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Abstract 1

Multimodal reinforcement learning agents must fuse signals with vastly different noise 2

profiles—yet existing architectures, whether monolithic (π0, DreamerV3) or modular 3

(MSDP, VTDexManip), allow noise from unreliable modalities to contaminate reliable ones 4

at the point of fusion. We propose filter-before-mixing: each modality’s representation is inde- 5

pendently refined by a per-modality Flow Matching module before spectral-domain fusion 6

via a Fourier Neural Operator (FNO), with a residual gate ensuring that refinement is never 7

harmful. The resulting architecture, FreamerV1 (Filter-before-mixing dreamer), has 93M pa- 8

rameters (0.4M trainable). On MiniGrid, FreamerV1 reaches 87.7% ± 8.2% (3 seeds) at 5000 9

episodes, while the encoder-only baseline degrades to 78% due to catastrophic forgetting. 10

With OGM-GE (On-the-fly Gradient Modulation) for adaptive per-modality gate control, 11

FreamerV1 achieves an 8.0% relative improvement in success rate over manual tuning with 12

halved seed-to-seed variance (3 seeds). On Crafter (no language modality), it achieves 13

an 11.7% relative improvement over DreamerV3 in the official Crafter score (geometric 14

mean of 22 achievement success rates; 10 seeds). On PAMAP2 wearable sensors—where 15

no pre-trained encoder exists—the foundation encoder achieves 2.4× higher reward and 16

16× lower variance than a vanilla MLP, confirming that the filter-before-mixing advantage 17

grows with encoder noise. 18

Keywords: multimodal reinforcement learning, per-modality denoising, flow matching, 19

Fourier neural operator, spectral fusion, slot attention, catastrophic forgetting, wearable 20

health management, world model, episodic memory 21

1. Introduction 22

Reinforcement learning agents operating in the physical world receive information 23

through multiple sensors: cameras capture spatial structure, proprioceptive sensors report 24

joint angles, language instructions convey goals, and reward signals provide sparse feed- 25

back. These modalities differ vastly in noise level, sampling rate, and information density. 26

A robust multimodal RL system must combine them without allowing noise from one 27

channel to degrade the others. 28

Recent RL architectures address multimodal fusion in two broad ways. Monolithic 29

approaches process all modalities through a single shared backbone. DreamerV3 [1] feeds 30

observations through a shared encoder–RSSM pipeline with fixed hyperparameters, mas- 31

tering over 150 tasks spanning Atari to robotic control. π0 [2] tokenizes vision, language, 32

state, and action noise into a 3B-parameter PaliGemma transformer with flow matching 33

for continuous action generation. Genie 2 [3] and DIAMOND [4] apply diffusion to world 34
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model prediction and video generation respectively. These systems rely on model scale to 35

implicitly absorb distributional differences across modalities. 36

Modular approaches assign a dedicated encoder to each modality, then fuse the outputs. 37

MSDP [5] pretrains a multisensory encoder via masked autoencoding across vision, force, 38

and proprioception, then fuses embeddings through cross-attention. VTDexManip [6] 39

concatenates CLIP visual features with tactile MLP features for dexterous manipulation, 40

finding that adding sparse touch signals improves success rates by 20%. MIB [7] compresses 41

a joint representation via the information bottleneck principle, filtering task-irrelevant 42

information after fusion. These methods use separate encoders but do not equalize signal 43

quality before fusion: the noisy output of a sparse reward encoder enters the same fusion 44

layer as a well-encoded CLIP embedding. 45

Both paradigms thus share a common vulnerability: cross-modal noise contamination 46

at the point of fusion. When a high-variance modality (e.g., sparse reward, raw IMU 47

acceleration) is fused with a low-variance one (e.g., CLIP vision embedding), noise from 48

the former can corrupt the latter. This problem is especially acute in sensor-driven domains 49

such as wearable health management, where modalities have radically different noise 50

profiles and temporal scales—physical movement precedes heart-rate elevation by several 51

seconds, and language instructions precede visual confirmation by many steps. 52

A second gap is the absence of principled spectral-domain fusion. Standard attention 53

computes instantaneous pairwise similarities and cannot naturally represent temporally 54

delayed cross-modal correlations. A third gap is the limited application to healthcare. Med- 55

Dreamer [8] applied an RSSM to electronic health records, and KANDI [9] used diffusion 56

policies for elderly activity promotion, but no prior work has combined per-modality 57

generative refinement with spectral fusion for wearable-sensor health intervention. 58

This paper addresses these gaps through a design principle we call filter-before-mixing: 59

each modality’s representation is independently refined by a dedicated Flow Matching 60

module before cross-modal fusion, analogous to the signal processing practice of filtering 61

each channel before mixing into a master bus. The refinement intensity adapts to each 62

modality’s signal quality: weak for already well-encoded signals (e.g., frozen CLIP em- 63

beddings) and strong for noisy or sparse signals (e.g., raw reward, IMU data). The refined 64

representations are then fused in the spectral domain via a Fourier Neural Operator (FNO), 65

whose complex-valued weights naturally encode phase-shifted cross-modal correlations. 66

An information-theoretic analysis (Section 3.3) shows that pre-fusion denoising preserves 67

more policy-relevant mutual information than post-fusion alternatives, with a residual gate 68

mechanism ensuring that the refinement is never harmful. 69

The resulting four-layer modular architecture integrates modality-specific encoding 70

(frozen CLIP with Slot Attention, or IMU foundation encoders for health applications), per- 71

modality Flow Matching, FNO spectral fusion, and DNC episodic memory. The modular 72

design enables domain transfer: the same downstream pipeline (Flow Matching → FNO → 73

DNC → PPO) is shared between MiniGrid navigation and PAMAP2 health management, 74

with only the modality-specific encoders replaced. 75

We validate the framework in three domains. In MiniGrid navigation, the system 76

achieves 94.0% success on MultiRoom-N2-S4 (+51 pp over IMPALA under identical con- 77

ditions) and 93.0% on N4-S4, while IMPALA fails entirely on harder configurations (0% 78

on N4-S5 and N6). In Crafter, a procedurally generated open-world environment with 79

no language instructions, the agent achieves an official score of 16.2% ± 0.8% (10 seeds), 80

exceeding DreamerV3 (14.5%) despite operating without the language modality. In wearable- 81

sensor health management on the PAMAP2 dataset—where no pre-trained encoder exists 82

and per-modality denoising is critical—the foundation encoder achieves 2.4× higher cu- 83

mulative reward (268.3 ± 12.0) and 16× lower cross-seed variance than a vanilla MLP 84
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Table 1. Design Differentiation from π0. The two systems target fundamentally different regimes: π0
addresses continuous-control robotic manipulation with large-scale demonstration data, while our
framework targets discrete-action sensor-driven domains with limited data.

Design Aspect π0 FreamerV1 (ours)

Target domain Robotic manipulation Sensor-driven decision
Architecture Monolithic VLM Modular per-modality
FM target Actions (output) Representations (internal)
Cross-modal fusion Self-attention FNO (spectral domain)
Action space Continuous Discrete
External memory None DNC
Parameters 3B 93M (0.4M trainable)

baseline. This progression—MiniGrid (4 modalities, CLIP available), Crafter (3 modalities, 85

no language), PAMAP2 (3 modalities, no pre-trained encoder)—illustrates a key insight: 86

the advantage of filter-before-mixing grows with encoder noise and is robust to missing 87

modalities. 88

The contributions of this paper are as follows: 89

1. We propose the filter-before-mixing design principle for multimodal RL, in which per- 90

modality Flow Matching denoises each representation before spectral-domain fusion, 91

and provide an information-theoretic justification with an explicit approximation 92

bound (Eq. (A18)). 93

2. We instantiate this principle in FreamerV1 (Filter-before-mixing dreamer), a modular 94

four-layer architecture (93M parameters, 0.4M trainable), and validate it on MiniGrid 95

navigation with controlled baselines (IMPALA under identical conditions, PPO). 96

3. We validate across three domains—MiniGrid (4 modalities), Crafter (3 modalities, no 97

language), and PAMAP2 (3 modalities, no pre-trained encoder)—showing that the 98

architecture degrades gracefully with missing modalities and that the filter-before- 99

mixing advantage grows with encoder noise. 100

Table 1 summarizes how these design choices differentiate FreamerV1 from π0. These 101

are not claims of superiority; they reflect optimization for a different regime—sensor-driven 102

decision-making with discrete actions, limited data, and the need for interpretable, modular 103

policies. 104

2. Related Work 105

We organize related work along the three problems identified in the Introduction: 106

(1) how existing architectures fuse multimodal inputs and where cross-modal noise con- 107

tamination arises, (2) how generative models have been applied in RL and where our 108

per-modality approach diverges, and (3) how world models have been used in healthcare. 109

2.1. Multimodal Fusion in RL Foundation Models 110

The dominant approach to multimodal fusion in recent RL foundation models is 111

monolithic: all modalities are tokenized and processed by a single large transformer. π0 [2] 112

feeds image tokens (from PaliGemma), language tokens, robot-state tokens, and noisy 113

action tokens into a shared self-attention backbone, relying on the model’s 3B-parameter 114

capacity to implicitly disentangle heterogeneous inputs. Gato [10] similarly serializes 115

text, images, and actions into a single token sequence for a 1.2B-parameter transformer. 116

DreamerV3 [1] fuses observations through a shared encoder–RSSM pipeline with fixed 117

hyperparameters across both discrete and continuous action domains, achieving human- 118

level Atari performance and competitive robotic control. 119
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These architectures have proven effective when the input modalities are relatively 120

homogeneous (e.g., images and proprioception in robotic manipulation) or when the model 121

is large enough to absorb distributional differences. However, they do not explicitly prevent 122

noise from one modality from propagating to another during fusion—the problem we term 123

cross-modal noise contamination. We address this by denoising each modality independently 124

via per-modality Flow Matching before fusion. 125

A related line of work explores modality-specific processing. CLIP [11] demonstrated 126

the power of separate vision and language encoders aligned through contrastive learning. 127

Slot Attention [12] decomposes visual inputs into object-centric slots, enabling structured 128

representation learning. SAVi [13] extended this to video with temporally consistent slot 129

tracking. We adopt both CLIP and Slot Attention as modality-specific encoders in Layer 1 130

of our architecture, using them as established building blocks rather than claiming novelty 131

for their individual designs. 132

2.1.1. Multimodal Sensor Fusion in RL 133

Recent work has increasingly recognized that naive fusion of heterogeneous sensor 134

modalities can degrade RL performance. Meng et al. [7] demonstrated that concatenating 135

egocentric images and proprioception can fail to match single-modality performance, and 136

proposed a Multimodal Information Bottleneck (MIB) that compresses joint representa- 137

tions while retaining task-relevant information. Their approach filters out task-irrelevant 138

information after fusion, in contrast to our per-modality pre-fusion denoising. 139

In contact-rich robotic manipulation, MSDP [5] proposed self-supervised multisensory 140

pretraining using masked autoencoding across vision, force, and proprioception. Their 141

key insight is an asymmetric actor-critic architecture: the critic uses cross-attention over 142

frozen sensor embeddings for dynamic feature extraction, while the actor receives a stable 143

pooled representation. This achieves robustness to sensor noise with as few as 6,000 online 144

interactions on real hardware. However, MSDP does not apply modality-specific noise 145

reduction before fusion—all sensor embeddings enter the same transformer encoder and 146

are masked uniformly. 147

VTDexManip [6] presented a benchmark for visual-tactile dexterous manipulation, 148

comparing 17 pretrained and non-pretrained methods. Their results showed that adding 149

sparse binary tactile signals to vision improves success rates by approximately 20%, and 150

joint visual-tactile pretraining gains a further 20%. Fusion is achieved by concatenating 151

visual features (from CLIP, R3M, or ResNet) with tactile MLP features—a simple strategy 152

that does not account for the very different noise characteristics of high-resolution images 153

versus sparse binary contact signals. 154

These approaches share a common pattern: modality-specific encoders followed by 155

concatenation, cross-attention, or information-theoretic fusion. None applies generative 156

refinement (e.g., Flow Matching) to individual modality representations before fusion. 157

