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Abstract

Joint-Embedding Predictive Architectures (JEPAs) underpin a growing family of1

latent world models for control from raw pixels, but every existing JEPA world2

model commits at training time to a single inference paradigm: either trajectory3

optimisation in a learned dynamics model, or direct behaviour cloning. A single4

checkpoint that serves both would defer this choice to inference, when deployment5

constraints (rollout cost, observation accessibility) determine which path wins.6

We present Qantara, an end-to-end JEPA whose joint training objective pairs a7

Brownian-bridge interpolant between consecutive clean latents on the state axis8

with noise-to-data flow matching on the action axis. The same checkpoint serves9

three inference paradigms without retraining: latent planning, behaviour-cloning10

action sampling, and inverse dynamics, which we query through a video–inverse11

composition that first predicts the next latent without action conditioning, then12

extracts the action. Training concentrates mass on the edges of the (action-time,13

state-time) noise square, where inference queries the predictor: replacing it with14

uniform interior sampling drops Push-T planning from 90.1 to 53.3 SR at matched15

compute. On the LeWM control suite, Qantara reaches a 91.2 SR three-train-seed16

average and sets new SOTA on OGBench-Cube (+7.7 SR over DINO-WM, +19.717

over LeWM). From the same weights, the behaviour-cloning and video–inverse18

paths reach 82–83 SR on Push-T and 71–73 SR on Cube, lifting JEPA world19

models from single-paradigm planners to multi-paradigm controllers.20

1 Introduction21

A robot deployed for visuomotor control faces inference-time constraints (per-step latency, the size22

of the action search space, whether a goal observation can be supplied) that the training run cannot23

anticipate. The same learned predictor is useful in different ways under different constraints: rolled24

out as a forward dynamics simulator under a planner when the search budget allows, or read off as25

a behaviour-cloning policy when latency is tight. Every JEPA world model trained from pixels for26

control today commits to one of these inference paradigms at training time, and a checkpoint trained27

for one cannot serve the others without retraining.28

Two clusters of prior work tile the relevant design space. Sub-billion JEPA world models commit to a29

single inference paradigm: PLDM [36], DINO-WM [42], and LeWM [29, 4] train action-conditional30

latent dynamics and plan via trajectory optimisation, while V-JEPA-2-AC [3] post-trains a 300M31

action head on a 1B video JEPA for direct behaviour cloning. Multi-paradigm checkpoints exist32

in a second cluster that operates in pixel space at billion-class scale: PAD, UVA, UWM, DUST,33

and Cosmos Policy [16, 22, 43, 39, 21] denoise observations and actions jointly and serve forward34

dynamics, inverse dynamics, and behaviour policy from one set of weights. The (sub-billion JEPA,35

multi-paradigm) cell is empty.36
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Figure 1: Qantara training and edge-aligned (τa, τz) sampling. Left: block-causal predictor on
(a, z) tokens; a clean prefix conditions the noisy continuation and per block the action head emits an
action velocity va while the state head emits a latent residual that yields ẑ. Right: per-token (τa, τz)
are drawn under five 1D modes: the four edges of [0, 1]2 (forward, policy, inverse, video) and
the joint diagonal; the 2D interior is never sampled, concentrating capacity on the regions queried
at inference.

Filling the empty cell is non-trivial. Planning, behaviour cloning, and inverse dynamics each query37

the predictor at a different combination of clean and noisy inputs on the action and state axes, so38

a training objective tuned for one combination under-trains the others. Single-paradigm training39

concentrates capacity along one such combination and leaves the remaining ones under-trained.40

The technical question is whether a single sub-billion JEPA can support all three combinations at41

deployment without paying a cost on any of them.42

In this paper, we present Qantara, an end-to-end pixel JEPA world model whose joint training43

objective pairs a Brownian-bridge interpolant on the state axis between consecutive clean latents44

with noise-to-data flow matching on the action axis [28, 24, 23, 2]. Per-token noise levels (τa, τz)45

are sampled along the four edges of the [0, 1]2 noise square (one edge per inference dispatch) plus a46

fifth diagonal mode that co-regularises the shared trunk. The same training objective populates the47

four corners that planning, behaviour cloning, and inverse dynamics query at deployment. From a48

single ∼21M-parameter checkpoint, Qantara serves three inference paradigms without retraining:49

goal-conditioned latent planning, behaviour-cloning sampling, and a video–inverse composition that50

first predicts the next latent without action conditioning and then recovers the action that bridges the51

two.52

We make three contributions. (1) We present Qantara, a sub-billion JEPA world model that defers53

the planning-vs-imitation choice to inference by pairing a Brownian bridge on the state axis with54

edge-aligned (τa, τz) sampling on the action axis (§2). (2) On the LeWM-suite [29], Qantara55

averages 91.2 SR and sets a new SOTA on OGBench-Cube (+7.7SR over DINO-WM); from the56

same checkpoint, the behaviour-cloning and video–inverse dispatches read off at ∼15–65× lower57

inference cost (§3.2, §3.3). (3) We identify a corner co-regularisation effect: dropping any of the58

policy, inverse, or joint modes destabilises Push-T training even on inference paths whose59

noise-square corner the dropped mode does not cover (§3.4).60

2 Method61

We present Qantara, a joint model of latents and their generating actions, trained offline from62

trajectories {(ot, at)}Tt=0 of pixel observations ot and actions at∈Rda , without rewards or task labels.63

The section describes the world-action model: predictor architecture and the joint bridge-flow training64

objective pairing a Brownian-bridge interpolant on the state axis with flow matching on the action65

axis (§2.1); the three inference paradigms the trained predictor drives from a single set of weights66

(§2.2); and the edge-aligned (τa, τz) sampling that concentrates training capacity on the regions67

inference queries (§2.3). Figure 1 sketches the predictor (left) and the sampling design (right).68
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2.1 Learning the world-action model69

