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Figure 1. Energy-based planning by GeoWorld. The diagram shows a Replace Memory Chip task from the COIN dataset [71], where
GeoWorld plans actions by following geodesics over a hyperbolic energy landscape rather than generating pixels.

Abstract

Energy-based predictive world models provide a power-
ful approach for multi-step visual planning by reasoning
over latent energy landscapes rather than generating pixels.
However, existing approaches face two major challenges:
(i) their latent representations are typically learned in Eu-
clidean space, neglecting the underlying geometric and hi-
erarchical structure among states, and (ii) they struggle
with long-horizon prediction, which leads to rapid degra-
dation across extended rollouts. To address these chal-
lenges, we introduce GeoWorld, a geometric world model
that preserves geometric structure and hierarchical rela-
tions through a Hyperbolic JEPA, which maps latent repre-
sentations from Euclidean space onto hyperbolic manifolds.
We further introduce Geometric Reinforcement Learning
for energy-based optimization, enabling stable multi-step
planning in hyperbolic latent space. Extensive experiments
on CrossTask and COIN demonstrate around 3% SR im-
provement in 3-step planning and 2% SR improvement in
4-step planning compared to the state-of-the-art V-JEPA 2.

1. Introduction
Autoregressive (AR) next-token prediction has endowed
large language models (LLMs) [79] and vision-language
models (VLMs) [20, 53] with extensive world knowledge
and reasoning capability, enabling them to effectively tackle
complex tasks involving searching [78], reasoning [32, 33,
44], and planning [8, 35, 65, 82]. Although the success of
LLMs stems from modeling within language space, which
serves as a shortcut toward human level knowledge [48],
they still fail to fully represent the rich information of
the real world, such as its physical and geometric proper-
ties [3]. In the real world, human and biological cogni-
tion often acquire knowledge primarily through visual in-
formation rather than relying solely on language, as vi-
sion offers a higher bandwidth of information than lan-
guage [62]. For example, human infants learn mainly from
visual perception during the first few months before devel-
oping a language system [38], and some animals do not pos-
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sess language at all [18]. Therefore, there are world mod-
els [3, 5, 46, 59, 63] that learn solely from visual input, such
as videos, and perform planning with either a generative or
a predictive approach. Generative world models [46, 59, 63]
explicitly generate pixels or latent visual tokens that decode
into pixels in order to predict only one step at a time [67].
As a result, they lack awareness of the full trajectory struc-
ture or the energy landscape over multiple steps. In contrast,
predictive world models [2, 3, 5, 29] such as JPEA [41] do
not generate pixels. Instead, they learn an energy landscape
in latent space that measures the compatibility between cur-
rent and target states. This enables multi-step hierarchical
planning, where high-level reasoning minimizes energy in
latent space, while lower-level modules fill in the physical
details.

However, existing energy-based predictive world models
face two significant challenges:

(1) Geometric neglect. Although predictive world mod-
els perform multi-step hierarchical planning in latent space,
their representations are typically learned in a Euclidean
space without preserving the underlying geometric relations
among states. As a result, the learned energy landscape
fails to capture meaningful geodesic distances or hierarchi-
cal embeddings between latent states [51], which weakens
the model’s ability to perform geometry-consistent planning
over long horizons.

(2) Multi-step shortcoming. Multi-step videos are
limited and expensive to acquire, so existing predictive
world models are primarily trained on one-step video tran-
sitions [12, 31, 37, 40, 47, 66]. Although learning an en-
ergy landscape over entire trajectories conceptually enables
long-horizon planning, their performance degrades rapidly
as the planning horizon increases, exposing a weakness in
modeling long-term temporal dependencies.

Our motivation is to address these problems from a ge-
ometric perspective. For the first challenge, a geometry-
aware world model is required to preserve geometric prop-
erties when learning the energy landscape for hierarchical
planning. For the second challenge, reinforcement learning
(RL) has proven effective in adjusting a pretrained foun-
dation model when its outputs are unsatisfactory in certain
aspects [54, 60]. Therefore, a geometry-aware RL method
is required to obtain optimal trajectories on the latent mani-
fold, improving the model’s multi-step planning capability.