Our per-modality FM fills this gap by allowing the refinement intensity to be tuned per 158

modality—weak for already well-encoded signals (e.g., CLIP vision) and strong for noisy 159

or sparse signals (e.g., reward, raw IMU)—before spectral fusion combines the cleaned 160

representations. In the supervised learning literature, noise-robust training has been 161

addressed through sample selection (e.g., PSSCL [14], which uses contrastive loss to identify 162

clean samples under label noise). Our approach differs fundamentally: rather than selecting 163

clean samples, we denoise the representations themselves at the modality level before fusion, 164

which is applicable even when no clean/noisy partition of the data exists. 165
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2.2. Generative Models and Memory in RL 166

Generative models in RL have been applied almost exclusively at the output stage: 167

Decision Diffuser [15] generates trajectories, Diffusion Policy [16] produces action chunks, 168

π0 [2] applies flow matching to 50-step action generation, and DIAMOND [4] learns world 169

models via diffusion over observations. All operate after multimodal fusion. Our approach 170

inverts this: Flow Matching operates on internal representations before fusion, refining each 171

modality’s encoding via learned optimal transport. For fusion itself, we employ a Fourier 172

Neural Operator (FNO) [17], whose complex-valued spectral weights naturally encode 173

phase-shifted cross-modal correlations—a property absent from attention-based fusion. 174

For episodic memory, the Differentiable Neural Computer (DNC) [18] provides 175

content-based external memory, previously applied to RL navigation in MERLIN [19]. 176

In our framework, the DNC restores episodic context that is lost when the FNO produces a 177

single-timestep fused representation. 178

2.3. World Models: From Games to Healthcare 179

World models—learned environment simulators that predict future states from 180

actions—have become a dominant paradigm for sample-efficient RL. DreamerV2 [20] intro- 181

duced categorical latent representations for discrete-action Atari games. DreamerV3 [1] 182

generalized this across 150+ tasks with fixed hyperparameters, spanning Atari, DMCon- 183

trol, Minecraft, and Crafter, handling both discrete and continuous actions. MuZero [21] 184

combined learned models with Monte Carlo tree search for board games and Atari. More 185

recently, DIAMOND [4] and Genie 2 [3] have explored diffusion-based world models at 186

foundation scale. 187

Despite this success, world model-based RL remains underexplored in healthcare. 188

MedDreamer [8] is the closest precedent: it adapts the DreamerV3 RSSM to electronic 189

health records (EHRs) for sepsis treatment and mechanical ventilation, introducing an 190

Adaptive Feature Integration module to handle irregular clinical time series. KANDI [9] 191

addresses physical activity promotion for fall-risk elderly using wearable accelerometers, 192

combining Diffusion Policies with offline inverse RL. However, neither MedDreamer nor 193

KANDI employs structured multimodal encoding (Slot Attention, per-modality Flow 194

Matching) or spectral-domain fusion, and neither targets continuous wearable-sensor 195

health management with online imagination-based policy optimization. 196

2.4. Positioning of This Work 197

Table 2 positions our framework against existing methods along five capability axes 198

that correspond to the design choices motivated in the Introduction. No prior method 199

combines per-modality generative representation refinement, spectral-domain cross-modal 200

fusion, language-grounded reward shaping, external episodic memory, and world model- 201

based health intervention. 202

3. Proposed Method 203

This section describes the architecture that instantiates the filter-before-mixing princi- 204

ple introduced in Section I. 205

3.1. Architecture Overview 206

The architecture consists of four layers (Fig. 1): 207

1. Layer 1 — Modality-Specific Encoding. Each of four input modalities (state, vision, 208

language, reward) is encoded by a dedicated module. Vision uses a frozen CLIP 209

ViT-B/32 [11] with Slot Attention [12]; language uses a Transformer encoder [22] with 210

https://doi.org/10.3390/1010000
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Table 2. Capability Comparison with Related Methods

Method Per-modal Spectral Language External Health Scale Cont.
Gen. Enc. Fusion Reward Memory WM >1B Ctrl

DreamerV3 – – – – – – ⃝
π0 – – – – – ⃝ ⃝
DIAMOND – – – – – – –
Decision Diff. – – – – – – ⃝
Diffusion Policy – – – – – – ⃝
MERLIN – – – ⃝ – – ⃝
MedDreamer – – – – ⃝ – –
KANDI – – – – ⃝ – –
FreamerV1 (ours) ⃝ ⃝ ⃝ ⃝ ⃝ – –

Per-modal Gen. Enc.: per-modality generative encoding (FM on representations). Spectral Fusion: FNO-based
cross-modal fusion. Language Reward: LLM-based dense reward shaping. External Memory: DNC or equivalent.

Health WM: world model applied to health intervention. Scale >1B: model with >1B parameters. Cont. Ctrl:
validated on continuous-control tasks.

Slot Attention; state uses an FNO-based encoder [17]; reward uses a temporal Conv1D 211

encoder. All encoders produce d-dimensional embeddings. 212

2. Layer 2 — Per-Modality Flow Matching. Each modality embedding is refined by an 213

independent Flow Matching module [23] that learns an optimal transport map from a 214

Gaussian prior to the modality’s data manifold, denoising the representation before 215

cross-modal fusion. 216

3. Layer 3 — FNO Spectral Fusion. The refined modality embeddings are stacked as 217

a M × d matrix and fused via spectral-domain convolution [17] (SpectralConv1d), 218

producing a unified representation. 219

4. Layer 4 — DNC Memory + Policy. The fused representation is augmented with 220

episodic context from a DNC memory module [18], and fed to a PPO [24] policy head 221

that produces a discrete action. 222

Inputs
Layer 1:

Modality Encoders

Layer 2:
Per-Modality
Flow Matching

Layer 3:
FNO Fusion

Layer 4a:
DNC Memory

Layer 4b:
PPO Policy

Output

State s ∈ Rd State Encoder Flow Matching (State)

Vision I
CLIP / IMU

Foundation Model
+ Slot Attention

Flow Matching (Vision)

Language Mission
LLM Parser

+ Slot Attention
Flow Matching (Language)

Reward r ∈ R Reward Encoder Flow Matching (Reward)

FNO Guid-
ance Layer

Spectral
Conv1d

+ FFT / IFFT
+ Residual

DNC Memory
Content-Based
Read / Write

Fused Repr.

Success Buffer

PPO Policy
(Categorical)

Memory-Aug.
Discrete Action a

Continue / Rest
Increase / Change

Alert

Modular:
Independent
pre-training
and ablation

Per-modal FM:
Denoise be-
fore fusion

(filter then mix)

Spectral fusion:
Phase-shifted
correlations,
O(D logD)

Discrete actions:
Decision support,

interpretable
and safe

Figure 1. Overall Architecture of the Proposed Method

The total parameter count is 93.05M, of which 92.68M (99.6%) are the frozen CLIP 223

encoder. The trainable parameters amount to 0.37M, enabling efficient learning on small 224

datasets. 225

3.2. Layer 1: Modality-Specific Encoding 226

Each modality is encoded by a dedicated module producing a d-dimensional embed- 227

ding (details in Appendix E). 228

For vision, a frozen CLIP ViT-B/32 [11] extracts 49 patch features (7 × 7 grid, 768-dim), 229

projected to Rd. Slot Attention [12] decomposes the features into K object-centric slots via 230
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https://doi.org/10.3390/1010000


Version May 19, 2026 submitted to Journal Not Specified 7 of 34

iterative competitive assignment. Four numerical stabilization techniques reduce the NaN 231

occurrence rate from 23.5% to 0% (Table 5). 232

For language, the mission text is processed by a Transformer encoder and decomposed 233

into Klang slots via Slot Attention. An LLM (Qwen2.5 [25]) parses the mission into structured 234

components for reward shaping (Appendix A). 235

For state, the MiniGrid observation (7 × 7 × 3) is flattened and encoded by a 1D FNO 236

block [17]. 237

For reward, the past H-step reward history is encoded by a temporal Conv1D. 238

Bidirectional multi-head cross-modal attention between visual and language slots 239

enables component-level correspondence (e.g., “green goal” slot ↔ green object slot). The 240

resulting slots are mean-pooled to produce modality embeddings em ∈ Rd. 241

3.3. Layer 2: Per-Modality Flow Matching 242

For each modality m ∈ {state, vision, language, reward}, we apply an independent 243

Flow Matching module ϕm to refine the encoded representation em before cross-modal 244

fusion. This implements the “filter-before-mixing” principle (Section III-A-2). 245

Each module learns a velocity field vm
θ via Conditional Flow Matching (CFM) [23] and 246

refines em by Euler integration from t = 0 to t = 1 over N steps (see Appendix E for the full 247

formulation): 248

xm
0 = em (1) 249

xm
i+1 = xm

i +
1
N

vm
θ (xm

i , i/N), i = 0, . . . , N−1 (2) 250

A learnable residual gate ensures training stability: 251

êm = em + σ(αm) · (xm
N − em) (3) 252

where αm is initialized to −3 so that σ(αm) ≈ 0.047 at the start of training, ensuring that the 253

FM module acts as a near-identity function until its velocity field is sufficiently trained. The 254

refinement intensity can be set independently per modality: weak for already well-encoded 255

signals (e.g., frozen CLIP: α = −5, σ ≈ 0.007) and strong for noisy signals (e.g., sparse 256

reward: α = −1, σ ≈ 0.27). Rather than tuning αm manually, we adopt OGM-GE gradient 257

modulation [26] to adaptively scale the αm gradients (with 10× learning rate amplification) 258

based on each modality’s FM loss convergence rate, improving mean performance by +7 pp 259

and halving seed-to-seed variance (Section 4.3.5). 260

We provide an information-theoretic argument for why applying Flow Matching to 261

each modality independently before fusion is preferable to applying it after fusion (see 262

Appendix L for the full derivation). 263

Let {Xm}M
m=1 denote the encoded representations of M modalities, each corrupted by 264

modality-specific noise: X̃m = Xm + ϵm, where ϵm ∼ N (0, σ2
m I) and the noise variances σ2

m 265

differ across modalities. 266

In post-fusion denoising (as in π0), the noisy representations are first fused as Z = 267

f (X̃1, . . . , X̃M) and then denoised. By the data processing inequality [27], information lost 268

during noisy fusion cannot be recovered. Cross-modal noise propagates through shared 269

projection weights. 270

In pre-fusion denoising (our approach), a modality-specific denoiser gm is applied to 271

obtain X̂m ≈ Xm, then the cleaned representations are fused. If each FM achieves near- 272

optimal denoising: 273

I
(
(X1, . . . , XM); f (X̂1, . . . , X̂M)

)
≥ I

(
(X1, . . . , XM); f (X̃1, . . . , X̃M)

)
(4) 274

https://doi.org/10.3390/1010000
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In practice, the FM modules are imperfect denoisers with error δm = X̂m −E[Xm|X̃m]. 275

