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DAVATaR: Depth-Aware Visually Augmented Tactile
Learning Across the Air-Water Interface
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Figure 1: DAVATaR. Contact-rich submerged tasks are difficult as water introduces reflection and refraction
artifacts that make visual observations unreliable, while water risks damaging electronics. We combine visual
augmentation with waterproof tactile sensing to train visuo-tactile policies for submerged manipulation tasks.

Abstract: Manipulation in submerged settings (e.g., washing dishes, bathing, col-
lecting water samples) is difficult because of the air-water interface. Water makes
visual cues unreliable and damages electronics. We learn visuo-tactile policies for
this regime by fusing visual observations with tactile and immersion-depth sig-
nals from a sensorized waterproof gripper. We train imitation learning transformer
policies that use submerged-domain visual augmentations to reduce overfitting to
turbidity, reflection- and refraction-related artifacts. Across the evaluated sub-
merged manipulation tasks, our full policy achieves a mean success rate of 71%,
compared to 41% for the best no-tactile variant. This improvement is especially
pronounced under difficult visual conditions, such as floating foam and strong
glare. Overall, our results demonstrate combining visual robustness with multi-
modal tactile sensing improves submerged manipulation. See website for details.

Keywords: Visuo-tactile Learning, Submerged Manipulation, Data Augmenta-
tion

1 Introduction

Submerged manipulation involves challenging contact-rich tasks, requiring robots in dry environ-
ments to reach into water. Unlike fully underwater systems, submerged tasks require repeated in-
teraction across the air—water interface, introducing unique visual challenges [1, 2, 3]. In household
settings, soap and foam films may cause occlusions, while outdoor settings may face sun reflections
and suspended sediment. These conditions change dynamically, preventing standard visuomotor
policies from robust generalization due to their assumption that visual observations remain stable
and informative throughout the interaction [4, 5, 6, 7]. As visual reliability collapses, the robot must
increasingly rely on tactile interaction signals. For example, scrubbing a plate or bathing a limb
requires sustained force-aware physical contact. Meanwhile, water quality sampling must target
specific depths to avoid floating surface contaminants and bottom sediment [8, 9]. These observa-
tions motivate a broader role for tactile sensing in submerged manipulation, to better support both
contact-rich interaction and awareness of the gripper’s relative position within the water.

Submitted to the 10th Conference on Robot Learning (CoRL 2026). Do not distribute.


https://davatar-corl26.github.io/

28
29
30
31
32
33
34
35
36

37
38
39
40
M
42

43

44
45
46

47
48
49
50
51
52
53
54

55
56
57
58
59
60
61
62
63
64
65
66
67
68

69
70
71
72
73
74
75
76

To address these challenges, we introduce DAVATaR, a depth-aware visually augmented tactile
robot learning framework for submerged manipulation (Fig. 1). DAVATaR trains a visuo-tactile imi-
tation learning policy that combines tactile feedback with visual augmentations in training, enabling
policies to remain effective in submerged environemnts. Contact force and depth sensing are pro-
vided by a multimodal sensorized gripper that operates robustly in both dry and wet environments.
DAVATaR also introduces a physically motivated image augmentation strategy, targeting structured
occlusion and scaling distortions caused by the submerged environment. We evaluate DAVATaR
across four real-world tasks, demonstrating substantially improved robustness of visuo-tactile imi-
tation learning policies in submerged environments. Our main contributions in DAVATaR are:

* A novel multimodal tactile gripper designed for submerged manipulation, enabling tactile inter-
action in both dry and submerged environments, together with immersion-depth sensing.

* A physically motivated visual augmentation strategy targeting structured submerged visual distor-
tions, including occlusion, scaling, and geometric deformation.

* Training and real-world evaluation of multimodal (vision, tactile, immersion depth) imitation
learning policies, demonstrating improved robustness for submerged tasks.

2 Related Work

DAVATaR is a novel method for submerged manipulation, integrating visuo-tactile signals into an
imitation learning policy. DAVATaR achieves this through novel end-effector design and domain-
specific visual augmentation strategies. In the following, we review prior work in those areas.

