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Fig. 1. UMI-Underwater. We address data-collection and generalization bottlenecks in underwater manipulation by pairing autonomous, self-supervised
data collection with a zero-shot, depth-based affordance predictor that transfers directly from land to water.

Abstract—Underwater robotic grasping is difficult due to
degraded, highly variable imagery and the expense of collecting
diverse underwater demonstrations. We introduce a system that
(i) autonomously collects successful underwater grasp demon-
strations via a self-supervised data collection pipeline and (ii)
transfers grasp knowledge from on-land human demonstrations
through a depth-based affordance representation that bridges the
on-land–to–underwater domain gap and is robust to lighting and
color shift. An affordance model trained on on-land handheld
demonstrations is deployed underwater zero-shot via geometric
alignment, and an affordance-conditioned diffusion policy is
then trained on underwater demonstrations to generate control
actions. In pool experiments, our approach improves grasping
performance and robustness to background shifts, and enables
generalization to objects seen only in on-land data, outperforming
RGB-only baselines. Code, videos, and additional results are
available at https://umi-under-water.github.io.

I. INTRODUCTION

Underwater robotic manipulation is key to enabling applica-
tions such as ecological sampling, debris removal, and infras-
tructure inspection, yet robust autonomy remains challenging.
Compared to terrestrial settings, underwater robots operate
under severe perceptual degradation and variability—including
wavelength-dependent attenuation, scattering/backscatter, tur-
bidity, and rapidly changing illumination and caustics—that
can substantially shift appearance even within the same envi-
ronment [1–4]. In addition, hydrodynamic disturbances and
vehicle–object coupling complicate contact-rich interaction.
These factors often make end-to-end visuomotor policies
brittle under distribution shift, and they amplify the cost of
collecting sufficient underwater training data.
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A major practical bottleneck is the human burden in data
collection. Most underwater manipulation systems remain
teleoperation-centric, but collecting diverse, high-quality un-
derwater demonstrations is time-consuming and expensive.
Recent work has begun to reduce this burden by leveraging
self-supervised interaction to scale underwater data collection;
by deploying autonomous heuristic controllers, systems can
automatically acquire the successful demonstrations required
to train robust visuomotor policies [5]. More broadly, self-
supervised interaction has long been used to scale terrestrial
robot data collection with automatically obtained success
signals and repeated deployment [6–9].

In parallel, a growing line of work reduces demonstration
burden by replacing robot-centric teleoperation with portable,
robot-agnostic human demonstration interfaces. Universal Ma-
nipulation Interface (UMI) enables in-the-wild data collection
with a handheld gripper and transfers learned visuomotor
policies to robots [10]. Follow-up systems extend UMI-style
data collection and transfer to new embodiments and deploy-
ment constraints, including mobile manipulation on legged
platforms, aerial manipulation under challenging dynamics,
and more scalable/hardware-independent variants with larger
datasets and richer sensing [11–17].

This paper introduces a representation-centric method for
robust underwater manipulation built around affordance, while
explicitly targeting human burden reduction in two comple-
mentary ways. (1) We introduce a self-supervised underwater
data collection pipeline that autonomously collects successful
grasp demonstrations to eliminate reliance on teleoperation.
The collection system bootstraps grasp attempts with a heuris-
tic controller, executes recovery behaviors to increase data
efficiency, and filters episodes using an automatic success
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signal, yielding scalable underwater demonstrations. (2) We
develop an UMI-derived handheld interface (UMI-Aquatic)
to scalably collect diverse on-land demonstrations to train
a depth-conditioned affordance model for grasp guidance.
This allows us to (i) achieve zero-shot land-to-water grasp
knowledge transfer and (ii) bridge the land-to-water perception
gap. Finally, we train an affordance and depth conditioned dif-
fusion policy [18] on action trajectories from our autonomous
underwater collection system. This visuomotor policy captures
the perception robustness of depth and the diverse grasp
knowledge of affordance to improve generalization to novel
manipulation targets and unseen environments.

We evaluate our approach on two regimes: (i) novel-
object generalization and (ii) visual generalization to unseen
backgrounds and lighting conditions. Across these settings,
we find that depth-based affordances provide an effective
perception interface for bridging land-to-water shift, and that
autonomous data collection substantially reduces the human
burden required to train underwater manipulation policies.
Contributions:
� Self-supervised underwater data collection: a practical

pipeline that autonomously gathers successful underwa-
ter grasp demonstrations using recovery behaviors and
automatic success filtering.