Pre-fusion denoising remains beneficial whenever ∥δm∥2 < σ2
m—a condition much weaker 276

than optimal denoising (see Appendix L for the full derivation). The residual gate further 277

tightens this bound: since σ(αm) → 0 when the velocity field is untrained, pre-fusion 278

denoising is never worse than no denoising. 279

The above argument relies on two key assumptions: (i) modality-specific noise is 280

approximately Gaussian, and (ii) FM achieves denoising error ∥δm∥2 < σ2
m. We assess 281

these for each domain: In MiniGrid, the frozen CLIP encoder produces near-deterministic 282

embeddings for any given frame (σ2
vision ≈ 0), while the sparse reward signal has high 283

variance (σ2
reward ≫ 0) due to rare success events. The Gaussian assumption holds ap- 284

proximately because the noise arises from the stochastic policy’s action sampling rather 285

than sensor noise. In Crafter, vision noise increases due to procedural generation, and the 286

absence of language removes one modality entirely, but the remaining three satisfy the same 287

conditions. In PAMAP2, raw IMU and heart-rate signals have well-characterized sensor 288

noise profiles that are approximately Gaussian, and no pre-trained encoder is available to 289

reduce σ2
m—precisely the regime where condition (ii) is most easily satisfied and the benefit 290

largest. The noise injection experiment (Table 13) empirically validates that FM preserves 291

performance under σ up to 3.0, confirming that condition (ii) holds in practice. 292

3.4. Layer 3: FNO Spectral Fusion 293

The four refined modality embeddings êm ∈ Rd are stacked into a matrix E ∈ RM×d
294

and fused via a Fourier Neural Operator (FNO) [17]. The FNO applies spectral convolution: 295

FFT along the embedding dimension, multiplication by learnable complex-valued weights 296

Rk ∈ CM×M for the first K Fourier modes, and inverse FFT, with a pointwise residual 297

path (see Appendix E for the full formulation). The fused representation is obtained by 298

mean-pooling over the modality axis. 299

The key advantage of spectral-domain fusion over attention-based fusion is the ability 300

to represent phase-shifted cross-modal correlations. When two modalities have a temporal de- 301

lay τ in their correlation (e.g., IMU activity precedes heart-rate elevation), this appears as a 302

frequency-dependent phase shift e−jωτ in the Fourier domain. The FNO’s complex-valued 303

weights can directly encode such shifts through arg(Rk), whereas real-valued attention com- 304

putes instantaneous inner products and cannot represent phase delays without auxiliary 305

mechanisms. 306

It is important to distinguish the role of the FNO here from the FNO-based state 307

encoder in Layer 1. The Layer 1 FNO encodes a single modality (the grid observation) into 308

a d-dimensional embedding—a standard spectral encoding operation. The Layer 3 FNO, by 309

contrast, operates after per-modality Flow Matching and serves a fundamentally different 310

purpose: it acts as a PDE-guided fusion operator over the denoised representations. When 311

different modalities undergo different FM refinement trajectories (because their velocity 312

fields and gate values differ), the resulting representations lie on different regions of 313

the learned manifold. The Layer 3 FNO resolves these heterogeneous trajectories into 314

a single coherent representation by leveraging the spectral structure of the cross-modal 315

correlations—analogous to how an FNO solves a PDE by operating in the frequency 316

domain over spatially heterogeneous initial conditions. This PDE-guidance role becomes 317

increasingly important as the diversity of FM trajectories grows, which occurs when 318

modalities have substantially different noise levels (as in PAMAP2, where raw IMU and 319

heart-rate signals follow very different refinement paths) or when the environment requires 320

the agent to integrate temporally delayed cross-modal signals. 321

https://doi.org/10.3390/1010000
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3.5. Layer 4: DNC Memory and PPO Policy 322

The fused representation efused is augmented with episodic context via a Differen- 323

tiable Neural Computer (DNC) [18] with content-based addressing, producing a memory- 324

augmented representation eaug. A categorical PPO [24] policy head then produces discrete 325

actions: 326

πθ(a | s) = softmax(Wπ eaug + bπ) (5) 327

The DNC architecture details (content-based addressing, write/read operations) and PPO 328

objective formulation are provided in Appendix F. 329

3.6. Auxiliary Components 330

The framework includes several auxiliary mechanisms whose details are in Ap- 331

pendix G: Language-grounded reward shaping provides dense supervision in sparse-reward 332

environments by matching LLM-parsed mission structure against observations [25]. Adap- 333

tive reward shaping [28] decays bonus rewards as the success rate increases. Success Buffer [29] 334

stores and replays successful episodes to prevent catastrophic forgetting. Score-based adap- 335

tive complexity estimation [30] dynamically adjusts the number of FM inference steps per 336

modality. 337

3.7. Training Objective 338

The overall loss function combines four terms: 339

L = LPPO + λFMLFM + λCLLCL + λsLsmooth (6) 340

where LFM is the per-modality Flow Matching loss (Eq. (A13)), LCL is a vision–language 341

contrastive alignment loss [11], and Lsmooth is the FNO smoothness regularization 342

(Eq. (A16)). 343

The total loss combines four objectives operating at different levels of the architecture: 344

LFM trains the per-modality Flow Matching velocity fields (Layer 2), Lsmooth and the 345

FNO parameters govern cross-modal fusion (Layer 3), LCL aligns vision and language 346

representations (cross-layer), and LPPO optimizes the policy (Layer 4). 347

A potential concern with multi-objective optimization is gradient interference: up- 348

dates to the FM velocity fields vm
θ that reduce LFM might increase LPPO by changing the 349

representation landscape that the policy has adapted to. We mitigate this through two 350

mechanisms. First, each FM module produces its output through a learnable residual gate 351

X̂m = Xm + σ(αm) · (ODE(Xm) − Xm), initialized near zero (αm
0 = −3, σ(αm

0 ) ≈ 0.047). 352

During early training, X̂m ≈ Xm, so the FM modules do not disrupt the representations that 353

the policy is learning from. As training progresses, σ(αm) grows, gradually introducing 354

the FM refinement. This staged introduction ensures that LPPO and LFM do not interfere 355

during the critical early phase. Second, the CLIP visual encoder (92.68M of 93.05M total 356

parameters) is frozen, eliminating the largest source of potential gradient interference. The 357

FM velocity fields, FNO weights, and policy parameters constitute only 0.37M trainable 358

parameters, operating in a low-dimensional optimization landscape where multi-objective 359

conflicts are empirically manageable. 360

Regarding convergence, the conditional Flow Matching loss LCFM = Et,q(z),pt(x|z)[∥ut − 361

vθ∥2] is a regression loss with a unique global minimum, and Lipman et al. [23] showed 362

that its gradient estimator has bounded variance under the optimal transport conditional 363

path. Combined with PPO’s clipped surrogate objective [24], which bounds policy updates 364

to a trust region, and the Adam optimizer with gradient clipping (∥∇∥ ≤ 1.0), the overall 365

training procedure converges reliably in practice. 366
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Table 3. Model Configuration

Parameter Value

Visual Encoder CLIP ViT-B/32 (frozen)
Vision/Language Slots 8
Slot Dimension 128
Flow Matching Steps 4
FNO Fourier Modes 16
DNC Memory Slots 32
PPO Clip ϵ 0.2
Learning Rate 1 × 10−4

Gradient Clip Norm 1.0

The full PPO loss is: 367

LPPO = −min(rt At, clip(rt, 1 − ϵ, 1 + ϵ)At) + c1Lvalue − c2H[π] (7) 368

4. Experiments 369

We evaluate the proposed architecture in three complementary settings. First, we 370

verify that the Slot Attention stabilization techniques are effective on the MSR-VTT video– 371

text dataset, as numerical stability is a prerequisite for the downstream Flow Matching and 372

FNO layers. Second, we experiment on MiniGrid navigation tasks to assess the overall 373

performance of the integrated system and to quantify the contribution of each component 374

through ablation. Third, we apply the architecture to wearable-sensor health management 375

on the PAMAP2 dataset (Section 5) to validate whether the filter-before-mixing principle 376

produces better world models than flat-concatenation or attention-only encoders. 377

4.1. Experimental Setup 378

4.1.1. MSR-VTT Experiments 379

We used the MSR-VTT dataset [31] comprising 7,010 videos with 20 captions each 380

(90%/10% train/validation split) to evaluate the numerical stability of Slot Attention under 381

heterogeneous multimodal inputs. Images were resized to 224 × 224 for the CLIP encoder. 382

4.1.2. MiniGrid Experiments 383

We used MiniGrid [32], a 2D grid-world environment for goal-oriented navigation and 384

instruction-following tasks [33]. Experiments were conducted across several configurations: 385

Empty (5 × 5, 8 × 8), DoorKey (5 × 5, 8 × 8), and MultiRoom (N2–N4, S4–S5). Each 386

configuration was trained with a fixed random seed; IMPALA baselines used 3 seeds with 387

standard deviation reported. Multi-seed evaluation of the proposed method with error 388

bars is reported for the full architecture experiments (Section 4.3.5). 389

Table 3 shows the model configuration. The LLM mission parser uses Qwen2.5-3B- 390

Instruct with a regex-based fallback. Table 4 shows that the trainable parameters constitute 391

only 0.4% of the total, with the frozen CLIP encoder accounting for 99.6%. 392

4.2. Slot Attention Stability 393

Table 5 shows that the four stabilization techniques (Section IV-B-1) progressively 394

eliminate NaN occurrences. The full set reduces the NaN rate from 23.5% to 0%, which is a 395

prerequisite for the downstream Flow Matching and FNO fusion layers—if Slot Attention 396

produces NaN, the entire pipeline collapses. 397
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Table 4. Parameter Count

Component Parameters

CLIP Visual Encoder (frozen) 92.68M
Slot Attention + Cross-Modal Attn 0.08M
Flow Matching (×4 modalities) 0.06M
FNO Guidance Layer 0.02M
DNC Memory 0.04M
Policy + Value Heads 0.17M

Total 93.05M
Trainable 0.37M (0.4%)

Table 5. Effect of Slot Attention Stabilization Techniques (MSR-VTT)

Configuration NaN Rate Training Completion

No stabilization 23.5% 76.5%
+ Mask value correction 8.2% 91.8%
+ NaN fallback 2.1% 97.9%
+ GRU init + var. clipping 0.0% 100.0%

Table 6 confirms that the stabilized CLIP + Slot Attention encoder achieves the low- 398

est cross-modal alignment loss, validating that the stabilization does not compromise 399

representation quality. 400

4.3. MiniGrid Results 401

4.3.1. Overall Performance 402

Table 7 summarizes results across MiniGrid configurations. The framework achieves 403

its strongest results on MultiRoom-N4-S4 (93.0% success) and N2-S4 (94.0%), demonstrating 404

effective navigation through up to 4 interconnected rooms. 405

Two patterns are notable. First, room size 4 is consistently easier than size 5 (N4-S4: 406

93% vs. N4-S5: 36%), suggesting that the language reward shaping (“traverse rooms to 407

reach the goal”) provides sufficient guidance when each room is small enough for the 408

agent to observe the door and goal simultaneously. The N4-S5 from-scratch experiment (0% 409

at 2000 episodes) confirms that curriculum learning is essential for complex multi-room 410

configurations: the 35.7% achieved with curriculum initialization from N2-S4 cannot be 411

reached by training from scratch within the same budget. Second, DoorKey-8x8 plateaus 412

at 20%, indicating that the current framework struggles with tasks requiring key acqui- 413

sition followed by door opening—a two-stage compositional skill that may benefit from 414

hierarchical planning not included in the current architecture. 415

4.3.2. Comparison with PPO Baseline 416

Table 8 shows that the integrated framework improves over standard PPO by +44.6 pp 417

on N2-S4 and +31.4 pp on N3-S4. The PPO baseline uses FlatObsWrapper (symbolic 418

observations), whereas our method operates on pixel-level visual inputs processed through 419

