning approaches for data fusion, cataloguing architectures for asynchronous sensor stream
integration. These findings quantify what world-model researchers have not yet confronted: the
temporal assumptions of training-time data do not survive deployment.

This gap is the clock-sync-aware temporal alignment claim space, formalized in Section 4.2.2.

3.3.3. Edge-Deployable World-Model Architectures

The third disconnect is computational scale. World models are large; loT sensor nodes operate
on microcontrollers with kilobytes of RAM, milliwatt power budgets, and no floating-point units—
the domain of TinyML.

TinyML has demonstrated inference on ultra-low-power edge devices through compression,
quantization, and architecture co-design. Contemporary deployments run keyword spotting (50 KB,
10 mW), person detection (250 KB, 50 mW), and anomaly detection (<500 KB)—three to six orders
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smaller than world-model architectures. The TinyML community has not engaged with world models
as a target.

TWIST demonstrated teacher-student world model distillation: a large simulation-trained model
distills latent dynamics into a smaller student on embedded hardware [8]. This achieves substantial
compression but still requires GPU-class hardware, well above the TinyML envelope.

DrEureka uses an LLM to generate domain-randomized parameters, producing policies and
representations robust to sensor noise and actuator imprecision [29]. While not directly compressing
models, it shows LLM-guided domain randomization automates sim-to-real transfer, reducing per-
deployment tuning for scaling across heterogeneous edge nodes.

Two paradigms suggest paths for closing the scale gap: embodied LLMs completing complex
tasks [56], and compact encoders (ResNet-18, ~1 1M parameters) for vision-touch bridging achieving
87.3% accuracy—suggesting sensor-encoding components may compress more than latent-dynamics
components [17].

The convergence of distillation [8], sim-to-real adaptation [29], factored architectures [56], and
compact multimodal encoders [17] with time-series foundation models suggests a path toward edge-
deployable world models. TimeGPT demonstrates useful temporal representations in models small
enough for efficient CPU-only inference [48]. JEPA's self-supervised learning produces semantic
representations without pixel generation, providing a template for TinyML compression.

This gap is the edge-deployable world-model claim space, formalized in Section 4.2.3. No
TinyML-style deployment framework exists for world-model inference on loT hardware. Current
approaches span extremes—massive models in data centers or single-sensor classifiers on
microcontrollers—with no intermediate tier for compressed inference on edge devices. A framework
must (i) characterize inference primitive costs (encoding, latent rollout, decoding) per frame in
operations, memory, and power; (ii) develop compression techniques—adapting distillation [8] for
latent dynamics, applying TinyML quantization/pruning to RSSMs and JEPA encoders, and exploring
hardware-aware NAS; and (iii) establish accuracy-efficiency trade-off curves enabling deployment
decisions analogous to TinyML model selection for classification.

As summarized in Table 3, the bridge literature reveals a pattern of partial solutions: distillation
addresses the compute gap (TWIST) but not sensor-quality awareness; domain randomization
addresses input distribution shift (DrEureka, MoDem-V2) but not temporal alignment; and embodied
LLMs suggest factored architectures (Mon-Williams et al.) but rely on cloud inference. No single
bridge work addresses all three integration dimensions simultaneously.

The bridge literature surveyed across Sections 3.3.1 through 3.3.3 and summarized in Table 2
and Fig. 3 reveals a consistent pattern: individual papers have demonstrated point solutions at specific
intersections of the Stream A by Stream B matrix, but no integrated framework connects them.
MoDem-V?2 [13] shows that world models can consume real sensor data but does not address sensor
failure distributions. The Embodied Al [51] and Physical Al [52] surveys identify sensor grounding
and temporal alignment as open challenges but do not propose architectural solutions.