Model architecture. Qantara consists of an encoder Eϕ that maps each frame ot to a d-dimensional70

latent zt=Eϕ(ot), and a predictor fθ that models the joint distribution pθ of actions and future latents71

along a trajectory. We organise the trajectory into a sequence of blocks indexed by t∈{0, . . . , T},72

where each block bundles latent zt with the action that produced it; for block 0 a learnable start-of-73

sequence token stands in for the non-existent prior action. The predictor factors pθ autoregressively74

across blocks but jointly within each block: at step t, the pair (at, zt+1) of action and resulting latent75

(which together populate block t+1) is predicted jointly given the prefix (z≤t, a<t). For any clean76

(un-noised) prefix length t′∈{0, . . . , T − 1}, the chain rule then gives77

pθ(at′:T−1, zt′+1:T | z≤t′ , a<t′) =

T−1∏
t=t′

pθ(at, zt+1 | z≤t, a<t), (1)

and fθ parameterises each per-block conditional with a transformer whose attention is block-causal78

across blocks (realising Eq. 1) and bidirectional within a block, so the action and state tokens of a79

block are denoised jointly under the bridge-flow objective detailed below; intra-block bidirectionality80

bakes in no fixed conditioning order between the two, leaving the inference-time denoising order as a81

sampling choice.82

Joint bridge-flow matching. At training time the predictor reads a sequence split into a random83

observed context and a noised continuation it must denoise:84 [
a−1 z0 a0 z1 · · · at−1 zt︸ ︷︷ ︸

context (observed)

ãt z̃t+1 · · · ãT−1 z̃T︸ ︷︷ ︸
noised (to denoise)

]
. (2)

Each action and state token carries its own scalar τ ∈ [0, 1], indexed by the token’s time (τat for action85

token at, τzt for state token zt); τ =1 is the clean endpoint and τ =0 the source endpoint. Each τ86

is fed to the predictor as a sinusoidal time-encoding through per-token AdaLN modulation [32, 33].87

The two axes use different interpolants because inference exposes a different anchor at τ=0 on each.88

Actions have no anchor: at every rollout step the planner queries the predictor for an action it does89

not yet possess, so the τat =0 source must be task-agnostic and we adopt the standard noise-to-data90

flow-matching interpolant [23, 26, 2, 12],91

ãt = τat at + (1− τat ) εa, εa ∼ N (0, I). (3)

The latent, by contrast, always has the previous clean zt as a free anchor; pairing it with the unknown92

target zt+1 as endpoints of a Brownian-bridge interpolant [2, 24, 28] gives93

z̃t+1 = (1− τzt+1) zt + τzt+1 zt+1 + γ
√

τzt+1(1− τzt+1) εz, εz ∼ N (0, I), (4)

whose τzt+1 = 0 source is exactly the previous latent the planner feeds in at deployment. This94

source-inference alignment frees the model from learning to project arbitrary Gaussian noise back to95

the latent manifold and concentrates capacity on the on-manifold transition zt+1−zt, which is what96

distinguishes one rollout step from the next.97

Training objective. For each noisy target block, the transformer produces a hidden vector per token,98

contextualised over earlier blocks (block-causal attention) and the same-block partner (within-block99

bidirectional attention):100

(ha
t , h

z
t+1) = fθ

(
ã≤t, z̃≤t+1

)
. (5)

The state head reads hz
t+1 and emits a residual on the previous clean latent; the action head reads ha

t101

and emits an action velocity,102

ẑt+1 = zt + headz
(
hz
t+1

)
, (6)

vat = heada
(
ha
t

)
. (7)

The state-head residual form (Eq. 6) pairs with zero-initialised final-layer weights, making the103

predictor the identity at initialisation (ẑt+1=zt); we ablate the residual choice in §3.4. The state-axis104

bridge loss and action-axis flow-matching loss are105

L z
B = E ∥ẑt+1 − zt+1∥22, (8)

L a
FM = E ∥vat − (at − εa)∥22, (9)
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where the expectation is over data transitions (zt, at, zt+1), flow times (τat , τ
z
t+1) sampled per §2.3,106

and independent Gaussian noises εa, εz ∼N (0, I). Optimising L z
B alone admits a collapse: if the107

encoder outputs the same latent for every frame, the bridge target is trivially matched and the action108

head sees no state information to condition on. We add SIGReg [4], the Sketched-Isotropic-Gaussian109

regulariser, applied to the batch of clean latents {z0, . . . , zT } to drive their distribution toward an110

isotropic Gaussian; the total objective is111

L = λz L z
B + λa L a

FM + λSIG SIGReg
(
{z0, . . . , zT }

)
, (10)

with λz=3, λa=1, and λSIG=0.09. All components (encoder, predictor, and the action and state112

heads) are trained jointly from scratch. We adopt LeWM’s no-heuristics training recipe [29]: no113

stop-gradient on encoder outputs, no EMA target encoder, and no pretrained representations, with114

SIGReg as the sole anti-collapse mechanism.115

2.2 Inference: three paradigms from a single checkpoint116

Every control step has the same setup: the encoder produces a clean latent that extends the context117

prefix (z≤t, a<t), and we need to produce the next action at to execute. Because at lives in the joint118

target block (at, zt+1), the same checkpoint admits three qualitatively different ways to obtain it,119

depending on whether an encoded goal vector is supplied at inference. Without such a vector, the120

predictor reproduces the behaviour policy implicit in the training data: behaviour-cloning sampling121

denoises at directly from the action head with the prefix held clean, and video–inverse composition122

reaches the same target through two queries: predict the next latent under an action prior, then123

recover the action that produces the transition. With an encoded goal vector supplied, latent planning124

repurposes the predictor as a forward dynamics simulator and recovers an action sequence whose125

predicted terminal latent lies close to the goal.126

Geometrically, each query fixes one of (τat , τ
z
t+1) at 0 or 1 and sweeps the other from 0 to 1, tracing a127

single side of the [0, 1]2 noise-time square (Figure 1). We call these four sides the edges of the square128

and refer to each dispatch by the edge it traverses (policy, forward, video, or inverse); training129

concentrates capacity along them (§2.3).130

Behaviour-cloning sampling. We sample at directly from the BC conditional pθ(at |z0:t, z̃t+1=131

zt) along the policy edge (τz = 0, τa : 0 → 1), where the predictor acts as a state-conditional132

behaviour policy. With the state slot of block t+1 held at zt, the action slot starts as Gaussian noise133

and K Euler steps on the velocity head sweep it to a clean sample,134

ã(k+1) = ã(k) + 1
K va

(
ã(k), τat =k/K

)
, ã(0) ∼ N (0, I), k = 0, . . . ,K−1, (11)

giving at = ã(K). At deployment we run K = 2 Euler steps over a context window of length135

