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1{Why HaM-World? 3| Architecture: one latent, two coupled stages 5| Ablations and design choices
Imagined rollouts drift with horizon and under dynamics shift, and an A World Model Rollout 77777 A TTTTIIIIIII I ULy Ablation: memory first, geometry adds headroom
unconstrained predictor contracts as each predicted state is fed back. We add [ " } >[ Mt+1 } ){ M,+2 ] @ HaM & World : d- World Model Learning Variant (3 seeds) Cheetah 1 Finger 1 Reaecr::mii? l R?acnrlei gcT)D
the two missing structures inside one shared latent state. : AP BT} R Emd X 2 P
_ | | y | | (z O zm x z,+z Yio | .+ Full HaM-Worid 184.4  254.0 0.078 139.7
 Input side. With partial observability and action delay one frame is not a state; : ) J S . - ¥ A1: no g/p/c split, no geo. losses ~ 169.8  247.7 0.085 131 9
Mamba memory adds a history-conditioned input. i pr— ¥ A2: no memory 59 2 34.0 0.287 115.4
» Output side. A monolithic latent entangles pose, momentum and semantics; we split P Pt P2 | '~;-_-_-_{'“—f-"{"‘i_“-‘_’“-_;;-_;-_-_-_-_-_:-_-_;-_-_;-_;-_-_-_-_-_-_-_-_;\' A3: Mamba — GRU 121.1 235.6 0.148 138.4
= |q, p, c| and add a Soft-Hamiltonian prior on (g, p). . CEM o CEm ” 7, | Latent Dynamics B A4: pure Soft-Hamiltonian pair 181./  251.3 0.080 136.7
» Energy, not capacity. One scalar H drives the (g, p) motion over energy level sets, { / - J \ Jin b=y o, [ - AS: hard prior (a = 1, no residual)  158.6  226.7 0119 121.5
. . . . C L i I ) T ) ! Hy (gt pt) - | AG6: no control port G¢ a; 153.6 219.3 0.129 115.4
and its field is divergence-free, so repeated prediction does not shrink the latent ' Encoder Encoder Encoder 1, i—m g . ' ' ' '
: ' L Lo gt+1 : - .
distribution to first order; energy change comes from action work. ; é e o Gmurm . I . » Removing memory (A2) hurts most; a GRU (A3) recovers return but not
_ é & S B c Faupco O g 1 contral | rollout accuracy: input-selective memory matters.
2| Method: q/p/c latents, Soft-Hamiltonian pair & training ; t ! o | | flaescoon i) (A | ' Geometry (A1) adds a consistent margin on return and OOD; a hard a = 1
N Xt Xt+] X+ ¢ ' : — _i __________________________ e ’ - J

» Encoder. 2zt = Ey(ot) = |qt, pt, ct|: @ canonical pair (g, p) with learnable Hy(q,p), =777 7 mmommmmmsomsmsomsmsmnonsnnens prior (A5) over-constrains the dynamics, hence “Soft”; removing the control

plus context ¢ for contact, friction and semantics. Left: Mamba memory M; conditions one shared transition over (q, p, ¢), in which CEM plans directly. port (A6) hurts most, so actions need a direct path into the parr.

. . _ , , , Right: one learned Hy(q, p) drives the pair ¢, p (weight ), the network branch adds residual and _
» Soft-Hamiltonian update. The field H; = Hy(qt, pt) is mixed with a learned control, and ¢ updates separately. Memory swap: Mamba beats a Transformer on 4 / 4 tasks

residual and a control port, both conditioned on the Mamba memory h;: Only the memory module swapped:; Finger = Reacher Cheetah Cartpole

