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Underwater C*-JEPA: An Object-Centric Cross-View
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Abstract—We present Underwater C3-JEPA (cross-view,
control-conditioned, context-extended), an object-centric multi-
view predictive world model for near-field heavy-load underwater
ROV salvage. Without contact sensors, it predicts in latent space
how the task-object state evolves through contact interaction and
under the hydrodynamic lag of the vehicle, from synchronized
multi-view RGB observations and vehicle control signals. C3-
JEPA encodes multi-camera observations into task-object and
context tokens, fuses cross-camera evidence through held-out-view
attention, and directly predicts future states conditioned on control.
Weak binding anchors the target and gripper at low annotation
cost, while SIGReg sharpens the geometric representation. Experi-
ments show that the learned representation transfers substantially
more task-relevant information to downstream probes than a
reconstruction-free latent baseline, while keeping the predictor
lightweight. The resulting predictive interface supports model-
predictive-control (MPC) candidate evaluation and imagined-
rollout behavior-agent training. Validation on real underwater
video shows the same architecture recovering a withheld camera’s
object state and staying ahead of persistence, so the recipe
transfers beyond simulation.

Note to Practitioners—Recovering a large sunken structure
with a work-class ROV is decided in the final meters of approach,
where the target is only partially visible and the vehicle answers
each thrust command with a visible delay. This paper develops a
predictive model for that setting. Rather than reconstructing the
scene, it tracks the two task objects that matter, target and gripper,
in a compact representation pooled across the vehicle’s cameras,
learning directly from ordinary mission recordings how that
representation evolves under the pilot’s commands. Because the
model is small, it can run in real time and score candidate control
sequences before they are executed, which is the capability a
conventional autopilot lacks. Three practical consequences follow:
no new sensors are required, since training uses the video and
telemetry an ROV already logs; losing the target in one camera is
tolerated because the other cameras’ evidence is combined; and
the recipe transfers to real footage with the simulator out of the
loop. The limitations are straightforward: the field trials were
open-loop, underwater accuracy is expressed in relative units,
and closed-loop success rates at sea have yet to be measured.
The same interface should extend to other near-contact subsea
tasks—inspection, connector mating, tool deployment—whenever
a work-class ROV must act on a partially visible target.

Index Terms—underwater robotics, world models, object-centric
learning, multi-view fusion, model predictive control
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I. INTRODUCTION

Deep-sea salvage of large sunken objects is time-critical:
contamination grows while a wreck lies on the seabed [1].
Industrial practice rigs slings with a work-class ROV and
lifts with a crane—slow, intervention-heavy, damaging to a
fragile structure [2], [3], [4]; carrying the gripper on the vehicle
removes that stage but forces the ROV to envelope a large,
shape-uncertain object from a hydrodynamically lagged base.
Our platform is atypical: not a dexterous arm but paired linkage-
driven underactuated grippers closing downward, trading de-
grees of freedom for load capacity [5], [6], [7], with coupled,
contact-dependent, partly closed-loop kinematics and no contact
sensing. Fig. 1 shows the platform and its gripper. The mission
is therefore staged for this platform: acquisition, approach,
alignment, enveloping contact, lift/hold, and verification, all
specific to this vehicle—tool-target combination.

In the decisive near-field window the target can sit at any
bearing across the cameras’ combined field of view, occluded
by hull and gripper and only partially visible in any single
view under turbidity and low contrast [1], [8]. Mapping first
and perceiving in a point cloud fits poorly: visual SLAM drifts,
loses tracking under backscatter, and needs loop closures a short
approach never revisits [9], [10], [11], [12]; structured light is
denser but demands short standoff, a calibrated projector, and
dwell-and-scan motion [13], [14]. Both approaches reconstruct
more than the decision requires.

Control is constrained differently. Real-system learning must
succeed from few trials, at control rate, under large but unknown
actuation delays [15], [16], and simulation handles this gripper
poorly: closed kinematic loops stiffen the constrained dynamics
into tiny steps, soft-constraint relaxation, or outright solver
failure [17], [18]. Tactile instrumentation is fragile and costly,
and needs pressure housing and cabling on a jaw closing
on rough wreckage [19], [20]. Neither route internalizes this
behavior affordably.

Underwater C3-JEPA changes what must be reconstructed,
building an object-centric perception domain (OCPD): task-
object classes (target and gripper) are held at full fidelity and
forcibly aligned across cameras, while remaining evidence stays
in free context slots kept alongside without alignment. We call
this routing guided object-centric cross-view fusion (GO-CVF).
Because the decomposition fixes which entities receive tokens,
fusion fits an ROV budget and new task classes are synthesized
from the same weak-anchor route rather than exhaustively
reconstructed; anchors are DINOv3-clustering proposals, with
human review reserved for ambiguous frames.

A second element provides the physical dynamics in two
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Fig. 1. The heavy-duty underwater salvage ROV used in this study: (a) isometric view; (b) grasping a target object (CAD rendering); (c) lifting a target object

in a real-environment trial.

roles: offline, the control-conditioned world model synthesizes
imagined rollouts so a behavior agent improves without extra
ship time [21], [22], [23]; online, it ranks candidate commands
for multi-trajectory reasoning. One model serves both: driven
by commands rather than by measured motion, the predictor
learns the thrust-buildup and added-mass lag that short-horizon
models leave unmodeled [24]; predicting fused tokens instead
of pixels keeps it at 1.33 M parameters.

Sonar, navigation and force sensing all matter; this paper
asks the narrower question: whether the on-board visual
channels compress into a state that keeps the target and gripper
identifiable across views and through contact and supports
rollouts.