T =4 matching training. The joint diagonal (τa=τz , denoising both slots in lockstep) is a natural136

alternative but slightly underperforms the policy edge.137

Video–inverse composition. The BC conditional pθ(at |z0:t) also factorises through the next latent,138

as in UniPi’s video-as-policy paradigm [11]; here the “video” factor is the predicted JEPA latent ẑt+1139

(not a pixel frame), and no decoder runs at inference. By the chain rule,140

pθ(at |z0:t)︸ ︷︷ ︸
BC dispatch

=

∫
pθ(zt+1 |z0:t)︸ ︷︷ ︸

video edge

pθ(at |z0:t, zt+1)︸ ︷︷ ︸
inverse edge

dzt+1, (12)

which we approximate by point-evaluating at the conditional mean ẑt+1 of the video factor. The141

two factors traverse two edges of the (τa, τz) square. First, the video edge (τa = 0, τz : 0→ 1):142

with the action slot filled by pure Gaussian noise (carrying no information about at), the predictor143

reduces to an action-free latent dynamics model and reads off ẑt+1≈E[zt+1 | z0:t, z̃t+1= zt], the144

action-marginal next latent under the training-time action prior. We follow the JEPA world model145

convention in calling this the video edge [42, 3, 29]; we operate in latent space and never decode146

pixels. Second, the inverse edge (τz = 1, τa : 0→ 1): with both transition endpoints clean (zt147

on the prefix and ẑt+1 on the state slot, action slot from Gaussian noise), K Euler steps recover148

at∼pθ(at |z0:t, z̃t+1= ẑt+1), the inverse-dynamics action that bridges zt to ẑt+1. The composition149

gains 1–2SR over BC sampling on Push-T and Cube, and ties within ±1.5SR on Two-Room and150

Reacher (§3.3).151
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Latent planning. Given a goal observation og encoded to zg =Eϕ(og), we search for an action152

sequence a∗0:H−1 minimising the terminal cost C(ẑH)= ∥ẑH−zg∥22, following LeWM [29]. Each153

rollout step queries the forward edge (τa =1, τz : 0→ 1): with the candidate clean action at on154

the action slot and the previous latent zt on the state slot, the predictor acts as a forward dynamics155

model and reads off ẑt+1≈E[zt+1 |z0:t, at, z̃t+1=zt] from the residual head (Eq. 6). We iterate the156

predictor recursion for K denoising steps along τz : 0→1 to sharpen the ẑt+1 estimate (K=4; flat157

sweep over {1, 2, 4} in App. G). The search uses the Cross-Entropy Method [35] with N Gaussian-158

proposal candidates and elite-set refit; rollouts accumulate prediction error with horizon, so we apply159

receding-horizon Model Predictive Control, executing the elite-mean plan before replanning (App. F).160

2.3 Edge-aligned (τa, τz) sampling161

Sampling (τat , τ
z
t+1) uniformly on [0, 1]2 during training would spend most capacity on the interior,162

where no inference dispatch ever queries. We concentrate training on the four edges instead, plus a163

fifth joint mode along the diagonal (τa=τz , sweeping 0→1 together). The joint diagonal is never164

queried at inference, but removing it destabilises training (§3.4).165

Each batch row is replicated across all five modes (Figure 1). Within each mode, the swept axis166

follows a per-block monotone-decreasing τ -chain: the cumulative product of i.i.d. uniforms over167

the T target blocks, so later blocks are noisier than earlier ones [41, 25]. A random prefix length168

t′∼U{1, . . . , T} per row pins the first t′ blocks at τ =1, keeping every cold-start rollout horizon169

in-distribution [34, 44].170

3 Experiments171

3.1 Setup172

Qantara trains a single checkpoint for goal-conditioned latent planning, behaviour-cloning sam-173

pling, and video–inverse composition (§2.1–§2.3). We evaluate on the LeWM-suite [29], the four-174

environment subset on which LeWM places PLDM, DINO-WM, and itself in a single end-to-end175

pixel-JEPA pipeline. We re-use this subset because it provides apples-to-apples baseline numbers (all176

four envs run by LeWM in one pipeline) and covers the diversity axes the multi-paradigm capability177

claim turns on. The only broader pixel JEPA-world-model benchmark, DINO-WM’s six-environment178

evaluation [42], shares Push-T and Reacher with our suite, adds two further navigation envs (Maze179

and Wall) in the category Two-Room already represents, and adds two deformable-manipulation180

envs (Rope and Granular) in a dynamics class separate from the rigid-body envs that bear on the181

multi-paradigm question. Within the suite the four envs cross 2D vs. 3D observations, navigation vs.182

manipulation vs. motor control, and three classes of data-collection oracle (noisy heuristic, scripted183

expert, RL-trained policy), so no single data distribution dominates the suite average. The four envs184

are Two-Room [36] (2D navigation), Push-T [9] on the DINO-WM-released expert dataset [42]185