Hence, we introduce the Geometric World Model
(GeoWorld), a method that enhances energy-based predic-
tive world models by preserving geometric structure and
hierarchical awareness in latent space, as shown in Fig-
ure 1. To address the first challenge, we propose Hyper-
bolic JEPA (H-JEPA), which maps latent representations
from Euclidean space Rn onto a hyperbolic manifold Hn,
where geodesic distances naturally encode hierarchical rela-
tions among states. By learning dynamics along hyperbolic

(a) V-JEPA 2 [3] Energy Landscape (b) GeoWorld Energy Landscape

Figure 2. Energy landscape comparison for V-JEPA 2 [3] and
GeoWorld. We visualize the energy by sweeping two orthonor-
mal tangent-space directions (∆x,∆y) around a reference latent
state. GeoWorlds yields a structured, curvature-aware energy land-
scape that better reflects geometric structure and hierarchical rela-
tions among latent states and improves energy-based planning. For
more details see Appendix 4.

geodesics, H-JEPA preserves latent geometry during multi-
step prediction, ensuring that the learned energy landscape
aligns with the underlying structure of the physical world
and supports geometry-consistent planning, as shown in 2.

To address the second challenge, we design a Geometric
Reinforcement Learning (GRL) that reformulates multi-step
planning as the optimization of an energy-based value func-
tion, where lower hyperbolic energy corresponds to higher
cumulative reward. GRL directly optimizes the predictor
of the world model without training an additional policy or
reward model. By adjusting the predictor’s energy-based
value representation through hyperbolic geodesics mini-
mization and triangle inequality regularization, GRL en-
forces geodesic-consistent rollouts on the latent manifold,
effectively improving long-horizon stability and planning
performance.

To verify our method’s capability on long-horizon plan-
ning, we evaluate multi-step goal-conditioned visual plan-
ning on standard benchmarks, including CrossTask [88] and
COIN [71]. Our GeoWorld achieves consistent improve-
ments over the previous state-of-the-art predictive world
model V-JEPA 2, including improvements of around 3%
SR in 3-step planning and 2% SR in 4-step planning across
both datasets.

The contributions of our work can be summarized as fol-
lows:
• We introduce the Geometric World Model (GeoWorld)

with a Hyperbolic JEPA (H-JEPA), which preserves geo-
metric structure and hierarchical relations by mapping la-
tent representations onto a hyperbolic manifold and learn-
ing dynamics along hyperbolic geodesics, resulting in a
geometry-consistent energy landscape for multi-step pre-
diction and planning.

• We propose Geometric Reinforcement Learning (GRL),
an energy-based optimization framework that directly
refines the predictor through hyperbolic energy mini-
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mization and triangle-inequality regularization, enabling
geodesic-consistent rollouts and improving long-horizon
planning stability.

• We demonstrate strong performance on long-horizon
goal-conditioned visual planning across CrossTask and
COIN, achieving around 3% SR improvement in 3-step
planning and 2% SR improvement in 4-step planning
compared to V-JEPA 2.

2. Related Works
Video World Models There are two primary approaches
for video world modeling: generative world models [46, 59,
63] and predictive world models [2, 3, 5, 29, 41]. Generative
world models typically build upon autoregressive [24, 43,
77] or semi-autoregressive [17, 22, 34, 58, 72, 81] architec-
tures that observe the visual context and explicitly generate
the next frame or its latent representation. These models of-
ten incorporate an inverse dynamics module [67] trained to
infer actions from consecutive observations, enabling one-
step reactive control but preventing multi-step reasoning be-
cause the model lacks access to the global trajectory struc-
ture and cannot capture long-range dynamics. Moreover,
generative approaches must decode visual tokens or pixels
during planning, which introduces unnecessary noise and
computational overhead and limits their ability to model
abstract energy landscapes for hierarchical planning [59].
In contrast, predictive world models do not generate pix-
els. Instead, they learn an energy landscape in latent space
that quantifies the compatibility between current and target
states [41]. This design allows for multi-step trajectory op-
timization using sampling-based planners such as the cross-
entropy method (CEM) [23], enabling long-horizon plan-
ning without explicit pixel decoding.

Goal-Conditioned Visual Planning Goal conditioned
visual planning aims to produce a sequence of actions that
achieves a given goal based on visual observations. Prior
works have evolved into three independent setups depend-
ing on the modalities of the observation and the goal, which
may be images, videos, or language. (1) In visual plan-
ning for assistance (VPA) [56], observations are videos
and goals are described in natural language. This typi-
cally requires models built on LLMs with multimodal pro-
cessing capability [16, 36, 84]. (2) In procedural plan-
ning (PP) [15], both observations and goals are specified
as images without any language involved, which limits the
model’s ability to capture temporal information in the phys-
ical world [7, 36, 42, 50, 52, 61, 69, 74, 75, 86, 87]. (3) In
visual planning with videos, both observations and goals are
given as videos, which aligns more naturally with tempo-
ral dynamics in the real world and is commonly addressed
using video LLMs [20, 53, 76, 79], generative world mod-
els [59], and predictive world models [3].