Our contributions are:

1) Object-centric perception domain (OCPD) and
guided object-centric cross-view fusion (GO-CVF):
weak anchors stabilize identity, held-out-view attention
consolidates partial evidence, and free slots keep un-
aligned context alongside; because alignment is spent
only where it pays, fusion fits an ROV budget and new
task classes are synthesized cheaply.

2) A control-conditioned JEPA world model of the
vehicle—object dynamics, with a model-predictive-
control (MPC) interface: driving the predictor by
commands makes the actuation lag between command
and realized motion part of the learned state; a 1.33M
footprint lets one model serve imagined training on
limited offline data and candidate-command ranking for
model-predictive control; and each ingredient of the
loop—predictor, latent geometry and ranking signal—
is validated separately.

3) Validation on real underwater video: two field deploy-
ments on uncalibrated cameras confirm that the hidden-
view recovery and the control-conditioned rollout carry
beyond simulation.

II. RELATED WORK

A. Underwater perception: scene mapping versus task-object
state

Underwater perception for intervention is conventionally
organized around mapping. Visual, visual-inertial, and acoustic-
inertial SLAM systems estimate vehicle pose and build sparse
or semi-dense structure, with underwater variants adding image

enhancement, pressure-depth terms, and sonar or DVL factors
to counter drift and tracking loss [9], [11], [12], [10]; where
dense near-field geometry is required, active projection and
structured-light scanners deliver higher per-frame accuracy at
the cost of short standoff, sensitivity to scattering and turbidity,
and usually a dwell-or-scan motion constraint [13], [14]. Both
families reconstruct the scene first and interpret it afterwards.
C3-JEPA takes the complementary route and never commits to
a metric map: it maintains an object-centric perception domain
(OCPD) in which only task objects are resolved and aligned.
The two answers are not adversarial—mapping remains right
for search and survey—but differ in cost and in what survives
occlusion and contact.

B. Object-centric visual representation

Slot Attention decomposes a scene into a small unordered
set of entity-like vectors [25]. SAVi and SAVi++ extend object-
centric learning through time [26], [27]; DINOSAUR and
VideoSAUR show that reconstructing self-supervised features
can support object discovery in natural images and videos
[28], [29]; and SlotFormer studies long-range dynamics in
object slots [30]. A practical difficulty for robotics is that
unconstrained slots may permute or absorb a small task object.
We use weak binding only for the target and gripper (a
single extra binding-only slot handles the fixed ROV frame),
leaving the remaining slots to account for scene context.
This is deliberately lighter than dense segmentation: DINOv3-
feature clustering proposes masks from a few region prompts.
An orthogonal upgrade path replaces instance slots with
task-functional roles for planning [31]; our design keeps
two instance-level roles (target and gripper), sufficient for
enveloping salvage, with the mechanism validated on real
frames.

C. Multi-view fusion and underwater predictive models

Multi-view object-centric models such as ROOTS and
MulMON aggregate partial observations and test unobserved
viewpoints [32], [33], and the held-out-view principle is well
established at the pixel level: cross-view completion predicts the
masked content of one image from a second view of the same
scene [34], and multi-view masked autoencoders reconstruct
withheld viewpoints before a world model is trained on the
resulting representations [35]. We adapt the idea to cameras



rigidly mounted on one moving ROV: instead of forcing a
shared token to decode identically in all cameras, the target
view is withheld from cross-view keys and values, and a view-
conditioned decoder reconstructs its features. This discourages
direct copying while preserving legitimate view-dependent
appearance. AquaJEPA combines RGB, forward sonar and
proprioception for simulated robot dynamics [36], a setting
outside the current C3-JEPA data interface. A recent AUV
docking study combines hand-built hydrodynamic priors with a
compact learned model under communication constraints [37];
our route is fully learned but shares the goal of onboard-scale
predictive control.

D. Latent prediction and planning

A world model is a functional role rather than a single
architecture: a learned state, explicit or latent, whose evolution
can be queried under candidate actions. It is used for several
related purposes: compressing high-dimensional observations
into a state for control, predicting short-horizon consequences
for model-predictive control (MPC), evaluating counterfactual
action sequences, training a behavior policy in imagined
rollouts, and transferring a reusable state representation to
downstream estimators. Designs differ along three overlapping
axes: pixel-space generative models that reconstruct future
observations; latent dynamics models that predict a compact
embedding; and object-centric models whose state is partitioned
into entities, relations, and context.

Early latent-dynamics systems such as PlaNet learn a com-
pact transition model from pixels for planning, while Dreamer
extends the idea to behavior learning through latent imagination
[38], [21], [22]. Visual Foresight uses action-conditioned visual
prediction to select robot motions, and TD-MPC2 repeatedly
optimizes short candidate sequences in a learned latent space
[39], [40], [41]. These approaches establish the broad world-
model planning loop—observe, predict candidate consequences,
score them, execute a short prefix, re-observe—but do not by
themselves guarantee that the latent state preserves target and
gripper identity across occlusion and contact. For underwater
manipulation this matters: a representation can predict average
motion while discarding the pose, joint, or object evidence a
downstream controller needs.

JEPA methods shift the prediction target from pixels to
representations. I-JEPA predicts masked image embeddings
without reconstructing every pixel, and V-JEPA 2 extends
this principle to video understanding, action conditioning, and
planning [42], [43]. LeJEPA frames joint-embedding prediction
as a geometrically regularized objective, while AdaJEPA studies
adaptive latent prediction; both motivate treating the latent
geometry as a first-class design object [44], [45]. The efficiency
is attractive for an ROV decision interface—the predictor stays
small while candidates are rolled out in state space—but a
low latent prediction error does not imply object semantics,
observable calibration, or task-relevant information transfer.
The closest published analogue is SkyJEPA, which maps frozen
JEPA latents to interpretable state with a physics-inspired prober
and carries it to real quadrotor control without fine-tuning [46];
our frozen geometry head plays the analogous role for salvage.