(contact-rich 2D manipulation), OGBench-Cube [31] (3D pick-and-place), and Reacher-Hard from186

the DeepMind Control suite [37] (precision motor control); per-env trajectory counts, lengths, and187

oracles are in App. A. The three inference modes depend on data quality differently. BC sampling188

cannot exceed the demonstrating policy. Video–inverse composition needs near-expert trajectory189

coverage so imagined futures land near goals. CEM planning is the most permissive: suboptimal190

but goal-spanning data suffices in principle, though purely random exploration rarely visits success191

regions in sparse-reward goal-reaching. The near-expert datasets above supply what all three modes192

require.193

Models are trained for 10 epochs per env. Each (recipe, env) cell aggregates 50 episodes × 5 eval194

seeds × 3 train seeds = 750 episodes; we report mean and population std across the three train-seed195

means, matching Maes et al. [29]’s 3-train-seed convention with 5× more eval episodes per train196

seed.197

3.2 Goal-conditioned planning on the LeWM suite198

We compare against the three end-to-end pixel-based world-model baselines reported on this suite199

by Maes et al. [29]: PLDM [36], DINO-WM [42] (no-proprio variant: pixel-only inputs, matching200

the proprio-free setting of the other baselines), and LeWM [29] itself. Our training and evaluation201
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Table 1: LeWM-suite results. Per-environment success rate; mean ± std across 3 train seeds.
Bold = best within our reproduction pipeline (rows below the midrule); the top three rows are
numbers reported by Maes et al. [29], run under their evaluation pipeline. Qantara sets new SOTA
on OGBench-Cube (+7.7 over DINO-WM, +19.7 over LeWM-paper) and reaches the Two-Room
ceiling; our LeWM reproduction also trails the published LeWM numbers on Push-T and Reacher,
indicating a protocol-level gap rather than a method-level one.

method Push-T Two-Room Cube Reacher

PLDM [36] 78.0± 5.0 97.0± 1.2 65.0± 2.8 78.0± 5.4
DINO-WM [42] 74.0± 4.5 100.0± 0.0 86.0± 4.7 79.0± 5.1
LeWM [29] (paper) 96.0± 4.0 87.0± 2.5 74.0± 3.0 86.0± 5.0

LeWM (reproduction) 92.3± 2.0 89.9± 1.4 76.7± 1.3 64.3± 1.7
Qantara (ours) 90.1± 1.1 100.0± 0.0 93.7± 0.7 80.9± 1.8

pipeline extends LeWM’s code, so we additionally retrain LeWM end-to-end in this pipeline; this202

matches data, training scaffold, and eval-seed budget across the LeWM and Qantara rows, so the gap203

reflects method-level differences alone. PLDM and DINO-WM numbers are taken from Maes et al.204

[29].205

Per-environment, Two-Room ties at ceiling with DINO-WM (both 100.0; +13.0 over LeWM-paper).206

On Push-T Qantara reaches 90.1, beating DINO-WM by +16.1 but trailing LeWM-paper’s 96.0 by207

−5.9; on Reacher 80.9 beats DINO-WM by +1.9 but trails LeWM-paper’s 86.0 by −5.1. Our LeWM208

reproduction at the published recipe also trails the paper on the same two envs (Push-T −3.7SR,209

Reacher −21.7 SR; Table 1 bottom block), so the gap to published numbers symmetrically depresses210

both LeWM and Qantara cells under our protocol. Head-to-head against the LeWM reproduction,211

Qantara wins on three of four envs (Two-Room +10.1, Cube +17.0, Reacher +16.6) and trails by212

2.2 SR on Push-T. The Cube cell carries the strongest signal: 93.7± 0.7 SR (+7.7 over DINO-WM,213

+19.7 over LeWM-paper) on a manipulation env where DINO-WM was the prior SOTA, with a214

margin that survives the protocol drift visible on the other cells.215

3.3 The same checkpoint serves three inference paradigms216

The unique capability of a Qantara checkpoint is that the same trained weights serve all three217

inference paradigms (§2.2). When the encoded goal zg is supplied, latent planning rolls the predictor218

forward and searches actions whose terminal latent ends near zg; when no goal vector is supplied,219

behaviour-cloning sampling and video–inverse composition produce at from the current observation220

and the prefix alone. Tab. 2 reports all three paths on the LeWM-suite, queried from the same Qantara221

checkpoints as Tab. 1 at the inference defaults of §2.2 (CEM K=4; BC and video–inverse K=2)222

without per-paradigm retraining. No prior single-paradigm JEPA world model serves all three paths223

from one trained checkpoint.224

Table 2: One Qantara checkpoint, three inference paradigms. Mean SR ± std across 3 train
seeds. Reacher omitted: its qpos_match success criterion is precision-bound and the goal-blind
dispatches drop to near-noise (6.1 / 4.8 SR for BC / video–inverse); the CEM result is in Tab. 1.
GCBC: goal-conditioned behaviour cloning [13], a goal-aware imitation baseline that anchors the
Push-T comparison.

Qantara (single checkpoint) GCBC
environment CEM (K=4) BC (K=2, goal-blind) video–inverse (K=2, goal-blind)

Push-T 90.1± 1.1 82.1± 1.0 83.2± 0.6 75
Two-Room 100.0± 0.0 69.1± 0.4 69.3± 0.8 100
Cube 93.7± 0.7 70.8± 0.3 72.8± 0.6 84

The goal-blind dispatches succeed when the current observation supplies enough information225

to recover an action that lands inside the env’s success tolerance. On Push-T the canvas renders226

the target T pose alongside the current state, so a goal-blind sampler can read goal information227

directly off pixels: BC and video–inverse reach 82.1 and 83.2 SR, surpassing the goal-aware GCBC228
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reference (75) despite seeing the same input, while CEM uses zg to recover the full 90.1 SR. On229

Two-Room and Cube the per-episode goal is set in the env state but is not rendered visually; the eval230

protocol initialises each episode within the goal-reaching demonstration window (App. A), so BC231

and video–inverse reach the goal by reproducing the expert’s continuation whenever the env’s success232

tolerance absorbs the imitation drift, achieving 69.1 / 70.8 SR (BC) and 69.3 / 72.8 SR (video–inverse)233

on Two-Room / Cube. On Reacher the per-episode target qpos requires precise joint matching that234

the goal-blind dispatches cannot reliably deliver, so BC and video–inverse drop to near-noise (6.1235

/ 4.8 SR; omitted from Tab. 2). The CEM path remains well-posed across all four envs through236

the ∥ẑH−zg∥2 terminal cost. Routing zg into the BC dispatch is the natural extension, deferred to237

follow-up.238

At the inference defaults, BC and video–inverse run at 17–24 ms per env-step versus CEM’s 0.4–1.2 s,239

a ∼15–65× speedup (CEM cost scales with n_steps, set per env: Push-T uses 30, the others 10);240

decoded rollouts under all three dispatches stay coherent from the same checkpoint (App. H).241