3. Method

3.1. Overview
We introduce GeoWorld, a geometric world model de-
signed to enhance long-horizon visual planning by preserv-
ing geometric structure and hierarchical awareness in latent
space. To address the limitation of Euclidean latent rep-
resentations, GeoWorld incorporates Hyperbolic JEPA (H-
JEPA), which maps encoder outputs from Euclidean space
onto a hyperbolic manifold where geodesic distances natu-
rally encode hierarchical relations among states. By learn-
ing latent dynamics along hyperbolic geodesics, H-JEPA
enforces geometry-consistent transitions that better reflect
the structure of real-world trajectories. To further improve
stability in multi-step prediction, we develop Geometric
Reinforcement Learning (GRL), an energy-based optimiza-
tion framework that treats planning as minimizing a hyper-
bolic value function without training an additional policy
or reward model. GRL refines the predictor through hy-
perbolic energy minimization and triangle-inequality reg-
ularization, encouraging geodesic-consistent rollouts and
improving long-horizon temporal coherence. Leverag-
ing energy-based planning with the Cross-Entropy Method
(CEM) [23] further enables efficient trajectory optimiza-
tion by searching for action sequences that follow geodesic
paths in hyperbolic latent space. Together, H-JEPA and
GRL form the core of GeoWorld, enabling geometry-aware
multi-step planning in predictive world models, as shown in
Figure 3.

For preliminaries on JEPA [41], hyperbolic geometry,
and the value function in RL, see Appendix 1.

3.2. Hyperbolic JEPA
From a representation perspective, we aim to learn a map-
ping from states onto a hyperbolic space Hn such that
the optimal plan corresponds to a geodesic in hyperbolic
space. Hence, we propose Hyperbolic JEPA (H-JEPA),
which models latent dynamics on the hyperbolic manifold
to preserve hierarchical relations and underlying geometric
coherence during multi-step planning.

We define the observation at time t as xt. Eθ(·) denotes
the pretrained encoder [3], which encodes the observation
xt into the latent state sxt :

sxt = Eθ(xt) ∈ Rn. (1)

To effectively map the encoder output from Euclidean
space Rn to hyperbolic space Hn, we interpret the Eu-
clidean embedding sxt as a tangent vector in the tangent
space T0Hn at the origin. We then apply the exponential
map at the origin of the Poincaré ball model Bn

c with cur-
vature K = −c, which projects the tangent vector onto the
hyperbolic manifold, as detailed in Appendix 1.5.1.
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Figure 3. Overview of GeoWorld. Our geometric world model integrates Hyperbolic JEPA for geometry-preserving latent dynamics
and Geometric Reinforcement Learning for geodesic-consistent multi-step refinement. Together with energy-based planning using CEM,
GeoWorld enables stable and geometry-aware long-horizon visual planning.

Formally, the hyperbolic latent state is obtained as

sxt,H = exp0(s
x
t ) = tanh

(√
c∥sxt ∥

) sxt√
c∥sxt ∥

, sxt,H ∈ Bn
c .

(2)
Then the action-conditioned predictor Pϕ(·) takes a se-

quence of hyperbolic latent states (sxt,H)
T
t=1 and a corre-

sponding sequence of actions (at)Tt=1 as input, and predicts
the sequence of next-state representations (ŝxt+1,H)

T
t=1 over

a planning horizon T :

(ŝxt+1,H)
T
t=1 = Pϕ

(
(sxt,H, at)

T
t=1

)
. (3)

and θ and ϕ denote the parameters (weights) of the en-
coder and predictor networks, respectively.

3.3. Training Objective
The supervised training objective of H-JEPA is to learn a
predictive world model that follows the geodesic path of
minimum energy cost between the current and target latent
states in hyperbolic space. Specifically, the model min-
imizes the Poincaré-ball hyperbolic distance dH between
the predicted and true latent representations, as defined in
Eq. 68 of Appendix 1.5.1, ensuring that each transition
aligns with the lowest-energy trajectory on the manifold.

The objective consists of a joint loss combining a
teacher-forcing loss and a rollout loss. The teacher-forcing
loss encourages accurate one-step prediction by aligning the
predicted next-state representation with the ground-truth la-
tent embedding, while the rollout loss recursively feeds the
model’s own predictions as inputs to enforce temporal con-
sistency across multiple future steps.