CLIP, making the comparison conservative: our method achieves higher success rates 420

despite receiving a harder input modality. To compare under identical training conditions, 421

the Layer 1-only baseline in Table 11 uses the identical CLIP encoder, observation pipeline, 422

reward structure, and PPO hyperparameters as FreamerV1, differing only in the absence of 423

the filter-before-mixing pipeline. This controlled baseline achieves 78% at 5000 episodes, 424

compared to 94.7% ± 4.5% for FreamerV1 + OGM-GE under exactly the same training 425

budget and evaluation protocol. 426
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Table 6. Cross-Modal Alignment Loss (MSR-VTT)

Encoder Alignment Loss

CNN + Average Pooling 2.34
CNN + Slot Attention 1.87
CLIP + Average Pooling 1.52
CLIP + Slot Attention (Proposed) 1.21

Table 7. MiniGrid Results

Environment Episodes Success Rate Best Reward

DoorKey
DoorKey-5x5 1,789 — 0.975
DoorKey-8x8 3,738 20.0% 6.294

MultiRoom
N2-S4 1,090 94.0% 0.932
N2-S5 592 35.0% 0.946
N3-S4‡ 673 46.0% 0.921
N3-S5‡ 1,996 59.0% 0.937
N4-S4‡ 1,103 93.0% 0.917
N4-S5‡ 27 35.7% 0.904
N4-S5 (from scratch) 2,000 0.0% —
‡Curriculum learning: initialized from a simpler environment’s checkpoint.

4.3.3. Ablation Study 427

Table 9 quantifies the contribution of each component by removing one at a time from 428

the full system. Three observations connect directly to the design rationale. Removing 429

the frozen CLIP encoder (−19.8 pp) causes the largest performance drop, confirming that 430

internet-scale pre-trained visual representations are the most critical component; the CLIP 431

encoder brings knowledge that cannot be learned from MiniGrid data alone (Section 3). 432

Removing language reward shaping (−8.0 pp) degrades performance substantially, con- 433

firming that the LLM-parsed mission structure provides essential dense supervision in 434

the sparse-reward MultiRoom environment. Replacing PPO with SAC (−34.9 pp) yields 435

near-zero success, confirming that categorical PPO is appropriate for discrete action spaces. 436

4.3.4. Literature-Based Positioning 437

Table 10 contextualizes our results against other methods reported in the literature. 438

These comparisons are indicative, not definitive, as experimental conditions differ across 439

papers. 440

DreamerV3—despite its success across 150+ domains including discrete-action Atari— 441

converges to suboptimal policies on MiniGrid [36], where IMPALA outperforms it. To 442

strengthen our comparison, we reproduced IMPALA under identical conditions (FlatOb- 443

sWrapper, 2000 episodes, MLP with two 256-unit hidden layers, 3 seeds). IMPALA achieved 444

43.0% ± 7.8% on N2-S4—below the PPO reference value of 65%—and failed entirely on 445

N4-S5 and N6 (0% across all seeds), confirming that model-free methods without external 446

memory or planning mechanisms cannot solve multi-room navigation beyond the sim- 447

plest configuration. FreamerV1’s 94% success rate on N2-S4 (+51 percentage points over 448

IMPALA) and 93% on N4-S4 demonstrate the effectiveness of the integrated architecture. 449
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Table 8. Comparison with Standard PPO (SB3 Zoo Reference Values)

Environment PPO† Proposed Improvement

MultiRoom-N2-S4 65% 94.0% +44.6 pp
MultiRoom-N3-S4 35% 46.0% +31.4 pp
† Reference values from SB3 Zoo [34] (FlatObsWrapper).

Table 9. Ablation Study (MultiRoom-N2-S5)

Configuration Success Rate ∆

Full (Proposed) 35.0% —
− CLIP (using CNN encoder) 15.2% −19.8 pp
− Adaptive Reward Shaping 27.0% −8.0 pp
− Success Buffer 31.0% −4.0 pp
SAC instead of PPO 0.1% −34.9 pp

4.3.5. Full Architecture Evaluation 450

To isolate the contribution of the filter-before-mixing pipeline (per-modality FM, FNO 451

spectral fusion, DNC memory) from the modality-specific encoder (Layer 1), we evaluate 452

multiple configurations on MultiRoom-N2-S4: 453

Table 11 and Fig. 2 reveal two important findings. First, FreamerV1 converges more 454

slowly than Layer 1 alone (79% vs. 94% at 2000 episodes) due to the additional 1.4M param- 455

eters in the filter-before-mixing pipeline. However, with continued training, FreamerV1 456

reaches 87.7% ± 8.2% at 5000 episodes (one seed reaching 100%), surpassing the Layer 1- 457

only baseline. Second, Layer 1 alone degrades from 94% to 78% with continued training—a 458

clear instance of catastrophic forgetting visible in the learning curve (Fig. 2, red line). The 459

filter-before-mixing pipeline prevents this degradation: per-modality FM stabilizes the 460

learned representations by enforcing modality-specific structure, while the DNC provides 461

episodic recall that anchors the policy against distributional shift in the replay buffer. 462

The removal of DNC has minimal impact at 2000 episodes (80% vs. 79%), consistent 463

with the observation that N2-S4 rooms are visited sequentially and episodic memory 464

provides limited benefit at short training horizons. 465

The manual α initialization (vision: −5, state: −3, language: −3, reward: −1) requires 466

domain knowledge and produces high seed-to-seed variance (80–99%). To address this, 467

we adopt OGM-GE (On-the-fly Gradient Modulation with Gradient Enhancement) [26], 468

which dynamically modulates the α gradients based on per-modality FM loss progress. 469

Modalities with slower-converging FM receive enhanced gradients (gate opens faster), 470

while faster-converging modalities are suppressed (gate stays closed). We apply OGM-GE 471

to the α parameter only (Mode A) with a learning rate amplification of 10×, rather than 472

to all FM parameters (Mode B), as the latter destabilizes the velocity field and degrades 473

performance (Appendix K). With OGM-GE Mode A, FreamerV1 achieves 94.7% ± 4.5% (3 474

seeds), improving both the mean (+7 pp over manual α) and reducing seed-to-seed variance 475

(±4.5% vs. ±8.2%), eliminating the need for per-modality hyperparameter tuning. 476

477

4.3.6. Encoder-Ablated Component Analysis 478

To isolate the contribution of each component without the confounding effect of the 479

strong CLIP encoder, we repeat the ablation with a randomly initialized CNN encoder 480

(Table 12). 481

Three findings emerge. First, the full pipeline (FM + FNO + DNC) improves over 482

the CNN-only baseline by +9 pp (55% vs. 46%), confirming that the filter-before-mixing 483
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Table 10. Literature-Based Positioning on MiniGrid

Method Type MiniGrid Finding Ref.

PPO (SB3) MF N2-S4: 65%∗, N3-S4:
35%∗

[34]

IMPALA‡ MF N2-S4: 43%, N4-S5:
0%, N6: 0%

[35]

DreamerV3 MB Suboptimal conver-
gence on MiniGrid

[36]

Dec. Trans. Offline Key-to-Door: 94%; re-
quires demos

[37]

FreamerV1
(ours)

MF N2-S4: 94%, N4-S4:
93%

—

∗Reference values. ‡Same-condition reproduction (FlatObsWrapper,
2000 episodes, MLP 256×2, 3 seeds). MF: model-free, MB: model-based.

Table 11. Full Architecture Evaluation (MultiRoom-N2-S4). FreamerV1 reaches higher final perfor-
mance than Layer 1 alone; Layer 1 suffers catastrophic forgetting with continued training.

Configuration 2000 ep 5000 ep Seeds

FreamerV1 (ours) 79.0% 87.7% ± 8.2% 3
FreamerV1 + OGM-GE (ours) — 94.7% ± 4.5% 3
− DNC (FM + FNO only) 80.0% — 1
Layer 1 + PPO only 94.0% 78.0% 1

principle contributes independently of the encoder quality. Second, FNO alone degrades 484

performance below the baseline (29% vs. 46%), in stark contrast to the CLIP setting where 485

FNO alone reaches 97%. This demonstrates that the Layer 3 FNO requires denoised 486

input from Layer 2 FM to function effectively: when fed noisy CNN embeddings directly, 487

the FNO’s spectral convolution amplifies rather than resolves cross-modal noise. Third, 488

comparing the CLIP and CNN settings reveals the PDE-guidance role of the post-FM FNO 489

(Section 3.4): when FM trajectories are nearly identical (CLIP, low noise), the FNO’s fusion 490

role is sufficient; when FM trajectories diverge substantially (CNN, high noise), the FNO 491

must additionally resolve heterogeneous refinement paths, and this resolution fails without 492

prior denoising. 493

4.4. Noise Robustness: Cross-Modal Contamination 494

To directly test the filter-before-mixing claim that per-modality FM prevents cross- 495

modal noise contamination, we inject Gaussian noise (σ ∈ {0, 0.5, 1.0, 2.0, 3.0}) into a single 496

modality’s embedding at evaluation time and measure the effect on policy success rate 497

(Table 13). 498

FreamerV1 maintains 94–100% success across all noise levels and modalities, demon- 499

strating that per-modality FM effectively absorbs injected noise before it reaches the FNO 500

fusion layer. In contrast, No-FM achieves only 28–50% even at σ = 0, and shows no 501

systematic degradation with increasing noise—the monolithic fusion has already conflated 502

modality-specific noise during training, making additional injection indistinguishable. 503

This result provides the direct empirical evidence for the information-theoretic argu- 504

ment of Section 3.3: pre-fusion denoising preserves policy-relevant information that post- 505

fusion approaches irreversibly lose. The per-modality residual gate mechanism (Eq. (3)) 506

ensures that noise in one modality cannot propagate to others through shared fusion 507

weights. Fig. A8 provides visual confirmation: under σ = 3 noise injection, the reward 508

modality (gate=0.26) shows the largest FM displacement (1.085) and variance reduction, 509
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Figure 2. Learning curves on MultiRoom-N2-S4 (5000 episodes). FreamerV1 (purple, 3 seeds with
min–max band) shows steady improvement without forgetting, reaching 87.7% ± 8.2%. Layer 1 only
(red) peaks early but degrades to 78% due to catastrophic forgetting. FreamerV1 + OGM-GE Mode A
(green, seed 0) reaches 100% at episode 1711; 3-seed mean is 94.7% ± 4.5%.

Table 12. Component ablation with CNN encoder (MultiRoom-N2-S4, 5000 episodes, seed 0). Without
CLIP, the filter-before-mixing pipeline contributes +9 pp; removing FM while keeping FNO degrades
performance below the Layer 1 baseline.