� Affordance heatmaps as a cross-domain perception
interface: a goal-conditioned, depth-based affordance
predictor trained with on-land UMI-Aquatic demonstra-
tions, enabling zero-shot land-to-water transfer without
mixed training or fine-tuning.

� Robustness and transfer evaluation: experiments on in-
distribution pool grasping, background shifts, and novel-
object generalization using objects seen only in the on-
land dataset.

II. RELATED WORK

A. Underwater Manipulation and Learning

Autonomous underwater manipulation has long been stud-
ied in the context of intervention missions (e.g., inspection,
maintenance, and recovery), where the dominant challenges
arise from hydrodynamic disturbances, limited visibility, and
the complexity of controlling coupled vehicle–manipulator
systems. Early work and benchmark systems emphasized
reliable mechatronic integration and robust control for free-
floating intervention, including SAUVIM-style intervention
platforms [19]. Subsequent efforts developed increasingly ca-
pable autonomy stacks for underwater vehicle–manipulator
systems (UVMS), including the TRIDENT framework and
its descendants [20], as well as large-scale projects such as
DexROV that advanced semi-autonomous intervention and re-
mote supervision [21]. A complementary line of work focuses
on principled control architectures, e.g., task-priority control
for underwater intervention, to systematically handle compet-
ing objectives such as station keeping, collision avoidance, and
end-effector motion [22].

A complementary paradigm is human–robot haptic col-
laboration: Ocean One and the deep-sea OceanOneK use

an “avatar” telepresence approach that enables dexterous bi-
manual manipulation under supervisory control, with haptic
feedback as needed [23–26].

Despite steady progress, many practical underwater ma-
nipulation systems remain teleoperation-centric, in part be-
cause collecting high-quality underwater demonstrations is
expensive and time-consuming. Learning from demonstration
has therefore often been used to assist or partially automate
underwater intervention, for example by learning task models
that help disambiguate operator intent and improve resilience
to communication constraints [27]. More recently, AquaBot
showed that end-to-end visuomotor policies can be trained
from demonstrations and improved through iterative self-
learning beyond initial teleoperation performance [5].

Building off this trajectory, our work addresses two comple-
mentary pillars of underwater manipulation: we replace expert
teleoperation with an autonomous, self-supervised collection
pipeline to scale data, while simultaneously exploring how
transferable affordance representations can improve general-
ization across the land-to-water domain gap.

B. Reducing human burden in demonstration collection

A central challenge in learning-based manipulation is col-
lecting diverse, high-quality demonstrations. In underwater
settings this burden is amplified by limited visibility, vehicle–
object coupling, and the operational overhead of teleoperation,
motivating approaches that reduce (i) the amount of direct
human-in-the-loop control and (ii) the effort required to collect
diverse demonstrations.

a) Autonomous and self-supervised on-robot data collec-
tion: A long line of work demonstrates that robots can scale
interaction data by autonomously executing trials and using
automatically obtained success signals for learning, substan-
tially reducing manual labeling and teleoperation time[6–9].
Recent systems revisit this theme with practical autonomous
data-collection pipelines that repeatedly deploy policies, ac-
cumulate experience, and update models under real-world
constraints[28–30]. Our underwater data collection pipeline
follows this spirit: it autonomously generates grasp trials with
recovery behaviors and retains successful episodes for behav-
ior cloning, reducing reliance on underwater teleoperation.

b) Portable handheld interfaces and cross-embodiment
transfer (UMI family): Complementary to autonomy-on-robot,
handheld demonstration interfaces aim to make data collec-
tion cheap, portable, and robot-agnostic by capturing task-
relevant trajectories with consistent observation/action seman-
tics. Universal Manipulation Interface (UMI) enables in-the-
wild demonstration collection using handheld grippers and
transfers the learned visuomotor policies to robots without
requiring robots at collection sites [10]. Subsequent UMI-
style systems extend this paradigm along multiple axes: trans-
ferring UMI policies to new embodiments with additional
control constraints (e.g., legged mobile manipulation and aerial
manipulation) [11, 12], redesigning the interface for easier
deployment and larger-scale datasets [13, 14], augmenting the



interface with contact-rich sensing (e.g., force/torque and tac-
tile modalities) [15, 31], and broadening the interface concept
to dexterous hands via wearable or vision-based adaptations
[17]. Our UMI-Aquatic interface is inspired by this line,
but targets a distinct challenge: leveraging cheap on-land
demonstrations to improve underwater manipulation, where
teleoperation is especially time-consuming. We use a depth-
based affordance representation and geometric alignment to
enable zero-shot land-to-water transfer without mixed training
or �ne-tuning.