Teacher Forcing The teacher-forcing loss trains the
model to accurately perform one-step future prediction by
minimizing the hyperbolic geodesic distance dH between
the predicted latent representation ŝxt+1,H and the encoded
ground-truth latent sxt+1,H at each time step t:

LTF(θ, ϕ) =
1

T

T∑
t=1

dH
(
Pϕ

(
exp0

(
Eθ(xt)

)
, at

)
,

exp0
(
Eθ(xt+1)

))
(4)

=
1

T

T∑
t=1

dH
(
ŝxt+1,H, s

x
t+1,H

)
(5)

=
1

T

T∑
t=1

1√
c
arcosh(1

+ 2c
∥ŝxt+1,H − sxt+1,H∥2

(1− c∥ŝxt+1,H∥2)(1− c∥sxt+1,H∥2)

)
(6)

Rollout The rollout loss feeds the predictor’s output back
as input, enabling the model to learn multi-step future pre-
diction. In this case, we design a two-step rollout loss to
enhance the model’s capability for long-horizon planning:

Lrollout(θ, ϕ) =
1

T

T∑
t=1

dH
(
Pϕ

(
exp0

(
Eθ(xt)

)
, at, at+1

)
,

exp0
(
Eθ(xt+2)

))
(7)

=
1

T

T∑
t=1

dH
(
ŝxt+2,H, s

x
t+2,H

)
(8)

=
1

T

T∑
t=1

1√
c
arcosh(1

+ 2c
∥ŝxt+2,H − sxt+2,H∥2

(1− c∥ŝxt+2,H∥2)(1− c∥sxt+2,H∥2)

)
,

(9)
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Total Loss Hence, the total loss in the supervised stage is
defined as

LSFT(θ, ϕ) = λLTF(θ, ϕ) + (1− λ)Lrollout(θ, ϕ), (10)

where λ is a loss weighting hyperparameter.
Together, these two components train the predictor to

learn smooth, geodesically consistent trajectories that cap-
ture both short-term accuracy and long-horizon stability
within the hyperbolic latent space.

3.4. Geometric Reinforcement Learning
We propose a Geometric Reinforcement Learning (GRL)
approach that improves the predictor in multi-step planning
by adjusting its energy-based value representation, aligning
lower energy with higher expected reward.

Energy Cost Given a frozen encoder E and a trainable
predictor Pϕ, we define the energy cost of moving from
state sxt,H to state sxt+1,H as

ct(s
x
t,H, s

x
t+1,H) = dH

(
Pϕ

(
exp0

(
E(xt)

)
, at

)
, exp0

(
E(xt+1)

))
(11)

= dH(ŝ
x
t+1,H, s

x
t+1,H). (12)

which ideally indicates that we aim to minimize the en-
ergy cost of moving from state sxt,H to state sxt+1,H, which is
identical to minimizing the geodesic distance between the
predicted state ŝxt+1,H and the target state sxt+1,H.

Reward We then define the reward as the negative energy
cost of moving between states:

rt(s
x
t,H, at, s

x
t+1,H) = −ct(s

x
t,H, s

x
t+1,H). (13)

Path Value Function As mentioned in Appendix 1.6, the
value function V is a mathematical object that quantifies the
amount of energy required for an agent to reach optimality
from a given state to a target state, where lower energy cor-
responds to a higher expected cumulative reward.

Hence, the path value function between the current and
goal latent states, given a planning horizon T , is defined as
the expected cumulative reward:

V (sx1,H, s
x
1+T,H) = Ea1:T∼ϕ

[
T∑

t=1

γt−1rt(s
x
t,H, at, s

x
t+1,H)

]
,

(14)
where γ ∈ [0, 1) is the discount factor.
Our objective is to maximize the total reward (i.e., maxi-

mize the return) such that Pϕ follows the geodesics. There-

fore, the optimal path value function maximizes the ex-
pected cumulative reward:

V ∗(sx1,H, s
x
1+T,H) = max

ϕ
Ea1:T∼ϕ

[
T∑

t=1

γt−1 rt(s
x
t,H, at,

sxt+1,H)
]
.

= min
ϕ

Ea1:T∼ϕ

[
T∑

t=1

γt−1 dH(ŝ
x
t+1,H,

sxt+1,H)
]
. (15)

which is equivalent to minimizing the total hyperbolic
distance between the predicted and target states.

Triangle Inequality Regularization The hyperbolic
geodesic distance dH satisfies the triangle inequality. There-
fore, for any consecutive triplet in the predictor’s rollouts:

dH(ŝ
x
t,H, ŝ

x
t+2,H) ≤ dH(ŝ

x
t,H, ŝ

x
t+1,H) + dH(ŝ

x
t+1,H, ŝ

x
t+2,H).