Three additional bridge directions — the Digital Twin paradigm [58], [59], graph neural network
modeling of IoT network topology [60], and cloud-edge collaborative architectures [61] — provide
infrastructural context. Digital twins maintain synchronized virtual representations of physical
systems, and their information fusion and state-estimation requirements overlap substantially with
world-model inference. No paper to date has proposed such an architecture, and its absence constitutes
the central research gap this survey identifies.
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Table 3. Bridge Works Categorized by Integration Dimension (I1-13), Including Venue, Year, Bridge Type,

and Key Findings
Bridge Integration oo
1ce Ref Jegratt Contribution to Edge-Deployable World Models
Work Dimension
Edee Deplovabili Teacher-student distillation compresses world models for embedded
TWIST [8] & (I;s)y ty GPU deployment; first demonstration of WM compression for sim-to-
real transfer.
DrEureka [29] Sensor-Quality Language-model-guided domain randomization automates sim-to-real
Awareness (I1) policy transfer; addresses sensor-input distribution shift.
MoDem-V2  [13] Sensor-Quality Visuo-motor world model trained with domain-randomized visual
Awareness (I1) inputs achieves 65% success on physical robot manipulation.
Mon- Edee Deplovabili Embodied LLMs enable robots to complete complex tasks in
Williams et [56] & (%)y ty unpredictable environments; demonstrates factored world-model
al. architectures.
Li& [17] Sensor-Quality Vision-touch bridging for robotic interaction prediction; explores
Thuruthel Awareness (I1) multimodal sensor fusion for predictive models.
Sensor-Quality DRL policy transfer from simulation to physical robots; addresses
Juetal. [57] . .
Awareness (I1) sim-to-real sensor gap for contact-rich tasks.
World-Model Capabilities loT Sensor Constraints
Data Temporal Edge
Quality Alignment Compute
Dynamics A X B
JEPA X Cc X
el D E X
Visuo-Motor X X F

D Gap D Partially addressed (A-F = Bridge paper)

Fig. 3. Bridge Gap Matrix Mapping World-Model Capabilities (Rows: Latent Dynamics, JEPA, Neural Sim,
Visuo-Motor) to [oT Sensor Constraints (Columns: Data Quality, Temporal Alignment, Edge Compute)
Across 6 Surveyed Bridge Papers, with Cell Shading Indicating Literature Density

4. Discussion
4.1. Cross-Stream Synthesis

The three-stream taxonomy reveals a literature landscape organized around a central tension:
world models assume clean, synchronous sensor streams, while loT sensor infrastructure research has
spent two decades characterizing the ways in which real sensor data is neither clean nor synchronous.
This tension is not merely descriptive—it structures the research gap that this survey identifies and
maps.

The three streams interrelate through a shared dependence on sensor data quality but address it
at different levels of abstraction. Stream A (world-model architectures) operates at the level of learned
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dynamics: DreamerV3 [1] trains on 64x64 pixel observations, MuZero [5] on board-game states, and
Cosmos [14] on curated video datasets. Every architecture surveyed in Stream A assumes its input
distribution is stationary and complete. Stream B (IoT sensor infrastructure) operates one level
lower—at the physical measurement layer—and has catalogued the mechanisms that violate that
assumption: clock drift [10], missing data from communication failures and sensor faults [3], concept
drift from environmental change [33], and calibration decay [36]. Stream C (the bridge) operates at
the interface, producing systems that must translate between these two abstraction levels. The bridge
literature is structurally asymmetric: four of the six unique Stream C papers address the sim-to-real
direction (from world models toward sensor reality), while only two address the sensor-to-model
direction (from noisy loT data toward world-model inputs). This asymmetry defines the first structural
gap identified by the taxonomy.

The bridge’s internal structure, as revealed by cross-referencing the three streams, clusters around
three integration dimensions. Sensor-quality awareness (I1) captures whether a world model accepts
explicit metadata about sensor reliability—dropout rates, noise models, calibration states. Temporal
alignment (I2) captures the synchronization between world-model prediction horizons and sensor
sampling regimes, which may be irregular and clock-drifted in IoT deployments. Edge-deployment
feasibility (I3) captures the computational requirements of running a world model on IoT-class
hardware, where memory budgets are measured in kilobytes rather than gigabytes [39]. The cross-
referenced papers—UniSim [11], MoDem-V2 [13], DrEureka [29], and TWIST [8§]—appear in both
Stream A and Stream C, demonstrating that the bridge is not a separate literature but a re-reading of
existing world-model work through a sensor-infrastructure lens. These papers address 11 and 13
partially but leave 12 almost entirely untreated.