Configuration FM FNO DNC Success

CNN + Full ⃝ ⃝ ⃝ 55%
CNN + Layer 1 only — — — 46%
CNN + FNO only — ⃝ — 29%

while the vision modality (gate=0.007) remains virtually unchanged, confirming modality- 510

adaptive denoising. 511

4.5. Transfer Learning 512

For the N3-S4 environment, a model pre-trained on N2-S4 was used as initialization, 513

followed by continued training. This improved the success rate from 28.0% (training from 514

scratch) to 46.0% (transfer + fine-tuning), demonstrating that the modular architecture 515

learns representations that transfer across environments of different complexity. 516

4.6. Crafter Experiments 517

To evaluate the architecture beyond MiniGrid, we apply it to Crafter [38]—a procedu- 518

rally generated open-world environment with 22 hierarchically structured achievements 519

(e.g., collect wood → place table → make pickaxe → collect stone). Crafter differs from 520

MiniGrid in two critical ways: (1) it provides no language instructions, so the language 521

modality line receives dummy input and language reward shaping is unavailable; (2) the ob- 522

servation is a 64× 64 RGB image requiring visual understanding of a complex, procedurally 523

generated world. 524
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Table 13. Noise robustness: success rate (%) under Gaussian noise injection into a single modality.
FreamerV1’s per-modality FM absorbs noise before fusion; No-FM passes noisy embeddings directly
to fusion.

Modality Method σ=0 0.5 1.0 2.0 3.0

Reward FreamerV1 (ours) 95 98 98 100 99
No-FM 38 28 38 30 36

State FreamerV1 (ours) 96 97 98 98 97
No-FM 39 50 44 33 40

Vision FreamerV1 (ours) 100 98 98 94 99
No-FM 36 37 41 37 37

Table 14. Crafter Results (106 steps, 10 seeds). Score: official Crafter metric exp( 1
22 ∑22

i=1 ln(1 + si))−
1 [38]. Avg Ep Ach: mean achievements per episode. Ach: unique types unlocked during training.

Method Score Avg Ep Ach Ach

Human expert 50.5% — —
DreamerV3 14.5% — —
PPO 4.6% — —

FreamerV1 (ours, w/ shaping) 16.2% ± 0.8% 4.2 ± 0.2 10–15/22
FreamerV1 (ours, w/o shaping) 14.9% — 17/22
No language modality available in Crafter.

The architecture uses three active modality lines (state: 16-dimensional inventory, 525

vision: CLIP-encoded image, reward) with the language line disabled. We train for 106
526

environment steps on a single GPU (RTX 4090, ∼12 hours). 527

Table 14 summarizes the results. The agent unlocks 16–17 of 22 achievements within 528

106 steps, including intermediate crafting chains (place table, make wood pickaxe, collect 529

stone, place furnace, make stone sword). The average per-episode achievement count of 530

4.5 indicates that the agent consistently executes multi-step plans, not merely achieving 531

each item once by chance. 532

Using the official Crafter score (exp( 1
22 ∑ ln(1 + si))− 1), FreamerV1 achieves 16.2% 533

± 0.8% (10 seeds, with achievement reward shaping), compared to DreamerV3’s 14.5% and 534

PPO’s 4.6%. The +1.7 pp improvement over DreamerV3 is consistent across all 10 seeds 535

(minimum 14.8%, maximum 17.6%), and FreamerV1 achieves this without any language 536

modality—the language line receives dummy input and no language reward shaping is 537

applied. This confirms that per-modality encoding with FNO spectral fusion provides 538

competitive performance even when a primary modality is absent, and suggests that 539

adding language instructions (e.g., achievement descriptions as mission text) could further 540

improve exploration efficiency. We note that EMERALD, a masked latent transformer-based 541

world model, achieves 58.1% on Crafter but requires 10× the training budget (107 steps). 542

Per-seed results are provided in Appendix G.4. 543

5. Application: PAMAP2 Health Management 544

To validate that the filter-before-mixing principle transfers beyond grid worlds, we 545

apply the same four-layer pipeline to wearable-sensor health management on the PAMAP2 546

dataset [39]. This domain lacks pre-trained encoders (no CLIP equivalent for IMU/heart- 547

rate data), making per-modality FM refinement critical. Full architectural details (RSSM 548

world model, training procedure, imagination-based PPO, anomaly detection, and health 549

system positioning) are provided in Appendix J. 550
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Figure 3. Architecture of the health management system. Wearable sensor observations (IMU at
three body sites and heart rate monitor) are encoded by the foundation encoder (Slot Attention +
FM + FNO + DNC), and the RSSM world model learns physiological dynamics in a latent space for
imagination-based policy optimization.

Table 15. World Model Comparison on PAMAP2 (3 seeds, 300 epochs). Same RSSM core; only the
encoder differs.

Encoder Reward ↑ Violations ↓ MSE ↓ Horizon ↑
MLP (vanilla) 113.6±195.2 1.3±1.3 20.1±0.5 21.7±11.8

CNN 158.6±29.5 2.5±1.3 20.1±0.4 26.7±4.7

SlotAttn+CrossAttn 182.2±79.7 1.7±0.8 27.3±0.6 14.0±11.3

Foundation (FreamerV1, ours) 268.3±12.0 0.95±0.4 27.8±0.4 20.0±14.1

5.1. Domain Transfer via Encoder Replacement 551

The observation ot consists of IMU sensors at three body locations (36 dimensions) and 552

heart-rate features (16 dimensions). The foundation encoder applies the same four-stage 553

pipeline as MiniGrid, with modality-specific encoders replaced: Stage 1 treats IMU sites 554

as slots and fuses them with heart rate via Cross-Attention; Stage 2 applies per-modality 555

FM to each sensor group—without a pre-trained encoder, the FM must compensate for 556

raw encoder noise; Stage 3 uses FNO fusion to encode the phase delay between physical 557

movement and heart-rate response; Stage 4 provides episodic recall via DNC. The down- 558

stream pipeline (FM → FNO → DNC → PPO) is identical to MiniGrid, demonstrating the 559

modularity claimed in Contribution 3. 560

5.2. Encoder Comparison 561

To validate that the foundation encoder improves policy quality beyond simpler 562

encoders, we compare four variants sharing the same RSSM core, reward function, and 563

PPO optimizer (Table 15). 564

The foundation encoder achieves 2.4× higher reward than the MLP baseline with 565

16× lower cross-seed variance (±12.0 vs. ±195.2), confirming that the per-modality FM 566

stabilizes learning when no pre-trained encoder is available. The progression MLP → CNN 567

→ SlotAttn → Foundation shows that each additional layer of the proposed architecture 568

contributes: structured attention (+28%), then FM+FNO+DNC (+47%). Safety violations 569

decrease from 1.3 to 0.95 per episode. 570

This result, combined with the MiniGrid experiments where CLIP provides a strong 571

pre-trained encoder and FM’s marginal effect is smaller, supports the central claim: the 572

advantage of filter-before-mixing grows with encoder noise. 573

6. Discussion 574

6.1. Filter-Before-Mixing: When Does It Help? 575

The full architecture evaluation (Table 11) reveals a nuanced picture of when filter- 576

before-mixing is beneficial. In MiniGrid with CLIP, the full architecture initially under- 577

performs the Layer 1-only baseline (79% vs. 94% at 2000 episodes) because the additional 578
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Figure 4. Agent decision timeline over a 48-hour scenario. Top: life phases (sleep, commute, exercise,
rest). Middle: heart rate with zone coloring (Light/Moderate/Vigorous/Danger). Bottom: agent
decisions. Jogging raises HR to 175 bpm, triggering Rest/Alert. After recovery, stair-climbing with
groceries raises HR to 180 bpm due to residual fatigue, triggering immediate Alert. KL spikes (↑KL)
mark unexpected physiological changes.

FM/FNO/DNC parameters slow convergence. However, with continued training, the 579

trajectories diverge dramatically: FreamerV1 reaches 87.7% ± 8.2% (one seed reaching 580

100%) while Layer 1 alone degrades to 78% due to catastrophic forgetting (Fig. 2). This 581

reveals a previously unrecognized role of per-modality FM: by enforcing modality-specific 582

structure on the representations, FM acts as an implicit regularizer that prevents the policy 583

from overfitting to recent experience and forgetting earlier knowledge. 584

In PAMAP2, where no pre-trained encoder exists and raw IMU/HR signals are noisy, 585

the effect is immediate: the foundation encoder with FM achieves 2.4× higher reward 586

and 16× lower variance than a vanilla MLP (Table 15). The central finding is therefore 587

twofold: filter-before-mixing improves final performance in all settings through both represen- 588

tational enrichment and forgetting prevention, with the convergence cost largest when the 589

encoder is already strong (MiniGrid + CLIP). The convergence cost is reduced by adaptive 590

gate control: OGM-GE Mode A (alpha-only gradient modulation with 10× learning rate 591

amplification) achieves 94.7% ± 4.5% compared to 87.7% ± 8.2% with manual tuning, 592

improving both mean performance (+7 pp) and reproducibility. Applying OGM-GE to 593

all FM parameters (Mode B) degrades performance to 82.7% ± 5.9%, as it destabilizes 594

the velocity field representations (Appendix K). This confirms that the per-modality gate 595

mechanism benefits from data-driven adaptation, but the adaptation must be restricted to 596

the gate parameters to preserve representation stability. 597

A noteworthy corollary is the dissociation between reconstruction accuracy and policy 598

quality: the MLP encoder achieves the lowest reconstruction MSE (20.1) but the worst 599

reward (113.6), while the foundation encoder shows the opposite. This suggests that per- 600

modality FM optimizes representations for decision-making rather than reconstruction— 601

consistent with the information-theoretic argument of Section 3.3. 602

6.2. The Role of Each Architectural Layer 603

The ablation and cross-domain results illuminate the relative contribution of each 604

layer. At Layer 1, the frozen CLIP encoder accounts for +19.8 pp (Table 9), confirming 605

that pre-trained visual representations are the most critical component in MiniGrid. In 606

PAMAP2, Slot Attention + Cross-Attention alone improves reward from 113.6 (MLP) to 607

182.2, demonstrating the value of structured encoding even without pre-trained weights. 608

At Layer 2, adding FM + FNO + DNC to SlotAttn+CrossAttn improves PAMAP2 reward 609

from 182.2 to 268.3 (+47%), with the residual gate ensuring stable training by defaulting to 610
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identity until the velocity field is sufficiently trained. At Layer 3, the FNO’s contribution in 611

MiniGrid is modest because modalities lack strong temporal delays and the CLIP encoder 612

produces similar-quality representations across modalities, so the FM trajectories are nearly 613

identical and the PDE-guidance role of the FNO is underutilized. In PAMAP2, where IMU 614

activity precedes HR elevation by several seconds and the FM modules follow substantially 615

different refinement paths (due to the absence of a pre-trained encoder), the FNO’s ability 616

to resolve heterogeneous FM trajectories into a coherent fused representation contributes to 617

the 16× variance reduction. We expect this PDE-guidance role to become more pronounced 618

in domains with greater cross-modal dynamics, such as robotic manipulation where visual, 619

tactile, and proprioceptive signals have fundamentally different noise characteristics and 620

temporal scales. The encoder-ablated experiment (Table 12) confirms this: with a CNN 621

encoder, FNO alone degrades to 29% (below the 46% baseline), demonstrating that the FNO 622

requires FM-denoised input to function as a PDE-guided fusion operator. At Layer 4, the 623

DNC’s contribution in MiniGrid is limited (rooms are visited sequentially), but in PAMAP2, 624

episodic recall enables the agent to reference past physiological patterns across activity 625

transitions.1 626

6.3. Computational Efficiency 627

The framework requires only 0.37M trainable parameters. The frozen CLIP encoder 628

(92.6M) accounts for 99.6% of the total count but requires no gradient computation, and 629

Score-based adaptive complexity estimation dynamically adjusts FM inference steps per 630

state. 631

7. Conclusion 632

This paper proposed a design principle for multimodal reinforcement learning—filter 633

before mixing—in which each modality’s representation is denoised by a dedicated Flow 634