(16)
This indicates that minimizing the sum of consecutive

step distances encourages the predicted trajectory to align
with the geodesic path. Hence, we introduce a regulariza-
tion term:

L∆ =
1

T − 2

T−2∑
t=1

[
dH(ŝt, ŝt+2)− dH(ŝt, ŝt+1)

−dH(ŝt+1, ŝt+2)
]
+
. (17)

This term enforces multi-step rollout consistency by
encouraging predicted trajectories to satisfy hyperbolic
geodesic properties.

Total Loss Hence, the total loss in Geometric Reinforce-
ment Learning can be expressed as

LGRL(ϕ) = Ea1:T∼ϕ

[
T∑

t=1

γt−1dH(ŝ
x
t+1,H, s

x
t+1,H)

]
+βL∆.

(18)
where β is the regularization factor.

3.5. Energy-Based Planning
We then perform energy-based planning after training, with
the frozen encoder E and predictor P . The predictor serves
as a world model, capable of predicting how latent repre-
sentations evolve when an action sequence is applied. Dur-
ing planning, we search for an optimal action sequence that
follows the geodesic path between the current and goal la-
tent states, effectively minimizing a goal-conditioned en-
ergy cost defined in the hyperbolic latent space.
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Given the current observation x1, the future target x1+T ,
and the planning horizon T , we encode the current and goal
observations as

sx1,H = exp0(E(x1)), sx1+T,H = exp0(E(x1+T )).
(19)

We then define the energy cost function C based on the
Poincaré geodesic distance, which measures the hyperbolic
energy between the predicted and goal latent states over the
planning horizon:

C((ât)
T
t=1; s

x
1,H, s

x
1+T,H) = dH

(
P ((ât)

T
t=1; s

x
1,H), s

x
1+T,H

)
,

(20)
Hence, the optimal action sequence (a∗t )

T
t=1 is obtained

by minimizing this hyperbolic energy cost:

(a∗t )
T
t=1 = arg min

(ât)Tt=1

dH
(
P ((ât)

T
t=1; s

x
1,H), s

x
1+T,H

)
.

(21)
The optimization is performed with the Cross-Entropy

Method (CEM) [23], as detailed in Algorithm 1 of Ap-
pendix 1.3.3

(a∗t )
T
t=1 = CEM(x1, x1+T , P (·), E(·), T, N, K, I, µ0, Σ0)

(22)
where x1 is the current observation, x1+T is the goal ob-
servation, Pϕ is the predictor, E(·) is the encoder, T is the
planning horizon, N is the number of samples, K is the
number of elites, I is the number of iterations, and (µ0,Σ0)
denote the initial mean and covariance of the action distri-
bution.

4. Experiments
4.1. Benchmarks and Evaluation Metrics
Benchmarks For evaluating our world model’s capa-
bility in multi-step goal-conditioned planning, we adapt
two standard goal-conditioned visual planning datasets,
CrossTask [88] and COIN [71], which contain diverse fine-
grained action labels and timestamps of human daily activ-
ities.

CrossTask consists of 4.7K videos across 83 tasks, cov-
ering 105 actions, with an average of 8 actions per video.
The total duration is 375h.

COIN consists of 11,287 videos across 180 tasks, cov-
ering 778 actions, with an average of 3.9 actions per video.
The total duration is 476h.

Metrics Following previous works in goal-conditioned
visual planning [7], we adopt three metrics for evaluation:
(1) Success Rate (SR) computes whether the predicted ac-
tion sequence exactly matches the ground truth sequence.
(2) Mean Accuracy (mAcc) computes the average accuracy

of the predicted actions at each time step. (3) Mean Inter-
section over Union (mIoU) quantifies the overlap between
the predicted procedure and the ground truth.

4.2. Baseline and Evaluation Protocol
We follow previous works [3, 7, 15, 59] and evaluate goal-
conditioned visual planning in two setups based on the
modality of the observation and the target, as discussed in
Section 2. For procedural planning [15], both observations
and goals are specified as images, which is more aligned
with the traditional visual planning setup. For visual plan-
ning with videos [59], both observations and goals are spec-
ified as video clips, which more faithfully reflect the tempo-
ral–spatial information in the real world.

For both setups, evaluation is conducted over a planning
horizon T , where the model outputs a sequence of T actions
given the observation and the goal.

