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Advanced MBRL algorithms

e Learn transitions of latent variables, latent model, onto which observation variable is projected
« Use the latent variable to predict rewards, and action

MuZero [Schrittwieser et al., Nature, 2020] Dreamer [Hafner et al., Nature, 2025]

« Trains latent model to predict « Trains latent model to predict next observation=VAE
« Online planning with a prior policy trained  « Offline policy optimization with the trained model
offline

e Surpassed MuZero on Atari games and became the
first Minecraft diamond finder

41 1 4: ; 2 4: ; 3 43 Minecraft Diamond
/l I\_/I . : su_: s Dfé'ém'%;‘VS
\é M @V £
: 3 .l _First.Diamond
s o
A 4 from Scratch
= x, Common rollout process among 0 - ‘ : : .Mea”.
E MuZero and Dreamer 10K 100K 1M 10M 100M

Environment Steps



Double Horizon Model—-Based Policy
Optimization (DHMBPO)

Combine long distribution rollout (DR) and short training rollout (TR)
- DR: states the policy will observe (vs. past observations in replay buffer) (Ku bo, et al., 2025)
- [R:trajectories to predict value and used to optimize the policy

Kubo

Distribution Rollout Model Buffer Model-free gradient
T
{5} (;\D/K'/O’/‘OJD @ Vi = Vo 90 ~ E [V@’J’l‘g(b‘) : anq‘b(ss a')‘a_ﬂg(s)]
o orizon=
DR only Change of value b
TR-only (e.g., Dreamer) g y
DHMBPO Current action
VS.
(s} [Q(s,a; 0) := Zf:_ol Aty + ’YTQq&(ST,GT)] Future actions

{Sazo0} o ~ A .
) 9o ~E |VeQ(s,a;0
@ @ .e>g fa+ d+1Vd+2 [ ? ( ):|

- 7
—5 horizon=T

Environment Replay Buffer Training Rollout Model-based gradient



Results of the DHMBPO

Experiments

» Control for simulated multi-DoF dynamic
system

« Comparison with strong baseline methods
« Dreamer [Hafner+, '25]

« TD-MPC2 [Hansen+, '24], continuous version
of MuZero

Results

« Better sample efficiency

e X-axis: the number of interactions with an
environment

« Y-axis: sum of rewards in an episode
(1000steps)

« Better averaged-final-performance

Metric: Normalized sum of rewards averaged
over the 18 tasks (mean and 95% Cls)
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Triangle inequality for Inverse Optimal Gontrol

» Problem setup
* The value function v(x) :total cost from x to the goal.

* The reverse value function rv(x) :total cost from the start xyto x

Any detour via x costs more than the optimal direct route.

v(Zo) < rv(X) + v(X)

» Our contributions
* Global constraint on v(x) beyond HIB’s local optimality.

<

 Better identifiability of cost functions in inverse optimal control.

X2

i
N
?m

Mitsuhashi

Via-point Tgrminal state set
X N
| RouteC ' XT |

s

Route A

Xo
Initial state

X1

Conceptual diagram for
triangle inequality



Triangle Inequality Improves Imltatlon

» Experiment 1 — Cost Function Estimation 0.8 _ .E?c?sgg:dmr:gtlr?gd
Compare cost estimation errors between: 50-6/ Reduced
* Baseline (HJB equation only) 0.4 ¢ error

, , , ] et A
* Proposed (HJB equation+ Triangle Inequality)

Result: The proposed method consistently reduces

cost estimation error compared to the HJB-only baseline.

»Experiment 2 — Imitation from recovered cost function

The proposed method

0.5 0.5+

recovers expert patterns. .

=0

-0.5

_1 i _1
-1 -0.5 0 0.5 1 -1
€

(a) Expert trajectory

(b) Baseline method

4 5 6 7 8
Degree of polynomials for approximation

Fig. Cost function estimation error

Recovered
pattern
1 = -
0.5+ . 1
o g? 0
-0.5
' ‘ 1 0 0 0. 1
-0.5 ;Egl 0.5 1 - -0.5 T .5

(c) Proposed methody
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