final return @100k 1 Spin Easy Run Swingup
Result mple efficiency, rollout r D
Ag = (1 — a) Aqnet a Op Hy, Ap; = (1 — a) Apnet —a0yHt + Gt ay 4 ESulls. sa p € emciency, rotiout accuracy, 00 Mamba (ours) 254.0 150.6 184.4 58.9
» Soft, not strict. o blends in the field: small action-free drift, and residual, contact Final return Finger  Reacher Cheetah Cartpole  Walker Hopper Avg. AUC o)  CEM beats MPPI 6/ 6
and friction keep the prior grounded, not idealistic. @100k 1 Spin Easy Run Swingup Run Hop (6 tasks) anner swaps: eats on measures
» Energy-organized field. Divergence-free, orthogonal to V H: locally energy- PPO 70.3:005 18.9:151  67.0+174  96.8:25  19.1:32  4.7202 2.1 Retrained end-to-end ...t Cartpole Reacher R?gger R%agger
: _ . SAC 173.6+26.1 118.9:39 108.5:65 65.8:1.3 56.5:211 14.7:+1.2 52.8 per planner f ger MSE@6 | MSE@6 |
consistent rollouts; G;a; adds action work. s va 53 18400 9164 fE g 1048 1130 -t massx0.7 1 dampx2 1
reamer O+ : A7, 4+17.0 .0+0. 0+22. O+0. .
» Why Mamba. h; is read at every imagined step: a fixed-size state and O(1) TD-MPC2 232.2:82 105.1:523 155.7:17.4 15.0<170 101.9:207 14.0:7.8 83.3 CEM (ours) 1ead 2A0 009 0078 1955 190
o I o o o o ' MPPI 166.1 231.7 0.019 0.104 143.2 124.6
updates; a Transformer loses on 4/4 (panel 5). HaM-World (ours) 254.0:141 150.6-75 184.4:84 58.9.38 152.0:33.3 34.5:89 91.9
Training objective & planning k-step latent rollout error inside the planning range 6| Mechanism diagnostics (Cheetah Run)
» Hamiltonian alignment, JEPA-style latent alignment without reconstruction, and Cartpole Free evolution Trlectary colred by (T -conro
, , k-step latent Finger Spin Reacher Easy Cheetah Run : 0 O
symlog two-hot reward / value heads (value with an EMA slow target); consistency rollout MSE | Swingup  Avg. |
and policy-prior terms complete the loss: k=3 k=5 k=7 k=3 k=5 k=7 k=3 k=5 k=7 k=3 k=5 k=7 Lk al g
, , , DreamerV3 7.20 9.29 11.51 10.46 14.26 18.22 13.29 18.17 24.63 7.25 8.59 10.34 12.77 s 00 ST B A aathaad .
Lham = ||Ag"" — 8,H||” + [|Ap™* + 6, H||", Lrepr = Et||gg(2¢41) —sg(g3(2¢+1))||,  TD-MPC2 3.48 3.58 3.61 3.34 3.38 3.42 4.28 4.40 4.47 4.66 4.79 4.87 4.02 o No action (free)
. o _ ~ HaM-World (ours) 0.72 143 253 1.28 236 3.68 1.21 1.88 2.74 0.77 1.30 1.97 1.82 | Random action
Lreward = E¢ CEahot (r¢(zt—|—1)7 rt)a Lvalue = ¢ CEanpot (V¢(Zt)7 Ri\ ) 0 c0 100 150 200
Zero-shot OOD return: highest in all 12 perturbations Step B L
) Planner- CEM over (Zt, ht) H — 6, 128 X 6 CaﬂdldateS, re-p|anﬂed pel’ Step 00D return 1 (avg. of 6 ConditionS) HaM-World (OurS) TD-MPC2 SAC DreamerV3 PPO (a) Bounded action-free drift. Ht drifts by (b) Control COUpleS to energy. On the slice
Links & contact Finger Spin 184.3:4.0 167.3:76 118.4:151 552.780 A47.3:060 =70 0over200zero-damping steps, while (95, p5), corr(|AH], [VpH - uf) = 0.745 with
o T S o T random actions inject work. u the control drive.
Reacher Easy 149.9.56  132.0:572 92.4:87  9.3:35  12.9:100 IR
lift_ auc=0.595, best |ift=0.784
 Sample efficiency without sacrificing control. Highest six-task Avg. AUC —e— High [push|
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(+10.3% vs. TD-MPC2); first on four of six tasks, second on two; largest gains on
Walker Run (+49%) and Hopper Hop (+147%).

» Accurate where the planner looks. 11 /12 MSE cells at k = 3, 5, 7 — the horizons
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the planners unroll (6 / 5/ 8) — and average error 45% of TD-MPC2. . .
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- » Robust zero-shot. Highest return in all 12 OOD perturbations (dynamics shifts, Crossing Threshold Quantie
Paper - arXiv Code - GItHUb My homepage fon del b t'g na): +10.2% (Fi P - . (1:3; cor ) (c) Action work crosses energy layers. (d) Separated q / p / ¢ geometry. In the
arxiv.org/abs/2605.05951 github.com/HaoyunT/HaM_World haoyunt.github.io action delay, observation masking): +10.2% (Finger Spin) and +13.6% (Reacher High-push steps cross equipotentials more UMAP, q, p form elongated manifolds and c

Contact email: haoyuntang224@163.com Easy) over TD-MPGC2, with far lower variance. often at every threshold (lift AUC 0.595). stays a compact cloud.