In both setups, we include three categories of baselines.
LLM-based methods leverage LLMs or VLMs for reason-
ing and planning [20, 36, 42, 52, 53, 76, 79]. Genera-
tive (world) models explicitly generate pixels or latent vi-
sual tokens that decode into pixels for planning [7, 15,
50, 59, 61, 75, 86, 87]. Predictive (world) models pre-
dict a sequence of actions without relying on pixel gener-
ation [1, 3, 27, 68, 69, 74].

There are two extra baselines in the procedural plan-
ning setup. Random randomly selects an action from all
actions and serves as the empirical lower bound of per-
formance [15]. The Retrieval-Based approach retrieves
the nearest neighbor by minimizing the visual feature dis-
tance within the training dataset, and the action sequence
associated with the retrieved neighbor is then used as the
plan [87].

Besides, for both V-JEPA 2 [3] and our GeoWorld, we
adopt frozen encoders, while for VideoWorld [59] we per-
form full finetuning. For general VLMs [20, 53, 76, 79] in
visual planning with videos, all evaluations are conducted
in a zero-shot setting. For more details on the baselines, see
Appendix 3.

4.3. Implementation Details
For a fair comparison, both the V-JEPA 2 [3] baseline
and our GeoWorld adopt frozen encoders pretrained on
VideoMix22M. The exponential map exp0(·) is imple-
mented and trained as a differentiable hyperbolic projec-
tion layer, where the curvature c is treated as a learnable
parameter [14]. The predictor network Pϕ(·) is a ∼ 300M-
parameter transformer with 24 layers, 16 heads, a 1024-
dimensional hidden size, and GELU activations.

We conduct a two-stage training procedure for both V-
JEPA 2 and our GeoWorld, consisting of supervised post-
training followed by geometric reinforcement learning.

In the supervised post-training stage, both V-JEPA 2 and
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Table 1. Goal-conditioned visual planning with images on CrossTask [88] and COIN [71] datasets. We evaluate multi-step planning
over a horizon T under the procedural planning setup [15], where both observations and goals are specified as images.

Method
CrossTask Dataset [88] COIN Dataset [71]

T=3 T=4 T=3 T=4

SR mAcc mIoU SR mAcc mIoU SR mAcc mIoU SR mAcc mIoU

Random [15] 0.01 0.94 1.66 0.01 1.83 1.66 0.01 0.01 2.47 0.01 0.01 2.32
Retrieval-Based [87] 8.05 23.30 32.06 3.95 22.22 36.97 – – – – – –

LLM-Based
LFP [42] 30.55 59.59 76.86 15.97 50.70 75.30 30.64 54.72 76.86 15.97 50.70 75.30
VidAssist (zero-shot) [36] 14.60 52.60 68.38 9.89 40.85 70.35 18.44 50.63 75.64 9.07 42.72 80.83
VidAssist [36] 28.85 58.12 75.36 15.45 51.51 72.61 29.20 54.76 78.02 20.78 49.07 78.93
SCHEMA [52] 38.93 63.80 79.82 24.50 58.48 76.48 32.09 49.84 83.83 22.02 45.33 83.47

Generative (World) Models
DDN [15] 12.18 31.29 47.48 5.97 27.10 48.46 13.90 20.19 64.78 11.13 17.71 68.06
Int-MGAIL [7] 17.03 44.66 58.08 9.47 37.16 57.24 – – – – – –
Ext-MGAIL [7] 21.27 49.46 61.70 16.41 43.05 60.93 – – – – – –
P3IV [86] 23.34 49.96 73.89 13.40 44.16 70.01 15.40 21.67 76.31 11.32 18.85 70.53
PDPP [75] 37.20 64.67 66.57 21.48 57.82 65.13 21.33 45.62 51.82 14.41 44.10 51.39
KEPP [50] 38.12 64.74 67.15 24.15 59.05 66.64 20.25 39.87 51.72 15.63 39.53 53.27
ActionDiffusion [61] 37.79 65.38 67.45 22.43 59.42 66.04 24.00 45.42 54.29 18.04 44.54 56.23
MTID [87] 40.45 67.19 69.17 24.76 60.69 67.67 30.44 51.70 59.74 22.74 49.90 61.25