Specific cross-stream patterns illustrate the synthesis. MoDem-V2 [13] trains visuo-motor world
models for real robot manipulation and achieves a 65% success rate on physical hardware, but its
domain randomization strategy treats sensor noise as a static distribution—it does not model the time-
varying drift and intermittent dropout characterized by the IoT literature [22], [23]. UniSim [11]
generates closed-loop sensor simulations but assumes synchronized, complete sensor frames; the
missing-data imputation methods developed in Stream B [62], [63] could extend UniSim to generate
realistic partial-observation scenarios for robustness testing. TimeGPT [48] represents an emerging
bridge paradigm—a foundation model for time-series forecasting that could, in principle, serve as a
pretrained temporal module within a world-model architecture, but its current evaluation is limited to
univariate forecasting benchmarks and does not engage with the multimodal prediction demands of
full world models. The Digital Twin literature [50], [57] provides a conceptual framework for
bidirectional information flow between physical IoT infrastructure and virtual world models but
remains largely at the system-architecture level without concrete world-model instantiations. [64],
[65], [66], [67], [68].

4.2. The Three Novelty Claim Spaces in Detail

4.2.1. Missing-Sensor-Data Robustness

Sensor data in IoT deployments is routinely incomplete. Liu et al. [3] document gaps exceeding
30% of sampling intervals in industrial sensor networks, driven by communication failures, power
constraints, and sensor faults. Azar et al. [44] show that time-series classification accuracy on
compressed loT data drops from 94% to 61% when missing-data patterns are non-random. These
failure modes are not edge cases; they are the normal operating condition for large-scale sensor
networks. Yet not one of the 12 world-model architectures surveyed in Stream A accepts missing-data
indicators or reliability metadata as a first-class input. DreamerV3 [1] assumes continuous, complete
observation sequences. [-JEPA [2] masks patches for self-supervision, but the masking is uniform-
random and bears no relationship to the structured missingness patterns of real sensor networks. This
is not a methodological oversight—it is a consequence of these architectures being developed and
evaluated on curated datasets (Atari, DeepMind Control Suite, nuScenes) where missing data does not
occur.
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Three structural obstacles block progress on missing-sensor-data robustness. First, the curated
benchmark problem: world-model evaluation suites do not include sensor-degradation protocols.
There is no equivalent of the ImageNet-C corruption benchmark for world-model sensor inputs.
Second, the architectural assumption gap: latent-dynamics models compress observations into a fixed-
dimensional state vector [1], [69], [15], which discards the uncertainty information that a Kalman-
filter approach would preserve. KalmanFormer [70] and the online adaptive Kalman filter of Ahmad
and Alkhammash [53] demonstrate that transformer architectures can learn to estimate Kalman gains
from data, but these methods operate at the sensor-filtering level and have not been integrated into
world-model training loops. Third, the evaluation misalignment: world models are evaluated on
prediction accuracy and task reward, not on robustness to input degradation. A DreamerV3 agent
achieving 90% task success on clean Atari frames may fail catastrophically with 5% random pixel
dropout—and the literature provides no systematic way to measure this.

A future research program for missing-sensor-data robustness would proceed along five axes. (i)
Sensor-quality-aware world-model architectures that accept per-timestep reliability vectors alongside
observations, extending the observation model to be a function of both sensor data and sensor
metadata. (ii) Corruption benchmark suites that apply structured degradation protocols—missing-data
patterns drawn from empirical loT distributions [3], drift profiles from [36], and clock skew models
from [10]—to standard world-model evaluation environments. (iii) Probabilistic observation encoders
that propagate sensor uncertainty through the latent state, drawing on the predictive-coding framework
of Rao et al. [31] and the (iv) Training-time data augmentation with realistic [oT degradation patterns,
extending the domain randomization strategies used in sim-to-real transfer [14], [10], [3], [40]. (v)
Evaluation metrics that decouple world-model predictive accuracy from sensor-input quality, enabling
fair comparison across heterogeneous deployment conditions.

4.2.2. Clock-Sync-Aware World-Model Temporal Alignment

Temporal alignment—the synchronization of world-model prediction steps with sensor sampling
times—is assumed by every world-model architecture surveyed. RSSM-based models [1] operate at
fixed time steps, typically 50 ms for Atari and 200 ms for DeepMind Control Suite. MuZero [5] uses
a fixed number of planning steps. These fixed temporal grids assume that sensor observations arrive
at predictable, synchronized intervals. [oT sensor networks violate this assumption systematically.
Dang et al. [10] survey clock synchronization protocols for the Industrial Internet and document
median clock drift of 10—100 ppm under NTP, meaning sensors can drift by milliseconds per second—
enough to misalign multimodal observations within a single world-model prediction step. The out-of-
sight embodied agents framework [47] implicitly addresses temporal uncertainty by tracking objects
across sensor dropouts, but does not model clock skew as an explicit variable. The data fusion surveys
[70], [53] catalogue architectures for asynchronous sensor streams but stop short of integration with
learned world-model dynamics.