Causal-JEPA makes the control question more explicit by
studying object-level latent interventions, asking how changes
in an object or intervention variable alter the predicted future
[47]. It builds on object-centric encoders such as VideoSAUR
or SAVi; we take the VideoSAUR branch because it yields slots
in real-world video without the motion or depth conditioning
SAVi-style pipelines assume [28], [29]. This work combines
the three ingredients: weak binding preserves target and gripper
identity, held-out-view fusion preserves complementary evi-
dence, and the latent predictor exposes candidate consequences
to MPC and imagined-rollout evaluation.
Reconstruction-free latent world models. LeWM-style ar-
chitectures train a JEPA encoder—predictor from raw pixels
with a next-embedding prediction loss and a SIGReg prior,
without any reconstruction or object-centric structure [48]. We
train such a model from scratch on exactly the same multi-
view recordings and control signals as C3-JEPA, and compare
both representations under identical downstream probes. This
head-to-head comparison, reported in Sec. V-F, isolates what
reconstruction-guided, object-centric supervision adds over
purely latent regularization at this scale. Training-time geo-
metric priors (paired-depth alignment) similarly improve JEPA
representations from real robot data while leaving inference
RGB-only [49]. In our recipe, geometry enters through the
frozen reconstruction decoder instead of an auxiliary loss.

III. METHOD
A. Architecture overview

Fig. 2 summarizes the pipeline. At time ¢, synchronized
camera observations are I}*V. A frozen DINOv3-L feature
extractor [50] maps each view to patch features X € RF*dr,
and a temporal slot encoder returns K slots 5P € RE*4: In
simulation V' = 4; the architecture itself accepts the subset of
views available on a platform. Three binding slots represent
the target UUYV, the gripper, and the fixed ROV frame. Because
the frame occludes parts of every view at a fixed pose, it is
kept in a binding-only slot (slot 2), excluded from cross-view
fusion and from the predictive state; the free slots are not
spent on it. Cross-view attention produces shared target and
gripper tokens, and the predictive state concatenates these with
the three context slots of a single reference view, v, (the rear
camera, which also serves as the free-slot prediction target),
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Equation (1) is the object-centric perception domain (OCPD)
introduced in Sec. I: the two task-object entries carry the target
and gripper at full fidelity and are forcibly aligned across
cameras, while the three context entries are free slots carried
without alignment. The state is object-centric by construction
rather than a uniformly compressed scene descriptor, which
keeps cross-view fusion inside an ROV compute budget.
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B. Object-centric slots and geometric regularization

For bound object o, a slot renderer produces a mask Mt” o
and a weak mask proposal M/, supplies an identity anchor.
We use
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Fig. 2. C3-JEPA architecture overview. Stage I maps synchronized multi-view RGB to bound task-object slots and free context slots; Stage II injects the
control latent through AdaLN-Zero and predicts the state autoregressively. Right: the predictive interface.

where Ly, reconstructs frozen DINOv3 patch features, free
slots receive no object identity label, Li;mesim matches con-
secutive slot states to keep tracks temporally consistent, and
Lyis supervises the per-view visibility of the bound objects.
The binding path is patch-to-slot rather than a detached DINO
segmentation head: frozen DINOv3 patch evidence is scored
against weak target/gripper anchors, and the selected support
guides the corresponding VideoSAUR slot masks (Fig. 3).
Identity is assigned by affinity argmax against the query vectors
q**&°t and ¢&"P. A PCA—clustering view can still serve as a
rapid proposal for the patch support. This makes the supervision
auditable and inexpensive, but does not convert the method
into fully unsupervised segmentation.

SIGReg is the Sketched Isotropic Gaussian Regularizer
introduced for JEPA representations and used in LeWM
to prevent collapse by matching the latent marginal to an
isotropic Gaussian [44], [48]. Let Z € RV>*B>d collect token
embeddings over a temporal window of length N, a batch of
size B, and embedding dimension d. SIGReg projects Z onto
M random unit directions u("™) € S?~1, applies the univariate
Epps—Pulley normality statistic 7'(+) to each projection, and
averages the result:
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The Cramér—Wold construction makes one-dimensional pro-
jections a tractable surrogate for the full distribution. SIGReg
regularizes token geometry but does not assign target or gripper
semantics; those come from weak binding and object-feature
reconstruction.

R = Zu(™ (3)
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C. Held-out-view fusion

For each bound object, cross-attention receives visible-view
tokens and returns a fused token 57. During training, target
view v* is excluded from keys and values. A view-conditioned
decoder predicts its held-out feature evidence,

v
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where qu masks genuinely invisible objects. This test requires
fused tokens to retain cross-view object evidence without
requiring all camera appearances to collapse.

D. Control-conditioned JEPA prediction

The conditioning vector is the vehicle’s normalized control
signal,

&)

combining thruster command channels and gripper command
channels. An MLP produces AdalLN-Zero parameters for the
predictor [51]. Given a history of four states, the model predicts
twelve future states and minimizes token MSE plus cosine
distance. The complete predictor has only 1.33 M parameters:
because it predicts fused object tokens rather than pixels, the
decision interface stays light even as the learned dynamics
grow complex. In simulation the model is driven by commands
rather than by measured motion, so the hydrodynamic mapping
from control to realized vehicle motion, including thrust
buildup, added-mass inertia, and cross-couplings, is learned
inside the predictor. The control interface is modality-agnostic:
thruster and gripper commands in simulation and recorded
control and DVL-derived motion in the field drive the same
autoregressive rollout. This makes the predictive state directly
usable as a decision variable: candidate command sequences
can be rolled out, scored, and replanned against the learned
dynamics. Sec. V-E validates each ingredient of that loop
separately. Extended architectural and training details are given
in Sections S2 and S3 of the supplementary material.

