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World models must handle:

» Non-smooth dynamics (impacts, regime switches) Training Setup
» Multi-modal behavior (different physics per regime) « Dataset: 2000 train / 500 val / 500 test sequences
» Long-horizon prediction (autonomous rollouts) * Length: T=300 timesteps per sequence
Problem: Standard RNNs (GRU, LSTM) lack geometric structure. * Loss: MSE(y,red, yirue) + CrossEntropy(myred, mrue)
Our solution: Contractive, attractor-based recurrence with bounded * Optimizer: Adam, Ir=0.001, 80 epochs
nonlinear dynamics. + Baseline: 1-layer GRU, 64 hidden units vs
RB Config: latent;im=32, encisim=16, orthogonal init ( gain=0.9)
Test World: HYb rid Double-Well Dyn amics Both models converged without NaN or divergence.
] ] Panel A: Latent Geometry - RB Forms Clean Basins
A stochastic hybrid system with: Governing Equations GRU: Latent PCA (Diffuse) RB: Latent PCA (Structured)
» Two regimes, m € {0,1} G=—2V" _ it et) — T T ~ = | B
» Switching probability, Pswitcn = 0.002 : ] NG o ~ -
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Challenge: Predict g:+1 and m: from noisy observations ¥1:t only. - — e = I p?}[q;niﬁ 53
Why hard: Non-smooth discontinuities at wall, regime switches. Ep:;:[.;}ianﬁﬁ;;.Lfgi.::::c{ilig;fﬁﬂmfmUE.ms.m}anmmdc.umg-mu regimes. GRU latents are difuse with no clear sructure. PCA explains
coniracton eward atiacir i, GRU varianca remalns constant (-001), kw3, pael C: Flow Field — RB Creates Coherent Geometry
Rabbit Brain Cell v0.5: Encoder — Recurrence — Decoder m“" mafmwmmmmmm
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Design Choices (Why This Works) T T IS
v Tanh saturation: Prevents divergence (bounded [-1, 1]) Prediction & Classification Accuracy
v" Orthogonal W,ec : Initialized with gein = 0.9 (contractive) Model | Val MSE (y) | Regime Acc (%) | Latent Var | PCA Var |
v" Shared recurrence: All inputs use same geometric map | | | |
v' Complex structure: 2D real pairs = 1D complex (attractor geometry) GRU 0.0044 | 94,2 | 0.010 | 0.0002 |
RB 0.0038 | 95.1 | 0.32-0.23 | 0.0058 |
Key Difference from GRU
Shared, contractive map Per-input gating Key findings:
Geometric prior Learned interpolation - RB achieves lower MSE than GRU (0.0038 < 0.0044)
Emergent attractors Homogeneous latents - RB has 36x% greater PCA separation (0.0058 / 0.0002 = 29x)

- RB variance decreases 28% over time (attractor collapse)
- Both converge smoothly (no NaN, no instability)

Hypothesis: Shared contraction creates input-conditioned basins.

RabbitBrain vs GRU: Latent Space Organization - .
(RB Discovers Structure; GRU is Diffuse) ! DESIgI"I Notes:
RabbitBrain Latent Space GRU Litopt Spaca RB v0.1-0.4: Two competing Julia iterations
(Shows Basin Structure) (Diffuse, No Basin Structure) . .
’ RD latents . ST s (with log-polar transforms + CMA-ES tuning)
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Distance to Wall

Near impact boundaries (shaded region), RB maintains lower error than GRU. This demonstrates better handling of non-smooth dynamics. Both
models perform similarly far from walls.
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