3.4 Which design choices are load-bearing242

We ablate the recipe along three axes: the (τa, τz) sampling design (edges over uniform, §3.4; the243

5-mode set, §3.4), the state-head residual+zero-init (§3.4), and robustness to the remaining knobs (γ,244

K; §3.4). The mode-set ablation surfaces our most surprising finding: dropping any single mode245

destabilises Push-T training even on inference paths that do not query the dropped mode’s region of246

the noise square.247

Edge-aligned sampling beats uniform coverage. Uniform sampling on [0, 1]2 places measure248

zero on the four edges that inference queries (§2.2), and the cost falls hardest on the action-sensitive249

cells. Replacing the five edge-aligned modes (§2.3) with five copies of a uniform sampler at matched250

compute regresses Push-T CEM by 36.8 SR (90.1 → 53.3), Push-T video–inverse by 33.5 SR (83.2251

→ 49.7), and Reacher CEM by 23.4 SR (80.9 → 57.5); Cube CEM regresses modestly by 6.8 SR252

(93.7 → 86.9) and Push-T BC stays within seed noise (82.1 → 81.6) (Table 3, second row).253

Mode-set ablation: trunk co-regularisation across modes. Holding compute per step fixed, we254

ablate the 5-mode design (§2.3) and evaluate all three inference paths per cell (Tab. 3; 10-recipe255

sweep). Per-mode coverage predicts that dropping a mode breaks only the inference path querying its256

corner; three findings on Push-T overturn this.257

Table 3: Mode-set + sampler ablation at the default recipe, multi-seed (3 train × 5 eval × 50
episodes). Inference defaults from §2.2: CEM K=4, BC and video–inverse K=2. †: train-seed
collapse (pop-std > 15SR). Two-Room omitted (CEM reaches 100SR at the reference, Tab. 2;
no headroom for ablation). BC and video–inverse omit Cube and Reacher: both paths are goal-
blind (Tab. 2); on Cube they track the demo distribution insensitively to mode-set perturbations
(∼70SR across all rows), and on Reacher they collapse to near-noise. Only the 5-mode reference
and drop-video are collapse-free across all three Push-T inference paths.

CEM BC video–inverse

modes (sampler) Push-T Cube Reacher Push-T Push-T

5-mode (reference) 90.1± 1.1 93.7± 0.7 80.9± 1.8 82.1± 1.0 83.2± 0.6
5-mode uniform 53.3± 9.6 86.9± 1.0 57.5± 6.9 81.6± 1.0 49.7± 1.3
4-mode drop-{policy} 27.2± 32.5† 89.9± 4.5 82.3± 4.0 20.4± 21.3† 21.7± 22.9†

4-mode drop-{inverse} 69.1± 23.7† 89.9± 0.9 78.9± 2.2 65.5± 25.6† 35.3± 15.7†

4-mode drop-{video} 87.3± 1.7 93.7± 0.2 80.1± 1.7 81.6± 1.2 81.6± 0.3
4-mode drop-{joint} 61.7± 41.1† 91.2± 2.3 76.7± 2.2 56.7± 38.1† 56.8± 37.3†

3-mode {forward, policy, inverse} 76.0± 21.8† 93.9± 1.0 78.5± 0.2 68.4± 19.5† 65.5± 20.3†

2-mode {forward, policy} 88.5± 1.4 91.9± 0.2 76.4± 0.6 82.3± 0.8 7.5± 1.5
2-mode {video, inverse} 10.4± 7.7 67.9± 4.8 26.3± 2.2 20.5± 9.2 37.6± 22.4†

1-mode {forward} 62.0± 33.9† 76.3± 7.6 56.0± 23.4† 2.4± 0.0 2.0± 0.0
1-mode uniform 40.5± 23.3† 84.9± 1.5 51.2± 7.4 48.5± 27.5† 27.9± 15.8†
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• Only drop-video preserves all three Push-T paths. CEM, BC, and video–inverse stay within258

2.8SR of the 5-mode reference; the (0, 0) corner where video–inverse starts denoising is still259

trained as the joint diagonal’s lower endpoint, so the third path survives without a dedicated260

mode.261

• Dropping policy, inverse, or joint destabilises Push-T training across all three paths. CEM262

pop-std exceeds 15SR with 1–2 of three seeds collapsing to < 40SR (sharpest: drop-policy263

27.2±32.5 vs drop-video 87.3±1.7). The five modes co-regularise the shared trunk: policy264

stabilises CEM training (not just BC inference), joint stabilises CEM and BC (not just its265

diagonal). The (1, 0) corner is the only point where policy’s τz = 0 edge and CEM’s τa = 1266

query meet, yet removing policy still destabilises CEM. Cube and Reacher hold steady across267

the four mode-LOO drops (within ∼5 SR of the 5-mode reference); the 1-mode, 2-mode {video,268

inverse}, and uniform-sampler cells degrade them too (Tab. 3).269

• Neither 2-mode subset is self-sufficient. {forward, policy} matches the reference on CEM and270

BC but video–inverse collapses (Push-T 7.5SR); {video, inverse}, the symmetric minimal271

candidate for the third path, underperforms its target (Push-T 37.6 vs reference 83.2).272

The case for keeping all five modes is therefore Push-T training stability, not preserving the third path273

(drop-video also preserves it). On the collapsed seeds, final L z
B plateaus at ∼ 10× the reference274

and is rank-monotone with eval SR across all nine mode-LOO Push-T cells, so the instability is a275

training-time failure, not an eval-only artefact.276

Output residual + zero-init is required everywhere. The state-head residual form (Eq. 6) pairs277

with zero-initialised final-layer weights so the predictor is the identity at initialisation (ẑt+1= zt),278

keeping every iterate of the K-step CEM rollout on the training-time bridge marginal. Ablating only279

the residual at fixed bridge interpolant (head emits ẑt+1 directly with default Linear init) regresses280

suite average by 5.6SR; Push-T drops by 15.2SR with seed-level training instability (one of three281

seeds at 57.2 SR; App. E).282

Defaults robust to K; off-canonical γ collapses. Sweeping the state-axis predictor recursion step283

count K∈{1, 2, 4, 8} (§2.2) on the trained Qantara checkpoints leaves the suite average within seed284

noise (89.8–91.2 SR; App. G); the action-axis Euler step count moves Push-T BC SR within 2.9SR285

across K∈{1, 2, 4, 8}, peaking at K=4 with +1.1 SR over the K=2 default we deploy for latency.286