Cy = [ala"'7a12ag1a"'7§6]t7

IV. EXPERIMENTAL SETUP AND EVALUATION

Table I lists the training configuration of the visual encoder
and the control-conditioned predictor, shared by all experiments
below.

A. Dataset taxonomy and split policy

Data are collected in the ROS-Gazebo UUV Simulator
environment [52], which implements Fossen’s equations of
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Fig. 3. Binding-guided patch-to-slot grounding in C3-JEPA. Left to right: synchronized multi-view RGB frames from one real recording; grouping slot maps
for the target (slot 0) and gripper (slot 1); the binding overlay, where weak anchors select patch support; the VideoSAUR-decoded slot masks that feed temporal

state formation; and a PCA view of the patch features.

TABLE I
TRAINING CONFIGURATION OF THE VISUAL ENCODER AND THE CONTROL-CONDITIONED JEPA PREDICTOR.

Visual encoder (frozen DINOv3-L backbone)

Slots

Slot dimension
Fusion
Reconstruction target
Loss weights
Training

ds = 256 (with a 256—128—256 adapter)

frozen DINOv3-L fpl6 patch features

6 total: 3 binding (target UUV, gripper, and a binding-only slot for the fixed ROV frame), 3 free context
held-out-view cross-attention, 8 heads (CrossViewMerge)

Ap=1.0, A\;,=1.0, A¢=0.10, X\,=0.20, As=0.03
Ir 1 x 107*, ~644 epochs, batch 16x8 GPUs

Control-conditioned JEPA predictor (transformer encoder)

History / future frames
Anchored masked slots
Transformer

Optimizer

Epochs / batch / split

AdamW, Ir 5 x 10™*, weight decay 0.05
30 / 256; 159 train, 18 validation

4/ 12 (recorded as 1.0 s / 3.0 s of context)
1 (one masked slot identity per window, recovered from the anchor frame)
depth 6, width 128, 8 heads, GELU, norm-first, AdaLN-Zero

Longer-context variants (stability probe)

Context frames

32 (8.0 s) and 16 (4.0 s), 25 epochs, initialized from the short-context predictor

motion for the vehicle dynamics [24]; each recording provides
synchronized cameras, vehicle state, gripper signals, poses,
and event annotations. The caveat of Sec. I about solving this
gripper in simulation concerns closed-loop policy training; here
the simulator instead supplies synchronized observations and
privileged state, from which the model learns the command-
conditioned mapping. Model inputs are the camera streams
and command channels; privileged simulator state is used
only to build training targets and evaluation references. The
current camera configuration passes channel-wise attenuation
values (0.3,0.3,0.09) and RGB noise with standard deviation
0.02, so the recordings embody a simplified attenuation/noise
camera model rather than full radiative transfer. We pack-
age recordings by behavior rather than by storage folder:
privileged automatic data comprise wandering near a target,
blind touching, and two naive privileged auto-grasp batches;
manual teleoperation data comprise wandering, gripper motion,
interaction, grasping, and verification. The release used here

contains 705 recordings across the two privileged auto-grasp
batches, plus grasping (41), interaction (30) and gripper-motion
(14) recordings; the remainder is unscripted collection. Each
release manifest records source behavior, camera availability,
calibration, annotation provenance, and splits. All results use
recording-disjoint train/validation partitions, so no recording
contributes frames to both sides of any reported comparison.
Beyond the simulator, two field deployments of the same
vehicle working a submerged real target supply synchronized
camera streams and navigation telemetry; field evidence is
reported in relative units in Sec. VL.

B. Metrics and evidence ladder
We evaluate five progressively stronger levels:
1) Representation: task-object mask Dice, held-out-view
feature error, and slot stability.
2) Prediction: held-out token MSE and cosine distance
under teacher forcing.



3) Recursive rollout: horizon-stratified comparison to per-
sistence and controls shuffled within matched windows.

4) Observable calibration: position, relative-pose, or
image-space error through a frozen readout with docu-
mented calibration limits.

5) Decision and transfer: executable-action ranking and
conservative closed-loop simulation.

An improvement at one level is not evidence for a later level.
The full evaluation protocols, including the held-out-view
protocol and the negative controls, are specified in Section S4
of the supplementary material.

V. RESULTS

The evidence below follows the evaluation ladder of Sec. IV.

A. Representation evidence

The learned representation preserves task-object semantics
while reconstructing frozen visual features (Table II). Across
the recording-disjoint split, binding-guided training maintains
high task-group Dice for the target UUV and gripper while
held-out-view fusion lowers feature reconstruction error.
Binding guidance trades reconstruction for downstream util-
ity. Compared with an unguided self-supervised slot baseline
(identical architecture and equal budget, but no binding an-
chors), binding guidance makes the slot decomposition semanti-
cally explicit—the target and gripper occupy stable, identifiable
slots (group Dice ~ 0.90/0.88) whereas the unguided baseline’s
slots carry essentially no task-object semantics (group Dice
~ 0.09/0.12)—while feature reconstruction error rises only
modestly, from 0.0157 to 0.0186 (Table II). The representation
therefore pays a small reconstruction cost in exchange for task-
relevant structure, confirming that reconstruction fidelity and
downstream utility are distinct objectives.