The primary obstacle is the absence of a shared temporal representation. World models use
prediction-step indices; [oT systems use wall-clock timestamps with drift. Bridging these requires
either (a) world models that accept variable-duration time steps with explicit uncertainty, or (b) sensor-
fusion frontends that resample asynchronous IoT data onto a world-model-compatible temporal grid
while propagating resampling uncertainty forward. Neither approach exists in the surveyed literature.
A secondary obstacle is the evaluation gap: no benchmark measures world-model prediction
degradation as a function of clock skew and temporal misalignment. The domain adaptation survey
by Shi et al. provides methods for aligning time-series distributions across domains, but the adaptation
is to distribution shift in sensor values, not to temporal-regime shift.

A research program for clock-sync-aware temporal alignment requires: (i) world-model
architectures with variable-duration prediction steps, where the step size is an input rather than a
constant—enabling the model to adapt its prediction horizon to the available sensor data; (ii)
uncertainty-aware temporal fusion layers that combine observations from multiple sensors with
known clock-uncertainty bounds, drawing on the machine learning for data fusion framework of Meng
et al. [72]; (iii) benchmark protocols where world-model inputs are deliberately desynchronized by
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controlled amounts of clock skew, measuring prediction fidelity as a function of skew magnitude; (iv)
integration of time-series foundation models such as TimeGPT [48] as learned temporal encoders
capable of handling irregularly sampled time series, potentially bridging the gap between IoT
sampling regimes and world-model prediction grids.

4.2.3. Edge-Deployable World-Model Architectures

World models are large. DreamerV3 [1] uses a 200M-parameter RSSM; Cosmos [14] is built on
diffusion transformers with parameter counts in the billions; WorldGPT [15] leverages large language
model architectures exceeding 7B parameters. IoT edge devices operate under radically different
constraints: TinyML models are measured in kilobytes [39], edge inference accelerators draw tens to
hundreds of milliwatts [4], and on-device memory budgets are typically below 512 KB [20]. This
four-to-six order-of-magnitude gap is not bridgeable by incremental model compression alone. It
requires architectural redesign: world models designed for edge deployment from the start, not large
models subsequently compressed.

The TWIST framework [8] demonstrates that teacher-student distillation can transfer world-
model policies to lightweight student networks for sim-to-real deployment. However, TWIST targets
policy compression, not world-model compression—the predictive world model itself remains large
and runs off-device. DrEureka [29] uses language models to automate sim-to-real domain
randomization but does not reduce the computational footprint of the underlying world model. The
embodied LLM work of Mon-Williams et al. [56] shows that large language models can guide robot
behavior in unpredictable environments, but inference runs on cloud resources rather than on-device.
The vision-touch bridging work of Li and Thuruthel [ 17] operates on a single modality pair and does
not scale to the multimodal prediction demands of full world models. The underlying blocker is that
world-model predictive accuracy and model capacity remain coupled: smaller models predict less
accurately, and the literature provides no systematic study of where the accuracy-capacity trade-off
becomes acceptable for specific IoT deployment contexts.

A research program for edge-deployable world models requires: (i) systematic benchmarking of
world-model prediction accuracy as a function of parameter count, targeting loT-class hardware
constraints (ARM Cortex-M, NVIDIA Jetson Nano, Google Coral TPU); (ii) JEPA-style architectures
[2], [11], [13] that predict in latent representation space rather than pixel space, potentially reducing
the decoder-side parameter count while preserving predictive utility; (iii) distillation techniques that
compress the full world model—not just the policy network—for edge deployment, extending the
TWIST [8] approach to the predictive core; (iv) hardware-aware neural architecture search for world-
model components, jointly optimizing prediction accuracy and on-device latency; (v) sparse world-
model architectures that activate only task-relevant regions of the latent state per timestep, drawing
on the isolated imaginations framework of Pan et al. [9].