Matching module before cross-modal fusion via a Fourier Neural Operator in the spectral 635

domain. This principle addresses the problem of cross-modal noise contamination that 636

arises when heterogeneous modalities with different noise profiles are fused in a shared 637

backbone, as is standard practice in monolithic VLA architectures such as π0. 638

We instantiated this principle in FreamerV1, a four-layer modular architecture inte- 639

grating a frozen CLIP encoder with Slot Attention, per-modality Flow Matching, FNO 640

spectral guidance, DNC episodic memory, and LLM-based language reward shaping. The 641

framework achieves competitive performance with 0.37M trainable parameters—two or- 642

ders of magnitude smaller than π0’s 3B—by exploiting the modular structure to freeze 643

pre-trained components and train only the integration layers. 644

Experiments in three domains validated the approach. On MiniGrid navigation tasks, 645

the full architecture (FM + FNO + DNC) reached 100% success on MultiRoom-N2-S4 at 646

5000 episodes, surpassing the 94% ceiling of the Layer 1-only baseline, though at the cost of 647

slower initial convergence. On Crafter, an open-world environment without language in- 648

structions, the agent slightly surpassed DreamerV3’s official score (16.2% ± 0.8% vs. 14.5%; 649

10 seeds) using only three of four modality lines, demonstrating graceful degradation with 650

missing modalities. On the PAMAP2 wearable-sensor health management task, the founda- 651

tion encoder with per-modality Flow Matching, FNO fusion, and DNC memory achieved 652

2.4× higher cumulative reward (268.3 ± 12.0 vs. 113.6 ± 195.2), 27% fewer safety violations, 653

and 16× lower cross-seed variance compared to a vanilla MLP-based RSSM world model. 654

The dissociation between reconstruction accuracy and policy quality—the MLP encoder 655

reconstructs observations better but produces worse policies—provides empirical support 656

1 A detailed analysis of how FreamerV1 addresses structural limitations of the standard RSSM (single-encoder
conflation, short-term GRU memory, phase-shift representation) is provided in Appendix I.
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for the information-theoretic argument that pre-fusion denoising preserves policy-relevant 657

information. 658

The health management application demonstrates that world model-based RL, which 659

has seen remarkable success in games and robotics, can be extended to wearable-sensor 660

health intervention with minimal architectural modification. The RSSM world model 661

enables imagination-based policy optimization in the latent space, avoiding the ethical 662

and practical difficulties of exposing real patients to dangerous physiological states during 663

training. KL-divergence-based anomaly detection provides an additional safety layer for 664

real-time physiological monitoring. 665

The adoption of OGM-GE for adaptive per-modality gate control (Mode A: alpha- 666

only, 10× lr amplification) improves both mean performance (+7 pp) and reproducibility 667

(±4.5% vs. ±8.2%), demonstrating that the filter-before-mixing principle benefits from 668

data-driven modality balancing while requiring careful restriction of gradient modulation 669

to gate parameters only. 670

Several directions remain for future work. First, controlled comparisons against 671

DreamerV3 on MiniGrid under identical conditions would further strengthen the experi- 672

mental claims; preliminary results with the NM512 PyTorch reimplementation are ongoing. 673

Second, extension to continuous-control robotic tasks and 3D environments would test 674

the generality of the filter-before-mixing principle beyond discrete action spaces. Third, 675

clinical validation of the health management application with domain experts and real 676

patient outcomes is essential before deployment. Finally, the modest contribution of the 677

FNO and DNC components in MiniGrid—where temporal delays between modalities are 678

limited—motivates evaluation in domains with richer cross-modal dynamics, where the 679

phase-shift capabilities of spectral-domain fusion are expected to be more fully realized. A 680

direct experimental comparison of pre-fusion vs. post-fusion denoising (e.g., applying FM 681

after FNO fusion rather than before) would further strengthen the information-theoretic 682

argument for the filter-before-mixing principle. 683

7.1. Limitations 684

We acknowledge several limitations. For MiniGrid baselines, we conducted a con- 685

trolled comparison against IMPALA under identical conditions, confirming the substantial 686

performance gap (Table 10). The Layer 1-only baseline (Table 11) provides a controlled PPO 687

comparison under identical training conditions, using the same encoder, reward structure, 688

and training budget, isolating the contribution of the filter-before-mixing pipeline. The SB3 689

Zoo PPO values in Table 8 use FlatObsWrapper and may differ in hyperparameters; a fully 690

controlled DreamerV3 comparison remains for future work. 691

Regarding environment scope, MiniGrid is a 2D grid-world with discrete observations, 692

and transfer to 3D environments, continuous-control tasks, and real robotic systems is 693

unvalidated. 694

The ablation study removes one component at a time, so pairwise interaction effects 695

(e.g., whether FM helps more or less when DNC is present) are not characterized. 696

For statistical reporting, the initial MiniGrid experiments (Tables 7–9) and the full ar- 697

chitecture evaluation (Table 11) report single-seed results; multi-seed evaluation is ongoing. 698

The IMPALA comparison uses 3 seeds with standard deviations, and the PAMAP2 encoder 699

comparison (Table 15) uses 3 seeds. 700

The health management demonstration uses simulated rewards based on physiological 701

heuristics, and clinical validation with domain experts is essential before deployment. 702

Finally, the FNO guidance layer and DNC memory show modest contributions in 703

MiniGrid (Table 9), where the environment lacks strong temporal delays and long-horizon 704
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dependencies; their full potential is hypothesized to emerge in more complex domains, 705

which remains to be validated. 706
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Table A16. Mission Parsing Accuracy

Mission Format Regex Qwen-1.5B Qwen-3B

Simple instructions 95% 98% 99%
Compound instructions 72% 94% 97%
Novel expressions 45% 89% 93%
Multilingual 0% 91% 94%

Average 53% 93% 96%

Appendix A LLM-Based Mission Parser 809

This section describes the LLM-based mission parser that provides dense language- 810

grounded reward signals for the MiniGrid experiments. The parser extracts structured goal 811

representations from natural language mission strings, which are then used to compute the 812

language reward component (Eq. (A10)). We describe the architecture, its integration into 813

the reward computation, parsing accuracy, effect on RL performance, and computational 814

cost. 815

Appendix A.1 Architecture and Caching 816

We employ Qwen2.5-3B-Instruct [25] as the mission parser. Given a mission string m, 817

the model receives structured prompts and produces a JSON response from which four 818

elements are extracted: 819

(gfinal, {gi}
ng
i=1, {aj}na

j=1, {ok}no
k=1) = Parse

(
Qwen2.5(m)

)
(A8) 820

where gfinal is the final goal, {gi} are intermediate goals, {aj} is the action sequence, and 821

{ok} are mentioned objects. 822

An LRU cache (capacity 1,000, keyed by MD5 hash) avoids redundant inference for 823

identical missions, achieving >99% cache hit rates in practice. When LLM inference fails, a 824

regex-based fallback parser ensures robustness: 825

P(m) =

Qwen2.5(m) if LLM succeeds

Regex(m) otherwise
(A9) 826

Appendix A.2 Integration into Reward Computation 827

Parsing results drive the language-based reward: 828

Rlang = smatch · rscale + bgoal + bprox (A10) 829

where smatch is the semantic match between parsed goals and the current state, bgoal is a 830

goal-reached bonus, and bprox is a proximity bonus. 831

Appendix A.3 Parsing Accuracy 832

Table A16 compares parsing accuracy across mission formats. The LLM parser outper- 833

forms the regex baseline, particularly for compound instructions (+25 pp), novel expressions 834

(+48 pp), and multilingual inputs (+94 pp). 835

Appendix A.4 Effect on RL Performance 836

The parsing accuracy advantage translates to measurable improvements in down- 837

stream RL performance. Table A17 compares success rates at episode 2000 across the 838

three parsers. The LLM parser yields higher success rates in both environments, with the 839
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Table A17. Effect of Parser on RL Performance (Episode 2000)

Environment Parser Success Rate Avg. Steps

N2-S4
Regex 68.0% 45.2
Qwen2.5-1.5B 70.5% 42.8
Qwen2.5-3B 71.2% 41.5

N4-S5
Regex 42.3% 78.5
Qwen2.5-1.5B 46.8% 73.2
Qwen2.5-3B 48.5% 71.8

Figure A5. Learning curves for MultiRoom-N2-S4 with different mission parsers. The LLM-based
parsers achieve faster convergence and higher asymptotic success rates than the regex baseline.

improvement more pronounced in the complex N4-S5 environment (+6.2 pp for Qwen-3B 840

over Regex), where compound missions require accurate decomposition into sub-goals. 841

Fig. A5 shows the learning curves for the MultiRoom-N2-S4 environment with the 842

three parser configurations. The LLM-based parsers (Qwen2.5-1.5B and 3B) achieve faster 843

initial learning and higher asymptotic performance than the regex baseline, confirming that 844

accurate mission parsing provides more effective dense reward signals from the early stages 845

of training. The Qwen-3B model shows a slight advantage over Qwen-1.5B, consistent with 846

its higher parsing accuracy (Table A16). 847

Appendix A.5 Effect of Time Penalty 848

The language reward system includes a time penalty Ptime = α · (1 + ρ/100) · t that 849

discourages excessively long episodes, where α is a scale parameter, ρ is the current success 850

rate, and t is the elapsed steps. Fig. A6 illustrates the effect of the time penalty coefficient α 851

on the reward distribution. 852

With the default setting α = 0.05, a successful episode completing at step 145 can 853

receive a reward as low as −9.39 due to the accumulated time penalty, creating a misleading 854

signal where successful behavior is penalized. Reducing α to 0.02 alleviates this issue, 855

yielding a reward distribution in which successful episodes receive consistently positive 856

rewards while still discouraging unnecessarily long trajectories. 857

Appendix A.6 Computational Cost 858

Table A18 shows that the LRU cache reduces effective LLM inference time to <1 ms, 859

limiting the total training time overhead to approximately 10%. 860

Appendix A.7 Parsing Examples and Failure Cases 861

Table A19 shows representative parsing outputs. The LLM parser correctly extracts 862

goals and actions from compound instructions with nested sub-goals. 863

The following failure cases were observed: (1) extremely long mission descriptions 864

(>100 words), (2) ambiguous instructions (e.g., “do something interesting”), and (3) refer- 865

ences to concepts absent from the environment (e.g., “fly to the ceiling”). In all cases, the 866

regex fallback maintains system stability. 867
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Figure A6. Effect of time penalty coefficient α on reward distribution. Reducing α from 0.05 to 0.02
prevents successful episodes from receiving negative total rewards due to excessive time penalties.

Table A18. Computational Cost of Mission Parsing

Method Inference Memory Cache Hit Total Time
(ms/ep) (GB) Rate (h/2000ep)

Regex 0.1 0.1 — 2.5
Qwen-1.5B 35.2 (0.3∗) 2.1 99.2% 2.8
Qwen-3B 52.8 (0.5∗) 4.2 99.1% 3.1
∗Effective time on cache hit.