Held-out-view fusion, measured against matched arms.
Block (b) of Table II isolates the fusion design on a recording-
disjoint split at equal budget, where the arms differ only in the
flags named in the row. The two blocks are not comparable
in absolute level, and all between-arm claims are drawn from
(b). Replacing weighted-sum fusion with held-out-view cross-
attention improves all five axes: feature MSE falls from 0.0231
to 0.0200 (—13.4%), target decoder Dice rises from 0.713 to
0.820 (+10.7 pp), gripper decoder Dice from 0.814 to 0.891
(+7.7pp), and the target and gripper group Dice by +2.7
and +3.8 pp. Two further contrasts sharpen what is doing the
work. Against averaging the visible views with the target held
out, cross-attention is better on four of five axes (target group
0.821 — 0.826, target decoder 0.811 — 0.820, gripper group
0.836 — 0.843, feature MSE 0.0201 — 0.0200). And against
the same cross-attention allowed to attend to the target view,
holding that view out is again better on four of five axes
(target group 0.796 — 0.826, gripper group 0.824 — 0.843,
target decoder 0.805 — 0.820, feature MSE 0.0205 — 0.0200),
consistent with the constraint acting as a regularizer. One axis
runs the other way: gripper decoder Dice is 1.1-1.2 pp lower
under held-out fusion (0.891 against 0.902/0.903). The rear-
view-only arm is not a competing fusion method: it is trained
with the target view included and cannot answer Equation (4);

its comparable average Dice contributes nothing to the held-out
claim. The block (b) margins come from a single training run
per arm and are read as effect sizes rather than as variance
estimates.

The fused token carries evidence for a view it never saw.
The ladder above measures average quality; the direct test is
whether the fused token can reconstruct a withheld view at
all. On a purpose-built held-out evaluation of the same design
(each of the four cameras held out in turn; the zero-information
floor averages the three visible views’ local outputs), held-out
target Dice rises from 0.2206 to 0.7604 for the UUV and
from 0.2034 to 0.8695 for the gripper, held-out feature MSE
falls from 2.3104 to 1.2183 and from 2.3552 to 1.0148, and
spurious mask mass on frames where the target is absent in
that view collapses from 0.1339 to 0.0063 and from 0.1257 to
0.0007. The shared token does not collapse: its effective rank
[53] is 14.69 for the UUV and 8.71 for the gripper, out of 128
dimensions. Two limits belong with this result. The evaluation
uses 512 fixed random windows rather than a recording-disjoint
split, so it establishes the mechanism and its magnitude, not a
generalization estimate; and four of its five acceptance criteria,
fixed before the evaluation, pass, with the front camera (which
meets the target at a grazing angle) landing at 0.456 UUV
Dice where right, bottom and rear sit between 0.755 and 0.800.
That spread is itself the argument for fusion over any single
chosen view: which view will be the inadequate one is not
knowable in advance.

SIGReg improves the task-object position head. Separately
from the DINOv3 checkpoint in Table II, a representation
sweep isolated the contribution of SIGReg by training the
geometry renderer with and without the SIGReg term while
keeping everything else fixed. Adding SIGReg at weight 0.03
reduced the estimated 3D target-center error from 0.625 to
0.496 (normalized center error), increased Dice from 0.887 to
0.895, and improved both IoU and feature reconstruction. The
position head therefore benefits from SIGReg independently
of the fusion change: a small amount of latent-geometry
regularization sharpens the geometry head and compounds
with, rather than substitutes for, the object-centric supervision.

B. Conditional rollout evidence

On a 229-recording interaction-focused diagnostic set, the
conditional predictor reduced a frozen-readout terminal relative-
motion error from 39.1 cm for persistence (recording-level
bootstrap 95% CI 36.7-41.5) to 25.7 cm (23.6-27.9). At five
seconds, the same diagnostic reported 59.7 to 31.0 cm on the
AutoGrasp recordings and 93.8 to 82.9 cm on the Interacting
recordings. Zeroing the conditioning signal increased latent
MSE, confirming that the learned tokens encode control-
correlated change and outperform persistence in dynamic
windows. Shuffling or zeroing the control input at a fixed
state is an established intervention for verifying that a predictor
conditions on actions rather than on visual habit [54]. The same
diagnostic shows where persistence stays competitive (Fig. 4c):
at short horizons the model’s latent MSE is comparable to
persistence, the two curves nearly coinciding on AutoGrasp
at 10s. A persistence copy is a strong latent-space baseline



TABLE II
REPRESENTATION CHECKPOINTS. HIGHER DICE AND LOWER FEATURE MSE ARE BETTER. (A) DEPLOYED FULL-DATA CHECKPOINTS; THE UNGUIDED ROW
IS THE EQUAL-BUDGET BASELINE WITHOUT BINDING ANCHORS. (B) EQUAL-BUDGET FUSION LADDER.