C. Affordance Representations for Manipulation

Affordances provide task-relevant, spatially localized cues
for interaction. Early deep affordance approaches predict pixel-
wise affordance labels or masks jointly with object detection
[32]. Dense action-value or utility maps over image pixels have
also been used to guide grasping and interaction [8]. Recent
work studies affordances that generalize to novel objects,
including few-shot affordance learning for unseen articulated
objects [33]. In parallel, robust manipulation can bene�t from
strong intermediate visual representations such as monocular
depth [34, 35]. Our contribution is to use an affordance
heatmap as a modular perception interface that can be trained
with on-land data, and then used to guide an underwater
diffusion policy.

III. APPROACH

A. Experimental Setup

Fig. 2 illustrates the overall system. The ROV manipula-
tion setup is similar to that in prior autonomous underwater
manipulation (e.g., [5]), with updates enabled by recent im-
provements to the QYSEA platform SDK.

Fig. 2. ROV Manipulation Setup for Self-supervised Underwater Data
Collection. The setup includes a swimming pool, with objects scattered across
the workspace for repeated grasp attempts. Four �xed external cameras are
mounted at the pool corners to provide real-time 3D localization used for
safety functions (but not provided as inputs to the learned policy). The tethered
ROV operates in this environment to execute the staged grasping routine.

a) Platform: The platform is a compact tethered under-
water ROV equipped with a forward-facing RGB camera, an
additional wide-FOV RGB camera mounted at the top, and a
1-DoF gripper (open/close). The vehicle is operated through a
tethered control box at 100 Hz. For autonomous operation, the
vendor SDK is used to send velocity and gripper commands
and to receive onboard proprioception (IMU and depth).

b) Cameras: Earlier reports noted high latency from
the integrated front camera and therefore added an external
low-latency camera [5]. With the newer SDK, front-camera
latency is substantially reduced (below 100 ms). An external
waterproof camera is nevertheless retained for two practical
reasons: (i) it provides a complementary viewpoint to the
onboard cameras, and (ii) the wide-FOV view typically offers
richer scene context during approach and grasp. The external
camera is mounted via a 3D-printed bracket rigidly attached
to the vehicle body.

c) State estimation and safety: The environment is
equipped with four �xed external cameras placed at the pool
corners for real-time 3D localization of the vehicle. Fusing the
externally estimated 3D position with onboard IMU yields a
6-DoF pose estimate in a global frame. This position estimate
is not provided to the learned policy; it is reserved for safety
(collision avoidance), episode reset, and operator monitoring.

d) Control constraints: During both data collection and
policy execution, vehicle pitch is �xed to a constant downward
angle (10� ) to stabilize the camera viewpoint and simplify the
grasping geometry. This constraint reduces control complexity
and improves repeatability while remaining representative of
close-range grasping behaviors in this setting.

Fig. 3. Autonomous Data Collection Pipeline. Our heuristic controller
autonomously collects grasping episodes by using a segmentation model to
select a target, servoing the object centroid to stage-speci�c pixel setpoints
using PD control, closing the gripper when a depth threshold is met, and
labeling success via drag validation.

B. Data Collection

A key challenge in underwater learning is acquiring large
quantities of robot interaction data without relying on exten-
sive teleoperation. We therefore design a self-supervised data
collection pipeline that uses a heuristic visuo-servoing PD
controller to autonomously generate grasp trajectories. Each
episode proceeds through a sequence of stages (Fig. 3).

a) Reset and initialization: At the start of each episode,
the vehicle is placed at a shallow depth with a random initial
pose that provides a wide �eld of view over the workspace.
Using the external tracking system, we initialize the vehicle
state and enforce the �xed pitch constraint.



b) Object selection and tracking: We run real-time seg-
mentation with (SAM2-tiny [36]) to obtain per-frame object
masks. From the visible objects, we select the target whose
centroid is closest to the image center and track its mask
across frames. We compute a target pixel as the centroid of
the selected mask.

c) Stage 1: Yaw alignment: We yaw the vehicle such
that the image centerline coincides with the target centroid.
Speci�cally, we de�ne the horizontal pixel error between the
centroid and the image centerline and use a PD controller
to command yaw until the error falls below a threshold. It
remains active throughout the grasp sequence to maintain
target centering during approach and closure.