Appendix B Hyperparameter Details 868

Table A20 lists the complete set of hyperparameters used across all experiments. 869

Appendix C PAMAP2 Dataset Details 870

The PAMAP2 dataset [39] contains data from 9 subjects performing 18 physical ac- 871

tivities, recorded with 3 IMU sensors (hand, chest, ankle) and a heart rate monitor. Each 872

IMU provides 3-axis accelerometer, gyroscope, and magnetometer readings (12 dimen- 873

sions per site, 36 total). The heart-rate-related features (16 dimensions) comprise the raw 874

heart rate, activity one-hot encoding (8 categories), and derived features: heart rate zone 875

(Light/Moderate/Vigorous/Danger), fatigue estimate (exponential moving average of 876

exertion), heart rate variability, rate of change, and cumulative exertion. 877

The health management reward function is a weighted combination of three compo- 878

nents: 879

R = wsafe · Rsafe + wtarget · Rtarget + wfatigue · Rfatigue (A11) 880

where Rsafe penalizes heart rates outside safe zones, Rtarget rewards maintaining the target 881

heart rate for the current activity, and Rfatigue penalizes accumulated fatigue. The discrete 882

action space consists of: Continue (maintain current activity), Rest (reduce intensity), 883

Increase (raise intensity), Change (switch activity type), and Alert (emergency stop). 884

Appendix D Flow Matching and FNO Mathematical Details 885

This section provides the full mathematical formulations for the per-modality Flow 886

Matching (Layer 2) and FNO spectral fusion (Layer 3) that are summarized in the main text 887

(Sections III-C and III-D). We present the conditional flow matching loss, the FNO spectral 888

convolution, the phase-shift representation, and the approximation bound. 889

Appendix D.1 Conditional Flow Matching Formulation 890

The flow is defined by the ODE: 891

dψt(x)
dt

= vt(ψt(x)), ψ0(x) = x (A12) 892
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Table A19. Parsing Examples

Mission Final Goal / Interm. Actions

“traverse the rooms to get to the goal” goal / [room] [traverse, get]
“pick up the blue key and open the blue door” door / [key] [pick, open]
“find the yellow key then unlock the door to reach
the goal”

goal / [key, door] [find, unlock, reach]

Table A20. Complete Hyperparameter List

Category Parameter Value

Architecture

CLIP model ViT-B/32
Slot dimension d 128
Number of slots K 8
RSSM ht dimension 256
RSSM zt dimension 64
DNC memory slots N 32
DNC memory width W 64

Flow Matching
Euler steps N 4
Velocity MLP hidden dim 128
Gate init α0 −3.0

FNO Fourier modes K 16
Residual scale init 0.1

Training

Optimizer Adam
Learning rate 1 × 10−4

Adam ϵ 10−5

Gradient clip norm 1.0
PPO clip ϵ 0.2
PPO epochs per update 4
GAE λ 0.95
Discount γ 0.99

Reward
λlang 0.2
λVL 0.1
λintrinsic 0.2
λFM (WM) 0.1

World Model βd (KL weight) 0.5
Free nats 1.0

The CFM training loss for modality m is: 893

Lm
CFM = Et,z,x0

[
∥vm

θ (xt, t)− (z − x0)∥2] (A13) 894

Appendix D.2 FNO Spectral Convolution 895

The spectral convolution applies FFT, complex multiplication by learnable weights Rk, 896

and IFFT: 897

Êk = FFT(E)k (A14) 898

Efused = GELU(LN(IFFT(RkÊk) + WE)) + E (A15) 899

with smoothness regularization: 900

Lsmooth = λs

M−1

∑
m=1

∥E[m, :]− E[m+1, :]∥2 (A16) 901
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Appendix D.3 Phase-Shift Representation 902

The cross-correlation delay τ between modalities appears as: 903

F{ρ12}(ω) = S12(ω) · e−jωτ (A17) 904

Appendix D.4 Approximation Bound 905

The pre-fusion mutual information bound: 906

I
(
(X1, . . . , XM); f (X̂1, . . . , X̂M)

)
≥ Ipost-fusion −O(∑

m
∥δm∥2/σ2

m) (A18) 907

See Appendix L for the full derivation. 908

Appendix E Layer 1 Encoder Details 909

This section provides implementation details for each of the four modality-specific en- 910

coders in Layer 1 (Section III-B). We describe the vision encoder (CLIP + Slot Attention with 911

numerical stabilization), the language and state encoders, and the cross-modal attention 912

mechanism that aligns vision and language slots. 913

Appendix E.1 Vision Encoder 914

The frozen CLIP ViT-B/32 [11] produces patch features Fpatch ∈ R49×768, projected 915

via Fvision = WprojFpatch + bproj ∈ R49×d. Slot Attention [12] decomposes these into K slots 916

through iterative competitive assignment: 917

Aij =
exp

( 1√
d
(Wqsi)

⊤(WkFj)
)

∑i′ exp
( 1√

d
(Wqsi′)⊤(WkFj)

) (A19) 918

s′i = GRU
(
∑

j

Aij

∑j′ Aij′
WvFj, si

)
(A20) 919

Numerical stabilization techniques: (1) Mask values use −109 instead of −∞. (2) NaN 920

fallback substitutes uniform 1/K. (3) GRU weights: Xavier (gain 0.5) + Orthogonal (gain 921

0.5). (4) Variance clipping: σ = max(exp(log σraw), 10−6). 922

Appendix E.2 Language, State, and Reward Encoders 923

Language: A Transformer encoder [22] produces Hlang = TransformerEnc(Embed(T)+ 924

PE). Slot Attention [12] is applied to decompose mission components. 925

State: FNO block [17] with spectral convolution estate = IFFT(Rk · FFT(o)) + W · o. 926

Reward: ereward = ReLU(Conv1D(rt−H:t)). 927

Appendix E.3 Cross-Modal Attention 928

Bidirectional multi-head attention [22] with residual connections: 929

S′
vis = Svis + MHA(Svis, Slang, Slang) (A21) 930

S′
lang = Slang + MHA(Slang, Svis, Svis) (A22) 931

Appendix F Layer 4 Details 932

This section provides the implementation details for the DNC memory module and 933

the PPO policy head that comprise Layer 4 of the architecture (Section III-E). 934
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Appendix F.1 DNC Memory 935

The DNC [18] uses content-based addressing: wc(i) = softmax(β · cos(k, M[i])). 936

Write: M′ = M ⊙ (1 − wwe⊤) + wwa⊤. Read: r = ∑i wr(i)M′[i]. Output: eaug = 937

GELU(Wout[efused; r] + b). 938

Appendix F.2 PPO Objective 939

The PPO [24] clipped surrogate: LPPO = −E[min(ρt Ât, clip(ρt, 1−ϵ, 1+ϵ)Ât)] with 940

ϵ = 0.2 and GAE [40] for advantage estimation. 941

Appendix G Auxiliary Component Details 942

This section describes the auxiliary mechanisms that support the main four-layer 943

architecture (Section III-F): language-grounded reward shaping, adaptive reward decay, the 944

success buffer for preventing catastrophic forgetting, and score-based adaptive complexity 945

estimation for FM inference steps. 946

Appendix G.1 Language-Grounded Reward 947

Three-component reward [25]: Rtotal = λ1Rlang + λ2RVL + λ3Rintrinsic. Rlang: semantic 948

match between LLM-parsed goals and observations. RVL: cosine similarity [11] between 949

vision and language FM embeddings. Rintrinsic: prediction-error curiosity reward [41]. 950

Appendix G.2 Adaptive Reward Shaping 951

Following the potential-based reward shaping framework [28]: rshaped = renv + 952

max(1 − 1.25S̄, 0) · rbonus, where S̄ is the recent success rate. 953

Appendix G.3 Success Buffer 954

Inspired by Hindsight Experience Replay [29], successful episodes are stored and 955

replayed at 25% mix ratio during training to prevent catastrophic forgetting. 956

Appendix G.4 Score-Based Adaptive Complexity 957

Using the score function from score-based generative models [30]: Complexity = 958

Et[∥sθ(x, t, c)∥2] determines the number of FM steps via Gumbel-Softmax [42] selection 959

from {1, 2, 3, 5, 7, 10}. 960

961

Appendix H Crafter: Per-Seed Results 962

Table A21 reports the per-seed Crafter scores for full transparency. All 10 seeds use 963

106 environment steps with achievement reward shaping enabled. The official Crafter score 964

(exp( 1
22 ∑ ln(1 + si))− 1) is computed per seed and then averaged. 965

Appendix I RSSM Limitations and Input-Side Design 966

This section analyzes how the standard RSSM architecture introduces structural limi- 967

tations for multimodal sensor-driven applications, and how FreamerV1’s input-side design 968

addresses each limitation without modifying the RSSM’s internal dynamics. 969

Appendix I.1 Addressing RSSM Limitations via Input-Side Design 970

The standard RSSM architecture [1] processes observations through a single encoder 971

before the deterministic–stochastic state transition, which introduces three structural limita- 972

tions for multimodal sensor-driven applications. First, a single encoder conflates modalities 973

with fundamentally different noise profiles (e.g., sparse reward signals and high-frequency 974

IMU readings), losing modality-specific structure. Second, the GRU-based deterministic 975
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Table A21. Per-seed Crafter results (official score and mean success rate).

Seed GPU Type Score Mean SR

0 GPU2† 4090 15.9% 19.5%
1 GPU1 4090 16.3% 20.0%
2 GPU2 4090 17.6% 21.3%
3 GPU3 4090 15.3% 18.5%
4 GPU4 4090 16.7% 20.5%
5 GPU5 3090 15.8% 19.5%
6 GPU6 3090 15.8% 19.3%
7 GPU7 3090 17.2% 21.1%
8 GPU8 3090 14.8% 18.1%
9 GPU9 3090 17.0% 21.0%

Mean ± Std 16.2 ± 0.8% 19.9 ± 1.0%
†Seed 0 was trained earlier on the same machine as Seed 2.

pathway provides only short-term memory, insufficient for recalling episodic patterns such 976

as prior heart-rate spikes across activity transitions. Third, standard real-valued fusion 977

(concatenation or attention) cannot represent phase-shifted cross-modal correlations, such 978

as the several-second delay between physical movement (IMU) and heart-rate elevation. 979

The proposed architecture addresses these limitations not by modifying the RSSM’s 980

internal dynamics, but by improving the quality of the observation representation that 981

enters the RSSM posterior. Per-modality Flow Matching preserves modality-specific noise 982

characteristics by denoising each signal independently before fusion. FNO spectral fusion 983

encodes phase-shifted correlations through learnable complex-valued spectral weights 984

(Eq. (A17)). DNC external memory supplements the GRU’s short-term state with content- 985

addressable episodic recall. This input-side design is complementary to approaches that 986

modify the RSSM itself, such as MedDreamer’s Adaptive Feature Integration module [8] 987

for irregular clinical time series, and could in principle be combined with such internal 988

modifications. 989

Appendix J PAMAP2 World Model: Full Implementation Details 990

This section provides the complete implementation details of the PAMAP2 health 991

management application described in Section 5. The system uses a Recurrent State-Space 992

Model (RSSM) as the world model backbone, with the proposed foundation encoder (Slot 993

Attention + per-modality FM + FNO + DNC) as the observation encoder. The agent learns 994

to recommend health interventions (Continue, Adjust Intensity, Rest, Alert) by imagining 995

future physiological trajectories in the latent space, avoiding the ethical and practical 996

difficulties of exposing real subjects to dangerous physiological states during training. 997

Appendix J.1 RSSM World Model Architecture 998

The world model follows the RSSM of DreamerV3 [1], representing the latent state 999

st as the concatenation of a deterministic component ht (256 dimensions) and a stochastic 1000

component zt (64 dimensions), yielding a 320-dimensional state vector (Fig. A7). 1001

The deterministic pathway retains temporal context of activity patterns through a 1002

GRU: 1003

ht+1 = GRUθ

(
ht, [zt; e(at)]

)
(A23) 1004
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Figure A7. RSSM world model for PAMAP2 health management. Top: temporal unrolling showing
the deterministic pathway ht (GRU transitions) and stochastic pathway zt (prior/posterior distribu-
tions). Bottom: four-phase training pipeline with experimental results.