Predictive (World) Models
WLTDO [27] 1.87 21.64 31.70 0.77 17.92 26.43 – – – – – –
UAAA [1] 2.15 20.21 30.87 0.98 19.86 27.09 – – – – – –
UPN [68] 2.89 24.39 31.56 1.19 21.59 27.85 – – – – – –
PlaTe [69] 16.00 36.17 65.91 14.00 35.29 55.36 – – – – – –
E3P [74] 26.40 53.02 74.05 16.49 48.00 70.16 19.57 31.42 84.95 13.59 26.72 84.72
V-JEPA 2 ViT-L [3] 43.33 68.63 67.84 27.53 63.80 65.45 32.10 54.25 61.18 20.86 52.61 64.33
V-JEPA 2 ViT-H [3] 44.07 70.18 68.32 28.75 64.71 66.82 32.76 55.37 61.57 22.60 53.19 65.74
V-JEPA 2 ViT-g [3] 44.84 71.62 68.87 30.03 65.04 67.93 33.42 56.29 63.31 23.04 54.47 66.13
V-JEPA 2 ViT-g384 [3] 45.58 72.74 69.42 31.36 65.45 69.21 34.08 57.20 64.53 23.43 55.58 66.57
GeoWorld ViT-L (Ours) 43.89 68.96 82.93 27.64 64.35 79.43 33.42 57.26 88.03 24.96 52.92 85.26
GeoWorld ViT-H (Ours) 45.33 70.84 84.70 29.19 65.47 80.16 34.08 58.70 88.42 26.24 53.66 87.17
GeoWorld ViT-g (Ours) 46.25 71.95 85.44 30.63 66.02 81.82 34.41 60.47 89.00 27.46 54.55 88.20
GeoWorld ViT-g384 (Ours) 47.47 73.69 86.55 31.48 67.30 82.48 34.85 61.86 89.88 27.79 55.97 88.61

GeoWorld are trained with the AdamW optimizer [45] us-
ing a warmup–constant–decay learning rate schedule and a
constant weight decay of 0.04. We linearly warm up the
learning rate from 7.5 × 10−5 to 4.25 × 10−4 over 4500
iterations, hold it constant for 85,500 iterations, and then
decay it to 0 over the final 4500 iterations, with a batch size
of 256.

For geometric reinforcement learning, we keep the same
AdamW optimizer and weight decay as in the supervised
post-training stage, but adopt a smaller learning rate and a
shorter schedule due to the higher variance of the RL ob-
jective. Specifically, we linearly warm up the learning rate
from 5.0×10−5 to 2.0×10−4 over 2,000 iterations, hold it
constant for 18,000 iterations, and then linearly decay it to
0 over the final 5,000 iterations, with a batch size of 128.
Unless otherwise specified, we set the discount factor to
γ = 0.99 and the triangle-inequality regularization weight
to β = 0.1.

For energy-based planning with CEM [23], we adopt a
sample size of N = 800, an elite set size of K = 80, and
I = 10 refinement iterations.

The entire training is conducted on 4 nodes, each
equipped with 8 NVIDIA H100 GPUs, 48-core Intel Xeon
Platinum 8469C CPUs, and 230 GB of RAM. We use only
a single H100 GPU for inference.

4.4. Main Results

As shown in Table 1 and 2, GeoWorld consistently im-
proves multi-step goal-conditioned visual planning across
both CrossTask and COIN. Under the procedural planning
setup, GeoWorld yields notable gains over prior predictive
world models, especially in long-horizon settings, achiev-
ing higher SR, mAcc, and mIoU for both T=3 and T=4.
In the video-based planning setup, GeoWorld continues to
outperform V-JEPA 2 across all model scales, with the ViT-
g384 variant achieving the best overall results and surpass-
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Table 2. Goal-conditioned visual planning with videos on CrossTask [88] and COIN [71] datasets. We evaluate multi-step planning
over a horizon T under the visual planning with videos [59] setup, where both observations and goals are specified as video clips.

Method
CrossTask Dataset [88] COIN Dataset [71]

T=3 T=4 T=3 T=4

SR mAcc mIoU SR mAcc mIoU SR mAcc mIoU SR mAcc mIoU

LLM-Based
InternVL3.5-241B [76] 44.03 70.01 84.41 27.65 63.54 80.13 36.54 57.22 89.02 25.46 55.30 88.22
Qwen3-VL-Max [79] 45.47 70.93 86.18 28.76 62.91 81.51 37.56 57.80 90.46 26.17 57.13 87.56
Gemini 2.5 Pro [20] 48.91 73.82 90.30 31.53 60.58 84.56 42.07 61.02 92.94 30.20 60.13 84.82
GPT-5 [53] 50.03 72.38 91.18 30.20 64.48 82.15 43.84 64.67 91.12 32.64 56.84 86.38

Generative (World) Models
VideoWorld [59] 41.59 66.11 82.64 25.50 60.26 76.85 34.88 54.71 85.58 23.74 51.27 85.33