d) Stage 2: Forward approach: After initial yaw align-
ment, we command forward motion to reduce the apparent
distance to the object. Concretely, we de�ne a reference
horizontal line in the lower portion of the image and continue
moving forward until the centroid reaches this reference line
(i.e., until the vertical pixel error meets a threshold). This pro-
vides a simple but effective proxy for range without requiring
a calibrated stereo system.

e) Stage 3: Depth adjustment: We then adjust depth to
keep the target within a favorable grasping region. We de�ne
a second reference horizontal line in the upper portion of the
image and command vertical motion until the centroid lies
within the target band.

f) Stages 4 & 5: Close-range approach and grasp:
Once the vehicle is suf�ciently close, we use a monocular
depth estimator (Depth Anything V2 [37]) on the onboard
RGB stream to further regulate approach distance. When
the estimated distance indicates that the object is within the
gripper workspace, the gripper closes to attempt a grasp.

g) Stage 6: Drag veri�cation: To verify grasp success
without external instrumentation, we execute a short retreat
motion (dragging the object) for 3 s. If the object remains in
the gripper without slipping during this interval, we label the
episode as a success; otherwise as a failure.

Fig. 4. Autonomous Recovery Strategies include (a) regrasp after failed
grasps and (b) backup when the robot overshoots. These strategies improve
the success rate of demonstration collection as well as improve policy
robustness by demonstrating recovery behavior.

h) Failure recovery mechanisms: We incorporate two
recovery behaviors that substantially improve autonomous col-
lection (Fig. 4) : (1) Regrasp. After each failed grasp attempt,
the vehicle backs up, applies a small lateral offset (randomly

left/right), reopens the gripper and retries the approach. This
increases the probability of completing a successful grasp after
poor initial contact. (2) Overshoot. Due to hydrodynamic
effects, the vehicle can overshoot, moving the object toward
the image boundary or out of view. We detect imminent loss-
of-view when the target centroid approaches the image margin;
in that case we command a larger retreat to re-acquire the
object before restarting alignment.

Fig. 5. UMI-Aquatic on-land demonstration setup. Our handheld gripper
with an iPhone camera system and AprilTags enables portable data collection
and reliable gripper-state tracking for automatic demonstration labeling.
Cropping and geometric warping via reprojection align the iPhone view to
match the underwater robot camera.

i) On-land demonstrations with UMI-Aquatic: To col-
lect diverse grasping demonstrations on land, we introduce
UMI-Aquatic, a handheld gripper interface derived from the
Universal Manipulation Interface (UMI) [10]. UMI-Aquatic
integrates (i) an iPhone camera rigidly mounted to match the
underwater camera viewpoint and (ii) AprilTags mounted on
the gripper to enable reliable gripper-state tracking during
handheld operation (Fig. 5). Compared to the original UMI
design, our modi�cations are tailored to underwater transfer:
the camera mounting is designed to simplify cross-camera
alignment, and the tag-based tracking provides a robust es-
timate of gripper openness/closure timing used for automatic
label generation.

j) Scale and human effort: Our self-supervised pool
pipeline collected 536 grasp demonstrations, with each episode
lasting �45 s and between-episode reset taking �60 s, for a
total of �15 h of autonomous runtime for the episodes plus
resets. From this set, we used 233 successful underwater
grasps to train the diffusion policy.

Objects were re-scattered roughly every 5 h, and manual
intervention was only required when the vehicle became stuck
or the tether tangled. Separately, UMI-Aquatic enabled fast
on-land collection of 800 handheld demonstrations across 6
object types and 8 backgrounds (each �10 s, �2.2 h of active
demonstrating)

C. Goal-Conditioned Data Preprocessing and Training

We improve robustness and generalization by separating
where to grasp from how to control. We learn (i) a goal-
conditioned affordance predictor that outputs a dense grasp



heatmap and (ii) a visuomotor policy that conditions on this
heatmap (and depth) to produce control commands. To reduce
sensitivity to lighting and color differences between land
and underwater scenes, our affordance predictor operates on
depth rather than RGB; in our setting, RGB-input affordance
models trained on on-land UMI-Aquatic data transfer poorly
to underwater imagery due to severe appearance shift.

a) Training tuples and goal-conditioning: From each
episode we construct training tuples f(Dt ; Dgoal ; Ĥ t )gT

t=1 ,
where Dt is the depth observation at time t, Dgoal is a
goal depth image, and̂H t is a sparse per-pixel affordance
target. Goal-conditioning disambiguates which object to grasp
in multi-object scenes.