The γ=
√
2 Schrödinger-bridge canonical [24] ties our γ=1 stochastic-interpolant canonical [2] on287

suite average (90.5 vs. 90.8 SR, within seed noise), while off-canonical γ∈{0, 0.5, 2} are unstable:288

1–2 of 3 train seeds collapse on Push-T, and γ=2 additionally collapses Two-Room on one seed289

(App. D). We retain γ = 1. Finally, the upstream LeWM recipe ships predictor dropout p= 0.1;290

ablating to p=0 at our 5-mode reference recipe lifts the suite average from 84.9 to 88.3 SR (3 train291

seeds), and we keep p=0 as our default.292

4 Related work293

Methods for visuomotor control via world models differ on three axes: future-state representation294

(JEPA latent / pixel-video), parameter scale (∼ 10M to 7B), and inference paradigms served per295

checkpoint (one / many). Qantara occupies the JEPA-latent × sub-billion × multi-paradigm cell.296

World models for control. JEPA-style world models predict environment dynamics in a learned297

embedding space: PLDM [36] trains end-to-end with VICReg, DINO-WM [42] freezes DINOv2,298

LeWM [29, 4] pairs next-embedding prediction with an isotropic-Gaussian regulariser, and V-JEPA-299

2-AC [3] post-trains a 300M action head on a 1B video JEPA. Recent extensions push the recipe to300

dexterous manipulation [14], one-shot imitation [15], masked latent interventions [30], value-aligned301

latent shaping [10], and JEPA world model design-choice studies [38]. Adjacent world models include302

TD-MPC2 [18, 19], DreamerV4 [17], and NWM [5]. Each targets a single inference paradigm; none303

serves latent planning, behaviour cloning, and inverse dynamics from one checkpoint.304

Joint state-action denoising at billion scale. A second cluster trains one transformer to denoise305

observations and actions jointly and serves forward dynamics, inverse dynamics, and behaviour306

policy from one checkpoint, all in pixel space: PAD [16] (joint-denoising DiT), UVA [22] (decoupled307
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video and action heads), UWM [43] (per-modality timesteps), DUST [39] (dual-stream MMDiT),308

WorldVLA / RynnVLA-002 [7, 6] (autoregressive token transformer), and Cosmos Policy [21] (post-309

trained 2B video model). GR-1 [40] is the GPT-style ancestor. Parameter counts span 150M to 7B;310

none predicts in an embedding space. Earlier trajectory-diffusion baselines (Diffuser [20], Decision311

Diffuser [1]) operate on raw state-action vectors; Decision Diffuser shares the state-diffusion-plus-312

inverse-dynamics factorisation with our video–inverse path, but uses classifier-free return guidance313

over multi-step horizons on D4RL/Kuka, whereas Qantara operates on pixel-encoded JEPA latents314

at single-step horizon. Diffusion Forcing [8] introduces per-token noise levels; follow-ups add315

clean-prefix conditioning [44, 34].316

Position. The two clusters above tile a (representation × paradigm-count) plane. (JEPA-latent,317

single-paradigm) = PLDM, DINO-WM, LeWM, V-JEPA-2-AC; (pixel-video, multi-paradigm) = PAD,318

UVA, UWM, DUST, WorldVLA, RynnVLA-002, Cosmos Policy at 150M to 7B. The (JEPA-latent,319

multi-paradigm) cell is empty in prior work; Qantara occupies it with a single ∼ 21M-parameter320

checkpoint that serves latent planning, behaviour cloning, and inverse dynamics, one to two orders of321

magnitude smaller than the pixel-video multi-paradigm cluster. The closest neighbour is DINO-WM322

(same representation, single paradigm). Two design choices realise the multi-paradigm capability:323

edge-aligned (τa, τz) sampling concentrates training mass on the inference-queried regions of the324

noise square, and a Brownian bridge between consecutive clean latents [28] matches the planner’s325

clean-context query at τz=0 rather than denoising both axes from Gaussian noise.326

5 Conclusion327

Qantara trains a single ∼21M-parameter JEPA world model from scratch and serves three inference328

paradigms from one set of weights: goal-conditioned latent planning, behaviour-cloning sampling,329

and video–inverse composition. On the LeWM-suite the planning path averages 91.2 SR across330

four environments and lifts OGBench-Cube to 93.7 SR, +7.7 over the prior JEPA world model331

SOTA (Tab. 1); from the same checkpoint the behaviour-cloning and video–inverse paths reach332

82.1 and 83.2 SR on Push-T, where the canvas renders the goal pose alongside the current state, at333

∼15–65× lower inference cost than the planner (§3.3, Tab. 2). To our knowledge Qantara is the first334

sub-billion-parameter JEPA world model that defers the planning-vs-imitation choice to deployment.335

Two design choices carry the multi-paradigm capability. A Brownian-bridge interpolant between336

consecutive clean latents on the state axis matches the previous clean latent the planner already337

feeds in at τz=0, freeing the predictor from learning a noise-to-latent map. Edge-aligned (τa, τz)338

sampling concentrates training capacity on the four corners that inference queries plus the diagonal339

between them. The cost of replacing either piece is large and lands on the most action-sensitive340

environment: switching to uniform [0, 1]2 sampling at matched compute regresses Push-T CEM by341

36.8 SR (§3.4); ablating the state-head residual + zero-init pair regresses it by 15.2 SR (§3.4).342

The mode-set ablation surfaces a result we did not anticipate. Dropping any single policy, inverse,343

or joint mode destabilises Push-T training across all three inference paths, including the goal-344

conditioned planner whose noise-square corner the dropped mode does not cover (§3.4, Tab. 3).345