Predictive (World) Models
V-JEPA 2 ViT-L [3] 43.36 69.55 84.75 28.86 64.34 78.40 36.10 56.70 87.02 25.29 53.30 87.21
V-JEPA 2 ViT-H [3] 46.02 71.98 87.29 32.18 67.23 80.84 39.42 59.42 89.44 27.38 56.07 90.20
V-JEPA 2 ViT-g [3] 48.13 73.42 89.62 33.46 69.26 82.61 40.97 61.86 90.77 29.60 57.73 92.23
V-JEPA 2 ViT-g384 [3] 50.16 74.86 91.73 35.01 70.24 85.05 42.74 64.08 91.88 31.63 59.28 94.51
GeoWorld ViT-L (Ours) 44.80 70.54 86.30 30.63 65.46 79.73 37.76 58.14 88.00 26.40 54.52 88.98
GeoWorld ViT-H (Ours) 47.79 74.42 88.84 34.51 68.89 82.95 40.40 60.97 91.66 28.82 58.10 91.48
GeoWorld ViT-g (Ours) 49.23 76.64 90.61 35.49 71.00 84.50 42.84 62.63 93.69 29.93 60.65 92.81
GeoWorld ViT-g384 (Ours) 51.71 77.30 92.95 37.04 71.35 87.04 45.29 65.52 93.91 33.29 61.56 95.84

Table 3. Long horzion planning on CrossTask [88].

Method
Successful Rate (SR, %)

T=3 T=4 T=5 T=6

Procedural Planning (PP)

Random [15] 0.01 0.01 0.01 0.01
Retrieval-Based [87] 8.05 3.95 2.40 1.10
DDN [15] 12.18 5.97 3.10 1.20
P3IV [86] 23.34 13.40 7.21 4.40
E3P [74] 26.40 16.49 8.96 5.76
PDPP [75] 37.20 21.48 13.45 8.41
KEPP [50] 38.12 24.15 14.20 9.27
SCHEMA [52] 38.93 24.50 14.75 10.53
MTID [87] 40.45 24.76 15.26 10.30
V-JEPA 2 ViT-L [3] 43.33 27.53 16.94 11.55

GeoWorld ViT-L (Ours) 43.89 27.64 17.38 12.37

Visual Planning with Videos

VideoWorld [59] 41.59 25.50 15.36 10.97
InternVL3.5-241B [76] 44.03 27.65 17.31 12.44
Qwen3-VL-Max [79] 45.47 28.76 17.95 13.20
Gemini 2.5 Pro [20] 48.91 31.53 20.08 15.93
GPT-5 [53] 50.03 30.20 21.46 16.07
V-JEPA 2 ViT-g384 [3] 50.16 35.01 23.17 16.88

GeoWorld ViT-g384 (Ours) 51.71 37.04 24.83 18.26

ing strong LLM-based planners. These improvements high-
light the effectiveness of geometry-aware latent dynamics
and geometric reinforcement learning in enhancing long-
horizon stability and planning accuracy.

For ablation study, please refer to Appendix 5.

4.5. Long-Horizon Planning
Table 3 highlights GeoWorld’s strength in long-horizon
planning. As the horizon increases from T = 3 to T = 6,
the performance of existing predictive and generative world
models consistently degrades due to accumulated geometric
drift in Euclidean latent space. In contrast, GeoWorld main-
tains higher stability and achieves the best Success Rate
across all horizons.

5. Conclusion
We introduced GeoWorld, a geometric world model de-
signed to improve long-horizon visual planning by pre-
serving geometric structure and hierarchical relations in la-
tent space. Through Hyperbolic JEPA, GeoWorld maps
Euclidean latent representations onto a hyperbolic man-
ifold, enabling geodesic-aware latent dynamics that pro-
duce a more structured and physically meaningful en-
ergy landscape. Building on this representation, Geomet-
ric Reinforcement Learning refines the predictor via hy-
perbolic energy optimization and triangle-inequality regu-
larization, yielding geodesic-consistent rollouts and reduc-
ing error accumulation across extended horizons. Exten-
sive experiments on CrossTask and COIN demonstrate that
GeoWorld consistently improves long-horizon performance
over strong predictive world models such as V-JEPA 2,
achieving higher success rates across T = 3 to T = 6 plan-
ning. These results highlight the importance of incorporat-
ing geometric principles into predictive world models and
reinforce the value of geometry-aware reinforcement learn-
ing for stable and effective multi-step planning.
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