(a) Deployed checkpoints

Model Feat. MSE Target group Target dec. Grip group Grip dec.
Binding + SIGReg 0.0186 0.897 0.915 0.881 0.933
Held-out fusion 0.0183 0.895 0.903 0.877 0.921
Unguided self-supervised  0.0157 0.085 0.018 0.116 0.118
(no binding)

(b) Equal-budget fusion ladder
Binding, weighted-sum 0.0231 0.799 0.713 0.805 0.814
fusion (no cross-view)
Binding, rear view only 0.0201 0.828 0.811 0.845 0.902
Binding, mean of visible  0.0201 0.821 0.811 0.836 0.902
views, target held out
Binding, cross-attention, 0.0205 0.796 0.805 0.824 0.903
target view exposed
Binding, cross-attention,  0.0200 0.826 0.820 0.843 0.891

target held out
(GO-CVF)

because most tokens change slowly; the model’s advantage
lies in the readout-relevant terminal error and in the control-
conditioning margin, not in raw latent distance. Repeating the
last observation as a latent-space baseline is standard practice
rather than a strawman [55], and recent work normalizes
rollout error by a temporal-persistence baseline to discount
temporal smoothness [56]. Longer-context variants (4s and
85) and an unroll-regularized variant were probed on the same
diagnostic; neither improves on the deployed 1 s-context model
overall (terminal error 32.2 cm for both longer-context variants,
28.6 cm for the unroll variant, versus 25.7 cm; Fig. 4), the single
exception being the 10s horizon on the Interacting recordings,
where the 8s variant is best. The compact configuration is
retained.

Synthetic-perturbation surprise. To test whether the predictor
holds expectations about observation continuity rather than
extrapolating means, we inject four perturbations into the
history window and leave the target unchanged (12,000
windows over 250 held-out records). Overwriting the history
with the training-set mean token raises future error by 536%
(95% CI of the absolute increase 0.20-0.27, detected in 82%
of windows); replacing it with a distant window of the same
recording raises it by 260% (0.10-0.12, 75%). Reversing the
three pre-anchor history frames or permuting them moves the
prediction by 1.6% and 0.6%. The predictor is therefore sharply
sensitive to violations of observation continuity, and nearly
indifferent to frame ordering inside a one-second history.

Using the frozen geometry UUV renderer, we also decode
the predicted future UUV token into a slot mask and compare
its centroid track to the recorded one (Fig. 5). The world model
reproduces the recorded UUV motion both when the target is
far from the ROV (=3.4m, over a 3 s window the recorded
mask center moves by about 1.1 normalized units and the
predicted center tracks it with a mean error of about 0.09) and
when the target is close (=0.8 m), where a recursive 5 s rollout
keeps the mean centroid-tracking error under 0.05 normalized
units with no divergence at the endpoint. The multi-view design

is what makes this tracking robust in near-field salvage: as a
task object moves out of one camera’s field of view and into
another, a single camera would lose the object exactly when
its view is lost, while held-out-view cross-attention aggregates
the evidence still visible in the other cameras. Consistent with
this mechanism, the shared target token is decoded to the same
3D location across views (its mask-centroid rays stay close,
including for the predicted token; see Fig. 5 and the cross-view
results below), and the observed trajectory is preserved through
an imagined rollout.

C. Cross-view consistency

A shared task token must fuse evidence across views: the
masks it decodes in different cameras should point at the
same 3D location. We measure the mean pairwise angular
spread of the four view-centroid rays for the UUV token on
15 interacting recordings, binned by prediction horizon, and
compare it between the world model’s predicted token and the
observed token. The two agree closely at every horizon (16—
20° predicted versus 17-22° observed), and the mean predicted
spread is no larger than the observed spread within each bin.
Prediction thus preserves the multi-view fusion structure: the
fused token stays view-consistent through an imagined rollout.

D. Causal consistency and behavior-agent training

Beyond representation, we test whether conditioning is real:
the predicted slot motion should track the true motion only
when the recorded control is supplied. On the same interacting
set, the direction cosine between the predicted and true UUV
token displacement rises to about 0.42 with control at 15s
versus 0.23 without control (recording-weighted means over the
phase-split rows of Table S4 of the supplementary material; the
simple average of the two 15s rows differs because weighting
follows per-phase counts), so the model uses the conditioning
signal. Splitting by the gripper command, the grasp/contact
phase shows a positive control gain at every horizon, growing
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Fig. 4. Conditional rollout diagnostic on the 229-recording interaction set. (a,b) Terminal relative-motion error versus free-rollout horizon for persistence,
C3-JEPA, the unroll-regularized variant, and the long-context variants (16/32 frames); (c) latent MSE against persistence; (d) 5s control-conditioning ablation,

recorded versus zeroed control, with bootstrap 95% Cls.

from +0.07 at 1s to about +0.24 at 15s; the approach phase
is positive only at the longer horizons (slightly negative at
1s, +0.06 at 5s, up to about +0.16 at 10s). Table S4 of the
supplementary material reports the recording-level means.

We further probe whether the world model can train
a behavior agent. Using the conditional dynamics and a
frozen potential critic, we train an action-generating agent
with behavior-cloning regularization under imagined rollouts,
separately in the search and grasp/contact phases. On held-out
recordings the learned agent’s critic-predicted task progress
exceeds the behavior-cloning baseline by +0.383 (search) and
+0.209 (grasp/contact). The imagination interface guides agent
improvement in both phases. Progress is measured by the
same frozen critic that shapes the training signal, so this is a
statement about the consistency of the imagined-rollout loop
rather than an independent task-success measure.

UuV far (~3.4m), 3s

== Recorded
== Predicted

v (normalized)
P

0.0 0.2 04 06 0.8 1.0
u (normalized)

ULV close (~0.8 m), 5 s
0.0

=—e— Recorded
0.24 o= Predicted

0.4 4
[ 3

0.6 4 ]

0.8 1

1.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
u (normalized)

Fig. 5. UUV (slot 0) mask motion under the world model at two ranges:
far (=3.4m, 3s rollout, top) and close (/0.8 m, recursive 5 s, bottom). Each
panel pairs recorded (blue) and predicted (orange) mask-centroid tracks with
the bottom-camera frame.