The five modes therefore co-regularise the shared trunk beyond their per-corner coverage role: even346

a deployment that will only ever query the planner benefits from training-time exposure to the347

behaviour-cloning and inverse-dynamics corners.348

The recipe rests on one principle: training mirrors inference. The three dispatches read the (τa, τz)349

square only on its edges and corners, so training samples there; the planner exposes the previous350

clean latent at τz = 0, so the state axis is a Brownian bridge to that anchor. The same principle351

should extend to larger JEPA backbones [3] and longer-horizon forcing schemes [8, 34]. The corner352

co-regularisation effect should compound with the number of paradigms a single backbone serves.353

Limitations. The capability claim is bounded along three axes. First, all three dispatches denoise354

one block per control step; chunked multi-block inference [8, 34] is the direct extension. Second,355

evaluation is simulation-only on near-expert offline data; real-robot transfer and pre-training on356

natural-video corpora [3] are the direct extensions. Third, the recipe is demonstrated at the ∼21M-357

parameter sub-billion scale; scaling to larger JEPA backbones [3] is open.358
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Appendix486

A Environments and datasets487

All four envs use continuous action spaces and are goal-conditioned on a future state sampled488

from the same trajectory. Two-Room [36] is 2D continuous navigation through a wall-with-door489

(10k trajectories, average 92 steps, generated by a noisy door-then-target heuristic). Push-T [9] is490

contact-rich 2D manipulation reorienting a T-block; we use the DINO-WM-released dataset [42]491

of 20k human-designed expert demonstrations averaging 196 steps. OGBench-Cube [31] is 3D492

pick-and-place, 10k trajectories of 200 steps generated by the OGBench scripted data-collection493

policy. Reacher-Hard from the DeepMind Control suite [37] requires precise two-joint alignment,494

10k trajectories of 200 steps collected with a Soft Actor-Critic expert policy.495

B Optimisation and training-time hyperparameters496

We train with AdamW [27]: weight decay 10−3, gradient clip 1.0, batch size 128, bf16 mixed497

precision, peak learning rate 3×10−4 under a linear-warmup cosine-annealing schedule (1% warmup,498

cosine decay to 0 over the remaining steps). All five training modes (§2.3) are enabled by default, so499

the effective batch is 5·B=640. The default recipe fixes the γ=1 Brownian bridge on the state axis,500
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loss balance λz=3, λa=1, and the inference defaults of §2.2 (CEM K=4, BC and video–inverse501

K=2); 10 epochs correspond to ≈50k optimiser steps at B=128.502

C Monotone τ -chain on the noisy suffix503

For each row, the per-block scalar τ on the noisy suffix is built as a cumulative product of i.i.d.504

uniforms,505

τ [t] =
∏
i≤t

ui, ui ∼ U [0, 1], (13)

monotone-decreasing in the block index. The first noisy block (immediately after the clean prefix)506

carries an unbiased τ ∼ U [0, 1]; deeper blocks are stochastically noisier as the product accumulates507

additional uniforms below 1. Together with the per-row clean-prefix length, the schedule places508

training mass on every (τa, τz) pair an autoregressive rollout can reach.509

Empirical role. Replacing the cumulative-product chain with i.i.d. per-block draws leaves every510

per-environment SR within ±2SR of the cumprod chain at the 5-mode reference recipe (single-511

seed), but destabilises Push-T training under reduced mode sets: at the 3-mode {forward, inverse,512

policy} variant of the prior λz = 1 reference recipe, the multi-seed Push-T mean drops from513

84.4± 0.9 (cumprod) to 75.1± 16.6 (i.i.d.; one of three train seeds collapses Push-T to 53.2 SR),514

with the other three environments unchanged within seed noise. The cumprod chain matches the515

rolling-denoise structure an autoregressive rollout induces; removing the inductive bias is invisible at516

the over-parameterised 5-mode design but breaks Push-T under sparser training-mode coverage. We517

retain the chain as a safety net.518

D Brownian γ sweep, full table519

Table 4: Brownian-bridge γ sweep at the default recipe (multi-seed, K=1). γ=1 is the Albergo
et al. stochastic-interpolant canonical [2]; γ=

√
2 is the Schrödinger-bridge canonical [24]; the two

tie on suite average. The off-canonical γ ∈ {0, 0.5, 2} collapse 1–2 of 3 Push-T seeds and γ = 2
additionally collapses one Two-Room seed. ‡mean masks seed-level collapse.

γ Push-T Two-Room Cube Reacher

0‡ 31.5± 43.4 99.6± 0.0 92.5± 0.9 78.3± 3.4
0.5‡ 60.1± 48.6 99.9± 0.2 93.6± 0.7 78.8± 1.2
1 (Albergo SI canonical, default) 89.3± 1.7 100.0± 0.0 93.3± 0.8 80.5± 3.7√
2 (Schrödinger-bridge canonical) 89.3± 0.2 100.0± 0.0 91.9± 2.0 80.8± 3.2

2‡ 53.6± 44.9 71.5± 49.4 93.6± 0.4 79.6± 3.8

E Output residual parameterisation520

The state-head residual form ẑt+1=zt+headz(h
z
t+1) (Eq. 6) pairs with zero-initialised final-layer521

weights so the predictor is the identity at initialisation. We ablate the residual by having the head522

emit ẑt+1 directly with default Linear initialisation, holding the Brownian-bridge input interpolant523

z̃t+1 = (1−τ) zt+τ zt+1+γ
√
τ(1−τ) εz and every other recipe knob fixed at the default recipe524

(Table 5, row 1 vs row 2).525

To complete the factorial we additionally ablate the input-side bridge with the residual already526

removed: the source endpoint becomes Gaussian noise rather than zt, so z̃t+1=τ zt+1+(1− τ) εz527