4.3. Implications for Practice

Practitioners deploying world-model-based systems in real-world IoT environments face three
actionable decisions arising from this survey. First, sensor infrastructure investment: the survey
establishes that world-model performance is upper-bounded by sensor data quality, and the IoT
literature [52], [62], [22], [23] provides concrete, deployable methods for raising that quality—clock
synchronization protocols, missing-data imputation pipelines, drift detection, and recalibration
routines. A practitioner who deploys a DreamerV3-based system without these sensor-quality layers
is operating below the achievable performance ceiling, and the cost of the sensor-quality investment
is small relative to the performance degradation it prevents. Second, architecture selection: the
taxonomy provides a decision framework organized around the three integration dimensions. If sensor
reliability is high and latency requirements are relaxed—for example, a cloud-connected autonomous
vehicle with redundant LiDAR—the integration cost is low and existing architectures [1], [14], [28]
are appropriate. If sensors are unreliable and latency is critical—for example, a battery-powered IoT
sensor node with intermittent connectivity—the integration cost is high and no suitable architecture
currently exists in the published literature. In such cases the practitioner must either accept degraded
predictive performance or invest in custom bridge engineering.
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Third, the emerging Digital Twin paradigm [50], [57] offers a practical deployment pathway:
maintain the full-capacity world model in the cloud as a digital twin, deploy a lightweight sensor-
quality-aware proxy on the edge device, and synchronize the two through the temporal-alignment
mechanisms identified in this survey. This architecture separates the computationally expensive
world-model prediction from the latency-sensitive sensor-quality processing, aligning with the
Industrial IoT trend toward hierarchical edge-cloud architectures documented in Stream B [29], [35].
The survey’s taxonomy of integration dimensions (I1-13) provides the specification language for
designing the interface between these two tiers.

4.4. Limitations of this Survey

This survey has several limitations that constrain the scope and certainty of its findings. Scope
limitations: the review is restricted to English-language, peer-reviewed publications from 2018 to
2026, following the PRISMA 2020 methodology [26], [7]. The English-language constraint excludes
non-English research in sensor networks and world-model architectures, particularly from Chinese
and European research communities that are active in both domains. The temporal window captures
the emergence of large-scale world models (DreamerV3, Cosmos, WorldGPT) but excludes
foundational work published before 2018, such as the World Models paper by Ha and Schmidhuber
(2018), which falls outside the database search date range. The peer-review constraint excludes arXiv
preprints that may be influential in practice—GAIA-1 for autonomous driving, Sora for video
generation—but lack verified DOIs and have not undergone peer review.

Taxonomy limitations: the three-stream, seven-dimension taxonomy reflects an authorial
synthesis and carries inherent granularity trade-offs. The four Stream A paradigms (latent dynamics,
JEPA, neural simulators, visuo-motor) represent an organizational choice that could be subdivided or
regrouped; for example, the latent-dynamics and visuo-motor categories overlap substantially in their
use of RSSM-based architectures but were separated by application domain. The three integration
dimensions (I1-I3) capture the most salient cross-stream patterns emerging from the synthesis but
may miss finer-grained interactions such as energy-aware temporal scheduling, sensor-topology-
aware world-model routing, or security-conscious sensor fusion [ 74]. The taxonomy is qualitative and
does not provide quantitative distance metrics between papers or streams, limiting its use for
automated paper classification or gap quantification.

Bridge literature limitations: the bridge literature (Stream C) comprises 6 papers (5 cross-listed
with Streams A or B, yielding 1 net addition; after de-duplication, the bridge literature contributes 1
unique paper; cross-listed papers are UniSim [11], MoDem-V2 [13], DrEureka [29], TWIST [8], and
Li & Thuruthel [17]). This is a small sample, heavily concentrated in 2024—2026, and the integration
dimensions identified by the survey are derived from a limited evidence base that may not capture all
emergent bridge directions, particularly those published outside the surveyed databases.

5. Conclusion

This survey presented a structured three-stream taxonomy synthesizing 34 peer-reviewed
publications (29 unique; 5 cross-listed across streams), supported by 40 background references at the
intersection of world-model architectures and IoT sensor infrastructure. Stream A surveyed four
world-model paradigms—Iatent dynamics models, JEPA architectures, neural simulators, and visuo-
motor models—across (n=12) papers; Stream B catalogued five IoT sensor capabilities—clock
synchronization, missing data imputation, sensor drift calibration, edge inference, and time-series
deep learning—across (n=11) papers.