E. Interface validation for model-predictive control

The matched-endpoint ranking diagnostic validates the plan-
ning interface: candidate trajectories share a common terminal
pose and differ only in control timing, and the world model’s
predicted latent endpoints rank them well above shuffled-control
rollouts. Concretely, on 90 matched-endpoint candidate groups
under recording-level out-of-fold evaluation, ranking by the
world model’s predicted endpoint selects the true best candidate
first in 53.3% of groups (bootstrap 95% CI 43.1-63.3%) versus
23.3% (15.8-33.1%) for shuffled-control rollouts and 25% for
random choice, with mean regret (selected-candidate distance
penalty relative to the group’s best) reduced from 0.0091 to
0.0058; each group contains four trajectories, so chance is 25%,
and the model’s interval excludes both chance and the shuffled-
control rate. Recent work audits whether latent distances rank
candidate plans consistently with executed outcomes [57]; the
diagnostic above is a positive instance. Together with the
causal-consistency gains of Table S4 of the supplementary
material (positive at every horizon in the grasp/contact phase),
all three ingredients of the model-predictive loop are in place:
a control-conditioned predictor, a consistent latent geometry,
and a ranking signal that separates candidate actions. Closed-
loop operation composes these verified ingredients with a
conventional automatic controller, as described in Sec. VI.

F. Downstream transfer against a reconstruction-free world
model

To quantify how much task-relevant information each
representation retains, we train a reconstruction-free latent
world model (LeWM [48]: ViT encoder, latent next-step
prediction, SIGReg prior on the embedding; no reconstruction,
no slots, no object supervision) from scratch on the same
multi-view recordings and control signals as C3-JEPA, and
compare frozen representations under an identical probe



architecture, split, and optimization predicting gripper joint
angles, target relative position, and target yaw. Table III reports
the result: C3-JEPA roughly halves the joint-angle and yaw
error of the reconstruction-free embedding and reduces relative-
position error by a quarter, transferring substantially more task
information on every head.

A purely latent objective with SIGReg as its only regularizer
discards a large share of the visual information manipulation
requires, driving the embedding toward compressed dynamics
statistics and away from pose- and joint-level evidence. The
object-centric supervision in C3>-JEPA—reconstruction-guided
slots with weak binding and a small SIGReg weight (0.03)—is
what preserves that evidence. SIGReg alone does not recover
it, and at reconstruction-free training scales it actively hurts
downstream heads; combined with reconstruction and binding,
the same regularizer improves them.

TABLE III
DOWNSTREAM PROBE TRANSFER ON THE GRASPING SCENE
(RECORDING-DISJOINT SPLIT; IDENTICAL PROBE ARCHITECTURE AND
TRAINING). LOWER IS BETTER. LEWM IS TRAINED FROM SCRATCH ON THE
SAME RECORDINGS AND CONTROL SIGNALS AS C3-JEPA.

Representation Joint MAE (°) Rel. pos. MAE (m) Yaw MAE (°)

C3-JEPA (binding + 4.90 0.60 6.50
slots + SIGReg)
LeWM (latent, 9.81 0.79 13.82

SIGReg only)

VI. FIELD VALIDATION ON REAL UNDERWATER VIDEO

All results above are trained and measured on simulated
salvage scenes. The question here: does the same predictive
state, with the same recipe, hold up on real underwater video?
Everything here is trained from the raw field recordings alone;
the simulator does not participate. Open-loop replay of recorded
actions is a recognized evaluation protocol when closed-loop
deployment is unavailable [58]. Both recordings were collected
in a test pool measuring 60 m by 20 m with a water depth of
10 m, under two operation modes (Fig. 9): unscripted navigation
3-5m above a steel frame installed on the pool floor, and active
interaction with an aluminum pipe on the floor, bringing the
gripper into contact with the object. The two deployments are
reported separately and never pooled: Deployment A is the
navigation recording, which keeps the steel frame in view;
Deployment B is the contact recording. The platform is the
heavy-duty salvage ROV of Fig. 1, with paired linkage-driven
underactuated grippers, a synchronized camera pair, navigation
telemetry, and no contact sensing. Both are recorded by two
co-mounted cameras for which no intrinsics or extrinsics were
measured, and the target carries no metric ground truth. A
video walkthrough of the experiments accompanies this paper
as supplementary multimedia.

Three reference points appear throughout: predicting the
mean token of the training sessions, copying the previous
token (persistence), and decoding the true tokens of the view
being predicted. Token error is the per-dimension mean squared
error against these references, and mask quality is reported as
a floor/model/ceiling intersection-over-union triple.

Evidence for a hidden camera survives in the shared tokens.
Predicting one camera’s tokens from the other camera alone
lowers token error by 76% and 65% on the two deployments
and recovers the hidden camera’s mask at 88% and 81% of
the achievable range (Table IV; Fig. 6a—c and Fig. 7). The
recovered tokens also keep their spread, close to the true spread
against about half of it for the mean-token prediction, so the
gain is not the trivial mean-token shrinkage effect. A linear
readout of the same history fails: it is 5.7x and 3.5x worse
than persistence on the two deployments, and once targets
are expressed as frame-to-frame change it is indistinguishable
from a shuffled control. The evidence is present but not linearly
recoverable; a nonlinear head is therefore required. The two
cameras are rigidly co-mounted and largely co-visible, so the
field study tests hidden-view recovery (the capability fusion
must deliver) rather than a dedicated fusion benchmark; the
identity-preserving form of the fusion claim is established on
the simulated camera rig of Sec. V. Fig. 8 shows both cameras
of one recording decoded from their own tokens and from the
merged cross-view tokens.