(Table 5, row 3). Comparing rows 2 and 3 isolates the bridge contribution at residual = off; the fourth528

corner (bridge off, residual on) is structurally unreachable in our implementation since the residual529

head is gated on the bridge being active. Restoring the bridge interpolant on top of (residual off)530

yields a +12.7 SR lift on Reacher (precision motor control), a within-noise change on Cube, saturation531

at 100 SR on Two-Room, and a Push-T comparison confounded by the row-2 seed-level instability532

noted above. The zt-anchored source endpoint is therefore most informative on long-horizon envs533

where the previous latent is a stronger prior on the next, while the output-side residual stabilises534

training across all envs unconditionally.535
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Table 5: State-head and bridge structural ablations, multi-seed. The output-side residual head
(row 1 vs row 2) is unconditionally load-bearing: removing it costs 5.6 SR on suite average and
15.2 SR on Push-T with one of three train seeds collapsing. The input-side bridge interpolant (row
2 vs row 3) is selectively load-bearing on the longest-horizon env: restoring it yields +12.7SR on
Reacher, within-noise elsewhere. The two priors are complementary, not redundant.

bridge residual Push-T Two-Room Cube Reacher

on on (zero-init; default) 89.3± 1.7 100.0± 0.0 93.3± 0.8 80.5± 3.7
on off (default Linear init) 74.1± 12.3 100.0± 0.0 86.3± 1.3 80.4± 2.4
off off (default Linear init) 86.5± 0.5 100.0± 0.0 87.1± 0.8 67.7± 1.0

F CEM and MPC configuration536

We inherit the CEM and receding-horizon MPC setup from LeWM [29], which in turn follows537

DINO-WM [42]. CEM uses N =300 Gaussian candidates per iteration, 30 refit iterations, top-30538

elites, and an initial sampling variance of 1. The planning horizon is H=5; under a frame-skip of 5539

(action-block repetition), each planned action commands 5 environment steps, so one plan covers 25540

environment steps. We use a receding horizon equal to the planning horizon: the entire elite-mean541

plan is executed before replanning. Identical settings are used across all four environments.542

G CEM denoising-step sweep543

We sweep the state-axis predictor recursion step count K ∈ {1, 2, 4, 8} on the trained Qantara544

checkpoints (§3.2). At intermediate τ ∈(0, 1) the sampler injects bridge-marginal noise γ
√

τ(1− τ)ξ545

after each bridge re-projection so each iteration’s input lies on the training-time marginal (§2.2); at546

K = 1 no intermediate τ is reached and the sampler reduces to the deterministic single-call. We547

report the same sweep for the γ=
√
2 checkpoints of Table 4 for comparison.548

Table 6: CEM predictor recursion step count K at the trained Qantara checkpoints, multi-seed.
γ=1, K=4 is the default (Table 1). K=8 regresses on Push-T at both γ values; γ=

√
2 ties γ=1

on suite average and is dominated at K=4.
γ K Push-T Two-Room Cube Reacher

1 1 89.1± 1.3 100.0± 0.0 93.3± 0.7 80.5± 3.0
1 2 88.0± 0.9 100.0± 0.0 93.3± 2.1 80.1± 1.9
1 4 (default) 90.1± 1.1 100.0± 0.0 93.7± 0.7 80.9± 1.8
1 8 87.2± 1.4 100.0± 0.0 93.2± 0.6 78.7± 1.9
√
2 1 89.3± 0.2 100.0± 0.0 91.9± 1.6 80.8± 2.6√
2 2 90.4± 2.0 100.0± 0.0 93.1± 2.2 79.3± 0.5√
2 4 89.7± 1.5 100.0± 0.0 92.3± 2.8 80.0± 2.3√
2 8 88.9± 1.3 100.0± 0.0 92.0± 2.7 77.3± 3.0

H Multi-paradigm decoded rollouts549

What does the same checkpoint produce under each of the three dispatches? Starting from one context550

frame at t=0, we roll the predictor forward six steps under three action sources (Fig. 2). The demo551

row replays the demonstration actions recorded for the held-out trajectory and exercises the forward-552

dynamics primitive CEM scores inside its candidate-search loop; the BC row autoregressively chains553

BC action sampling with the same forward dynamics; the video–inv row chains video–inverse action554

extraction with forward dynamics. All three rows share the starting latent and the forward-dynamics555

call, differing only in how the action sequence is chosen; the t=0 tile (left of the dashed separator)556

is the shared encoded context decoded once, and t=1 – 6 are decoded predicted latents. Decoded557

trajectories remain coherent across the planning horizon; finer details (T-block angle on Push-T,558

end-effector orientation on Cube, agent position in Two-Room and Reacher) drift after a few steps,559

matching the characterisation of decoded JEPA latents in Maes et al. [29, Fig. 7].560
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t = 0  (context) t = 1 t = 2 t = 3 t = 4 t = 5 t = 6

ground truth
held-out trajectory pixels

demo
CEM forward primitive on recorded actions

BC
policy-head action sampling

video-inv
inverse-dynamics action extraction

t = 0  (context) t = 1 t = 2 t = 3 t = 4 t = 5 t = 6

ground truth
held-out trajectory pixels

demo
CEM forward primitive on recorded actions

BC
policy-head action sampling

video-inv
inverse-dynamics action extraction

Figure 2: Same checkpoint, three action sources, three coherent decoded rollouts (Push-T top,
Cube bottom; Two-Room and Reacher continued in Fig. 2). Columns are timesteps t=0 – 6; the
dashed separator marks the boundary between the encoded context (t=0) and the open-loop predictor
rollout (t=1 – 6). Top row: ground-truth pixels (decoder not used). The next three rows decode the
predictor’s open-loop latent rollout under demo (CEM forward primitive on recorded actions), BC
(policy-head action sampling), and video–inv (inverse-dynamics action extraction) action sources; all
three rows share the starting latent and the forward-dynamics call.
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t = 0  (context) t = 1 t = 2 t = 3 t = 4 t = 5 t = 6

ground truth
held-out trajectory pixels

demo
CEM forward primitive on recorded actions

BC
policy-head action sampling

video-inv
inverse-dynamics action extraction

t = 0  (context) t = 1 t = 2 t = 3 t = 4 t = 5 t = 6

ground truth
held-out trajectory pixels

demo
CEM forward primitive on recorded actions

BC
policy-head action sampling

video-inv
inverse-dynamics action extraction

Figure 2: (Continued.) Two-Room (top) and Reacher (bottom) decoded rollouts under the same three
action sources; layout and column semantics as in Fig. 2.
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