Goal source. In our setting, the goal observation is provided
from on-land UMI-Aquatic data: at test time we specify the
target with a single on-land goal RGB image, convert it to
a depth map using the same monocular depth pipeline, and
use it as Dgoal (after the same crop/warp preprocessing as in
Sec. C. d). Thus, the affordance model performs cross-domain
goal matching between the current underwater observation
and an on-land goal, and we do not require capturing an
underwater goal image at deployment.

Fig. 6. Automatic Affordance Supervision. AprilTag tracking identi�es
gripper closure timing using a sliding window, which seeds point tracking to
backtrack grasp contact keypoints on the object for affordance supervision.

b) Automatic per-frame supervision: For on-land data
collected with UMI-Aquatic as shown in Fig. 5, we use an
AprilTag-based gripper tracking pipeline (Fig. 6) to estimate
gripper openness/width and to determine the grasp/contact
timing in the camera frame. We detect the closure time t? using
a sliding-window change detector over the width signal (a
sharp drop followed by a stable plateau). Then, we backtrack
the gripper–object contact pixel from the �rst frame where
the gripper is closed, t?, to earlier frames using point tracking
(CoTracker3 [38]), yielding a tracked contact location (ut ; vt )
for each t � t ?, producing compatible targetŝH t .

c) Land-to-water pretraining via diverse on-land data
(zero-shot transfer): To improve generalization, we train an
affordance model on a diverse on-land dataset. An iPhone-
based capture setup is portable and easy to deploy, enabling
rapid collection of varied interactions without specialized site
preparation (e.g., no mapping run). Because the iPhone camera
differs from the underwater camera in intrinsics, distortion,
and �eld-of-view, we reduce this geometric domain gap by
calibrating both camera models and warping on-land frames
into the underwater camera geometry. Using depth as the
affordance input further reduces the perception gap caused by
lighting and color differences. Importantly, there is no mixed

training and no �ne-tuning: online affordance deployment uses
on-land data only while of�ine affordance used for training the
policy uses underwater data only.

d) Affordance dataset preparation and cross-camera
warping: A practical challenge for land-to-water transfer
is the mismatch between the iPhone camera used for on-
land collection and the waterproof wide-view camera used
underwater. We therefore pre-warp each on-land frame into the
underwater camera image geometry using a calibrated, plane-
at-depth remapping.

Plane-at-depth warp (iPhone ! underwater camera). Let
camera 1 denote the iPhone (source) and camera 2 denote
the underwater camera (target), with pinhole intrinsics K1; K 2

and distortion parameters d1; d2. For each target pixel~p2 =
(u2; v2) in camera 2, we undistort to normalized coordinates
(x 2; y2) and form a ray r2 = [x 2; y2; 1]> . We intersect this
ray with a fronto-parallel plane at depth Z in camera 2
coordinates:

X 2 = Z r 2: (1)

We then transform to camera 1 coordinates and project into
the iPhone image:

X 1 = R X 2 + t; (2)

~p1 = �(K 1; d1; X 1) ; (3)

where �(�) denotes perspective projection with lens distortion.
Since we mount the iPhone camera to match the underwater
camera orientation, we use R = I (translation-only align-
ment). Finally, we perform backward sampling:

I 1!2 (~p2) = I 1(~p1); (4)

implemented as a dense remapping table applied with bilinear
resampling for images.

e) Affordance model architecture and training: We train
a goal-conditioned affordance predictor from depth sequences.
For each training sample, we take the current depth im-
age Dt and a goal depth image Dgoal , normalize depth to
[0; 1] using dataset-wide anchored min/max statistics (with
clamping), resize to 112�112, and concatenate (Dt ; Dgoal )
into a two-channel input. Targets are per-pixel keypoint maps
representing ground truth grasp locations, resized with nearest-
neighbor interpolation. Our model is a U-Net (depth 4, base
channels 64) with convolution–BN–ReLU encoder blocks
and max-pooling, a bottleneck with increased channel ca-
pacity, and a mirrored decoder with transposed-convolution
upsampling and skip connections. A �nal 1�1 convolu-
tion outputs per-pixel logits at the input resolution. Train-
ing uses a weighted BCE-with-logits objective to address
foreground/background imbalance, AdamW optimization with
warmup+cosine scheduling, gradient clipping, and mixed pre-
cision, with depth-speci�c augmentations (geometric trans-
forms plus scale/noise/dropout/blur). We use episode-wise
train/validation splits to avoid temporal leakage.
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