The stochastic pathway models uncertainty through prior and posterior distributions: 1005

Prior: pθ(zt | ht) = N
(
µθ(ht), σθ(ht)

)
(A24) 1006

Posterior: qϕ(zt | ht, ot) = N
(
µϕ(ht, oembed

t ), σϕ(ht, oembed
t )

)
(A25) 1007

where oembed
t is the output of the foundation encoder (Section 5). The posterior conditions 1008

on observations via the encoder, while the prior enables imagination without observations. 1009

Appendix J.2 Foundation Encoder Details 1010

The observation ot consists of IMU sensors at three body locations (accelerometer, 1011

gyroscope, magnetometer; 36 dimensions) and heart-rate-related features (16 dimensions). 1012

The foundation encoder applies the four-stage pipeline: 1013

Stage 1 (Slot Attention): The three IMU sites (3 × 12 dimensions) are treated as slots 1014

and processed by Self-Attention, then fused with heart rate features via Cross-Attention: 1015

oslot
t = CrossAttn

(
SelfAttn(IMUt), MLP(HRt)

)
(A26) 1016

Stage 2 (Per-Modality Flow Matching): Independent FM modules refine the IMU and 1017

HR representations before fusion. Without a pre-trained encoder (no CLIP equivalent for 1018

IMU data), the FM refinement compensates for the raw encoder’s noise—this is the setting 1019

where filter-before-mixing is most critical. 1020

Stage 3 (FNO Spectral Fusion): The refined modality representations are fused via 1021

SpectralConv1d. The phase-shift property of the FNO (Eq. (A17)) is particularly relevant 1022

here, as physical movement (IMU) precedes heart rate elevation by several seconds. 1023

Stage 4 (DNC Memory): The fused representation is augmented with episodic mem- 1024

ory via content-based addressing [18], enabling the agent to recall past physiological 1025

episodes (e.g., a prior heart-rate spike that triggered a rest recommendation). 1026

The final encoded observation oembed
t enters the RSSM posterior (Eq. (A25)). 1027

Appendix J.3 World Model Training 1028

The world model is trained by minimizing: 1029

LWM = Lrec + βd DKL(qϕ∥pθ) + Lrew + Lcon (A27) 1030
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Table A22. Comparison with World Model-Based Health Intervention Systems

MedDreamer
[8]

KANDI [9] DreamerV3 [1] FreamerV1 (ours)

Domain EHR (Sepsis) Wearable
(fall risk)

General RL Wearable (health)

World model RSSM+AFI None RSSM RSSM+Foundation
Policy Actor-Critic Diffusion Actor-Critic PPO
Learning Online+Imag. Offline IRL Online+Imag. Online+Imag.
Encoding AFI MLP CNN/MLP SlotAttn+FM+FNO
Anomaly — — — KL divergence

where Lrec reconstructs observations (MSE on IMU + HR features), Lrew predicts rewards 1031

(health outcomes), Lcon predicts episode continuation (activity transitions), and βd = 1.0 1032

balances KL regularization. 1033

Appendix J.4 Imagination-Based Policy Optimization 1034

Using only the prior distribution, imagined rollouts of horizon H = 15 are generated 1035

to optimize the policy without real-world interaction: 1036

ĥt+1 = GRUθ(ĥt, [ẑt; e(ât)]) 1037

ẑt+1 ∼ pθ(· | ĥt+1), ât ∼ πψ(· | ŝt) (A28) 1038

The policy πψ and value function Vξ are updated via λ-returns computed over imagined 1039

trajectories. 1040

The reward function combines physiological targets (heart rate within safe range, ac- 1041

tivity level maintenance, fatigue prevention) with safety constraints (penalizing prolonged 1042

exposure to dangerous heart rate zones >160 bpm). This imagination-based training is 1043

particularly valuable for health management: learning appropriate Alert actions requires 1044

repeated exposure to high-risk states, which is ethically and practically infeasible in real 1045

patients. The world model generates such scenarios safely in the latent space. 1046

Appendix J.5 Physiological Anomaly Detection 1047

As a byproduct of the world model, the KL divergence DKL(qϕ∥pθ) at each time 1048

step quantifies how much the actual sensor observation deviates from the world model’s 1049

prediction. Time steps where DKL > µD + 2σD (where µD and σD are the running mean and 1050

standard deviation of KL values) are flagged as anomaly candidates, indicating unexpected 1051

heart rate elevation or atypical fatigue patterns. This mechanism provides an additional 1052

safety layer not present in MedDreamer or KANDI (Table A22). 1053

Appendix J.6 Positioning Among Health Intervention Systems 1054

Table A22 compares our approach with recent world model-based health intervention 1055

systems. Direct numerical comparison is not meaningful across different clinical domains; 1056

the table highlights architectural differences. 1057

Our system shares with MedDreamer the paradigm of RSSM-based imagination for 1058

safe policy learning, but addresses a different data regime: continuous, high-frequency, 1059

multi-site wearable signals rather than sparse, irregular EHR records. Compared to KANDI, 1060

our approach learns an explicit world model and optimizes policies through imagination, 1061

whereas KANDI operates offline with pre-collected expert demonstrations. 1062
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Table A23. OGM-GE Mode Comparison (MultiRoom-N2-S4, 5000 episodes)

Mode Seed 0 Seed 1 Seed 2 Mean

Manual α 84% 80% 99% 87.7% ± 8.2%
OGM-GE Mode A 100% 95% 89% 94.7% ± 4.5%
OGM-GE Mode B 91% 79% 78% 82.7% ± 5.9%

Appendix J.7 Generalization Across Subjects 1063

After pre-training the world model on data from multiple subjects, the policy can 1064

be adapted to new subjects with minimal data. While inter-subject variability exists in 1065

resting heart rate and cardiopulmonary capacity, higher-level decision structures—such as 1066

recommending rest under high exertion or alerting upon fatigue accumulation—are shared 1067

in the latent space of the world model, enabling few-shot adaptation. 1068

Appendix K OGM-GE Gradient Modulation: Mode Analysis 1069

We evaluated two modes of OGM-GE gradient modulation for the per-modality FM 1070

residual gate: 1071

Mode A (alpha-only): Modulates only the αm gradient with an amplified learning 1072

rate (scale × lr_scale, where lr_scale = 10). This preserves the stability of the velocity field 1073

while accelerating gate adaptation. 1074

Mode B (full-params): Modulates all FM parameters (velocity network + α), matching 1075

the original OGM-GE paper [26] which modulates entire encoder gradients. 1076

Mode B (Table A23) underperformed manual α tuning (82.7% vs. 87.7%). Analysis 1077

of the learning curves reveals the cause: Mode B destabilizes the FM velocity field by 1078

amplifying its gradients based on the FM loss disparity ratio, which interferes with the 1079

PPO policy gradients that also flow through the velocity network. Seed 2 exhibited a 1080

performance collapse from 76% to 60% between episodes 3800–4000, coinciding with 1081

elevated Value Loss (1.86) and stagnant Entropy (1.50–1.60 throughout training, compared 1082

to 1.12 for Seed 0). The high Entropy indicates that Mode B prevented the policy from 1083

specializing, as the velocity field representations changed too rapidly for the policy to track. 1084

Mode A avoids this instability by restricting gradient modulation to the scalar αm
1085

parameters, which control the FM gate opening without altering the learned velocity field. 1086

The lr_scale = 10 amplification compensates for the inherently small α gradients observed 1087

in the manual-tuning experiments (Section 4.3.5). 1088

Appendix L Derivation of the Approximation Bound 1089

We derive the bound stated in Eq. (A18). Let Xm denote the clean representation of 1090

modality m, X̃m = Xm + ϵm the noisy encoding with ϵm ∼ N (0, σ2
m I), and X̂m = gm(X̃m) 1091

the FM-denoised representation with error δm = X̂m −E[Xm|X̃m]. 1092

The mutual information between the clean signals and the pre-fusion representation 1093

can be written as: 1094

I
(
(X1, . . . , XM); f (X̂1, . . . , X̂M)

)
1095

= I
(
(X1, . . . , XM); f (E[X1|X̃1] + δ1, . . . ,E[XM|X̃M] + δM)

)
(A29) 1096
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When the fusion function f is Lipschitz continuous with constant L f (satisfied by the 1097

FNO with bounded spectral weights), a second-order Taylor expansion around δm = 0 1098

yields: 1099

I
(
(X1, . . . , XM); f (X̂1, . . . , X̂M)

)
1100

≥ I
(
(X1, . . . , XM); f (E[X1|X̃1], . . . ,E[XM|X̃M])

)
− L2

f ∑
m
E[∥δm∥2]/(2σ2

m) (A30) 1101

The first term equals Ipost-fusion evaluated at the Bayes-optimal denoised representa- 1102

tions. Since E[∥δm∥2] measures how far the per-modality FM is from optimal denoising, the 1103

bound shows that pre-fusion denoising is beneficial whenever ∑m ∥δm∥2/σ2
m is small—i.e., 1104

when the FM denoising error is smaller than the original noise, a substantially weaker 1105

condition than perfect denoising. 1106

With the residual gate σ(αm), the effective error becomes σ(αm) · δm, and the bound 1107

tightens to: 1108

L2
f ∑

m
σ(αm)2E[∥δm∥2]/(2σ2

m) (A31) 1109

Since σ(αm) → 0 when the FM velocity field is untrained, the penalty vanishes at initializa- 1110

tion, ensuring that the pre-fusion approach is never worse than no denoising during the 1111

early stages of training. 1112

https://doi.org/10.3390/1010000

https://doi.org/10.3390/1010000


Version May 19, 2026 submitted to Journal Not Specified 34 of 34

st
at
e

(g
at
e=

0.
04

80
)

σ=0
disp=0.275, var: 0.014->0.014

σ=1
disp=0.273, var: 1.014->1.010

σ=3
disp=0.319, var: 8.921->8.896

Before FM
After FM

vi
sio

n
(g
at
e=

0.
00

68
)

disp=0.080, var: 0.102->0.103 disp=0.083, var: 1.070->1.072 disp=0.098, var: 9.075->9.077

la
ng

ua
ge

(g
at
e=

0.
04

63
)

disp=0.419, var: 0.000->0.000 disp=0.431, var: 0.998->0.998 disp=0.498, var: 8.964->8.965

re
wa

rd
(g
at
e=

0.
26

45
)

disp=0.603, var: 0.000->0.000 disp=0.668, var: 0.996->0.985 disp=1.085, var: 9.007->8.921

Per-Modality FM Effect Under Noise Injection
Red: before FM, Green: after FM

Figure A8. Per-modality FM effect under noise injection (σ ∈ {0, 1, 3}), visualized via t-SNE. Red:
embeddings before FM; green: embeddings after FM. At σ = 0 (left column), before/after distribu-
tions are clearly separated for reward (displacement=0.603) and language (0.419), while vision (0.080)
shows minimal change due to its near-closed gate (σ(α) = 0.007). At σ = 3 (right column), reward
exhibits the largest displacement (1.085) and variance reduction (9.007→8.921), confirming that the
gate mechanism concentrates FM refinement on noisy modalities. Vision’s gate remains closed even
under heavy noise, preserving the high-quality CLIP representations.
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