Three novelty claim spaces emerged from these disconnects—the three novelty claim spaces
formalized in Section 4.2—each grounded in a specific literature gap identified through the taxonomy
matrix and accompanied by a concrete five-axis research program detailed in the Discussion.

For the physical Al and embodied Al communities [5], [19], this taxonomy provides both a
diagnostic tool for identifying where sensor infrastructure assumptions break in deployed world-
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model systems and a roadmap for closing the gap between simulation-trained models and real-world
sensor environments. As embodied Al systems transition from controlled laboratories to unpredictable
physical environments, the ability to reason under sensor uncertainty, temporal misalignment, and
compute constraints becomes the critical capability separating research demonstrations from industrial
deployment.

5.1. Limitations

Scope: The review is restricted to English-language, peer-reviewed publications indexed in IEEE
Xplore, ACM Digital Library, and Scopus. This constraint excludes non-English research, arXiv
preprints, and conference workshop papers that may contain relevant bridge work. The temporal
window (2018-2026) captures the emergence of large-scale world models but may omit foundational
sensor-fusion research published earlier.

Bridge literature maturity: The bridge literature (Stream C) is undergoing rapid expansion, of its
6 papers, the majority were published in 2024-2025. Findings regarding the maturity of individual
bridge themes may shift as this literature consolidates, and several of the proposed research directions
may be partially addressed by work currently under review or in preprint.

Taxonomy granularity: The three-stream, four-paradigm taxonomy operates at the paradigm
level—distinguishing latent dynamics models from JEPA architectures, for example—but does not
resolve finer architectural distinctions within paradigms, such as RSSM variants, transformer-based
dynamics encoders, or autoregressive versus diffusion-based neural simulators. The three integration
dimensions (I1-I3) capture the most salient cross-stream patterns but may miss finer-grained
interactions such as energy-aware temporal scheduling or security-conscious sensor fusion.

Validation status: The three novelty claim spaces were identified through structural gap analysis
of the taxonomy matrix rather than validated through primary experiments. Each represents a research
direction inferred from systematic absences in the peer-reviewed literature, not a demonstrated
solution, and their practical utility remains to be tested in deployment contexts.

Cross-domain scope: The survey focuses on the world-model-to-sensor integration axis and
excludes complementary directions—world-model-to-actuator integration, multi-robot coordination,
and sensor-only fusion pipelines—that fall outside the Stream C bridge scope but intersect with the
practical deployment of physical Al systems.

5.2. Future Work

Missing-sensor-data robustness: Formalize sensor-quality-aware world-model architectures that
accept explicit dropout masks, noise distributions, and gap annotations as auxiliary inputs, building
on the failure modes documented in the bridge literature and the missing-data imputation techniques
catalogued in Stream B. A standardized corruption benchmark suite—applying structured degradation
protocols drawn from empirical [oT distributions—would enable systematic comparison across
architectures.

Clock-sync-aware temporal alignment: Develop world-model architectures with variable-
duration prediction heads parameterized by per-sensor timestamp deltas, coupled with uncertainty-
aware temporal fusion layers that combine asynchronous observations while propagating clock-
uncertainty bounds forward. Integration with time-series foundation models capable of handling
irregularly sampled data offers a complementary pathway.

Edge-deployable architectures: Design and systematically benchmark world-model variants
targeting [oT-class hardware—ARM Cortex-M, NVIDIA Jetson Nano, Google Coral TPU—through
architecture search, distillation, and quantization, establishing accuracy-capacity trade-off curves for
specific deployment contexts. JEPA-style latent-space prediction architectures offer a particularly
promising direction for reducing decoder-side parameter counts.

Industrial validation: Apply the three-stream taxonomy to industrial case studies—autonomous
mobile robots in manufacturing, predictive maintenance in smart grids, and environmental monitoring
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networks—to validate the framework’s diagnostic utility and refine the novelty claim spaces against
deployment data. Longitudinal studies tracking world-model performance degradation as sensor
infrastructure ages would provide empirical grounding for the theoretical gap analysis.

Emerging paradigms: Extend the bridge taxonomy to incorporate post-2025 developments,
including embodied large language models for sensor interpretation, neuromorphic world-model
accelerators, and federated world-model training across distributed sensor nodes, as these technologies
generate peer-reviewed evidence and mature beyond proof-of-concept demonstrations.
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