TABLE IV
FIELD-VALIDATION SUMMARY. DEPLOYMENT A: NAVIGATION ABOVE A
SUBMERGED STEEL FRAME; DEPLOYMENT B: CONTACT WITH A
SUBMERGED ALUMINUM PIPE.

Deployment A
(77 segments)

Deployment B
(36 segments)

Hidden-view token error 0.615 — 0.147 0.962 — 0.332
Hidden-view mask IoU 0.21/0.48 /0.52 0.20 / 0.50 / 0.58
Recovered share of range 88% 81%

5s prediction vs. persistence —-23% —31%

Prediction against recorded motion. A state-only closed-form
ridge regression on the 16-step token history reduces 5 s-ahead
token error by 23% and 31% on the two deployments relative to
persistence (Table IV); re-running the reference implementation
reproduces the recorded values to within 4 x 1076, Letting the
field-trained C3-JEPA predictor, conditioned on the recorded
control signals, feed itself for 36 steps is the harder test, and
it holds: error falls 30% below persistence (95% CI 21-38%)
and 89% below the mean-token floor (Fig. 6d—e).

Mask quality follows its own axis. The same rollout that
cuts token error by 30% does not improve mask quality:
0.159 against 0.184 for persistence (CI —0.053 to +0.002,
Fig. 6f). Squared error on tokens is minimized by a shrunken
conditional mean, and the frozen token-to-mask decoder turns
that shrinkage into a diffuse mask that a fixed threshold
penalizes. Training the recovery with a mask term of weight
0.3 lifts held-out mask quality by 0.092 and 0.050 on the
two deployments, at a token-error cost of 0.016 and 0.032. A
variant trained on masks alone draws masks as good as any
other (0.58) while its token error sits at twice the mean-token
floor. Mask quality and predictive fidelity are separate axes; we
treat predictive fidelity as the acceptance criterion and report
mask quality as a floor/model/ceiling triple.

Scope of the field evidence. Field quantities are reported
in relative units, and actuated behavior is exercised only
in simulation. The withheld view is recovered close to its
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(@ (b)
Fig. 9. Field experimental conditions. (a) The heavy-duty underwater salvage ROV used in this study. (b) The test pool: 60 m by 20 m, 10 m deep. (c) The

aluminum pipe on the pool floor. (d) The steel frame on the pool floor.

achievable limit, and the control-conditioned predictor stays
ahead of persistence at planning horizons and over self-fed
rollouts; per-camera breakdowns and the mask-term arms
appear in Section S6 of the supplementary material.

C3-JEPA is a predictive state model. Binding keeps the
target and the gripper in stable slots, the fusion head gathers
what the cameras see, the remaining slots hold unmodeled
context, and the predictor hands state, predicted consequences
and candidate scores to a decision module. In simulation,
coupling the interface to the platform’s conventional controller
completes the approach, alignment, contact and hold sequence,
and the separation between predictive interface and control
back end keeps the model portable across platforms. We report
this coupling as an interface demonstration, not a powered
success-rate study; a closed-loop field trial is the natural next
step. At deployment scale the predictor remains small: 1.33 M
parameters, 6.5 M FLOPs per window, and 1.97 ms per forward
pass on a single A800 GPU (0.6% of the 0.31s state step),
with a 76 MB peak footprint; the latency is a datacenter-GPU
reference, and an embedded port of the same predictor is
left to future work. Up to Sec. V all evidence is produced
in ROS-Gazebo with the simplified attenuation/noise camera
model of Sec. IV; the field study extends the evaluation to real

(©) @

RAW Picture

Fig. 7. Hidden-camera reconstruction on the two deployments (one row each):
the field frame from the withheld camera, the mask decoded from its own
tokens, and the mask recovered from the other camera.

RAW Picture

underwater video.

VII. CONCLUSION

We introduced C3-JEPA, which instantiates the object-centric
perception domain (OCPD) of Sec. I through guided object-
centric cross-view fusion (GO-CVF) and predicts its evolution
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Fig. 8. Cross-view decoding on a field recording (CAM A top row, CAM B
bottom row): the original frame, the mask from that camera’s own tokens, and
the merge decoder mask from cross-view fusion.

with a control-conditioned JEPA world model, for physics-
based near-field operation of a heavy-duty underwater salvage
ROV with an underactuated, self-adaptive gripper. The model
combines low-cost weak binding, held-out-view fusion, free
context slots, and control-conditioned latent prediction, internal-
izing the command-to-motion hydrodynamics without contact
sensing. The representation preserves task-object masks through
dynamic approach and contact windows (group Dice ~ 0.9
versus ~ 0.1 for unguided slots) and predicts the evolution of
the object—gripper interaction, cutting persistence’s terminal
motion error by a third on the interaction diagnostic and by
half at 5s on the AutoGrasp recordings. Binding guidance
improves downstream target-pose estimation even at a higher
reconstruction cost, while a small SIGReg weight independently
sharpens the geometry head. Against a reconstruction-free
latent world model trained on identical data, C3-JEPA transfers
substantially more task-relevant information to identical probes,
showing that object-centric reconstruction guidance preserves
information that latent regularization alone discards. The
predictive interface supports MPC candidate rollouts, candidate
ranking, and imagined-rollout behavior-agent training, and
in simulation it is consumed by a conventional automatic
controller. On real underwater video the same architecture
reconstructs a withheld camera to 81-88% of its achievable
range and beats persistence by 23-31% at a five-second
horizon. More broadly, the method provides a compact recipe
for constructing MPC-compatible world models for low-cost
embodied agents with multiple sensing modalities, and the
perception-domain view is what keeps that reference affordable:
alignment is spent on task objects, and context is carried
unaligned.
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