Visuo-tactile manipulation. Prior work in contact-rich manipulation leverages the complemen-
tary nature of vision and tactile sensing for robust performance [10, 11, 12]. Vision provides global
scene context, while tactile provides local physical feedback, making them a good pairing so long as
visual signals remain geometrically consistent throughout the interaction [13, 14, 15]. Submerged
manipulation breaks this assumption as the air-water interface creates systematic visual distortions,
fundamentally shifting the balance between visual and tactile feedback in favor of local interaction
signals. DAVATaR advances visuo-tactile manipulation by demonstrating how to integrate force and
depth sensing with vision for more robust submerged manipulation.

Underwater and submerged manipulation. Underwater manipulation has been extensively stud-
ied for submersibles [16, 17, 18], incorporating robot learning advances made for dry manipula-
tion [19, 20, 21]. This prior work differs from our focus on submerged manipulation, as we are
more interested in interaction across the air—water interface. Submersibles operate in a single con-
sistent environment, and thus do not experience the visual artifacts of reflection and refraction or the
abrupt interfacial changes in buoyancy and splashing. These dynamic changes require DAVATaR to
depart from traditional underwater approaches to succeed in the submerged domain. For example,
for tactile sensing design, traditional methods focus on waterproofing technologies originally devel-
oped for dry manipulation [22, 23, 24]. These approaches treat hydrostatic pressure variation as a
nuisance variable, as it is does not occur in dry environments [23, 25, 26]. However, by focusing on
submerged environments, we realize that hydrostatic pressure variation can serve as a useful sens-
ing signal, especially as our gripper moves between air and water. This openness to the submerged
task domain empowers DAVATaR to use unique signals for manipulation, enabling a single sensing
architecture to provide both contact-force and immersion-depth feedback.

Domain-specific visual augmentation. Data augmentation is widely used to improve robustness
in robot learning [27, 28]. Notably, research in autonomous driving has demonstrated improved
robustness to adverse environmental conditions by augmenting training data with synthetic fog,
rain, and darkness. [29, 30, 31, 32, 33]. Inspired by this approach, we introduce submerged-domain
visual augmentations in DAVATaR, targeting structured distortions caused by the air—water interface,
including reflection- and turbidity-caused occlusions and refraction-induced scale changes. Rather
than modeling the full physics of underwater image formation, DAVATaR’s augmentations expose
the policy to the dominant visual perturbations encountered during submerged manipulation.
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3 Design of DAVATaR =

Arduino +
Transducers

Our goal is to achieve successful manipula-
tion in a submerged workspace, where only the

robot end effector enters the water. We do SO grpeqded Tubing Img:;;? "
by designing (1) a waterproof end-effector with Sensing
contact-force and immersion-depth sensing, (2) Embedded

submerged-domain visual augmentation strate- Air Ghannels

gies and (3) a multimodal behavior-cloning gﬁ:ﬁ%
transformer policy for submerged tasks.

3.1 Submerged othﬁ:a
Manipulation Gripper Design

To create hardware that can operate in wet
and dry environments, we separate the sub- Figure 2: DAVATaR gripper design. The long-finger
merged interaction region from the electronics gripper uses fluidic tactile sensing to keep sensing elec-
through long gripper fingers with fluidic signal gomcs. away from the water-exposed region. Embedded
L . . ngertip air channels provide contact-force sensing,
transmission (Fig. 2). Each finger consists of  ypjle 4 rear open/sealed tube pair enables immersion-
a 305mm aluminum H-beam connected to0 a depth sensing through hydrostatic pressure.
90 mm compliant tactile fingertip with finger-
nail. We sense contact forces using fluidic innervation [34], a barometric tactile sensing method
that allows us to separate readout electronics from the fingertip. Each fingertip contains 5 pairs of
embedded L-shaped air channels. When the fingertip deforms under contact, the channel pressure
changes and is measured by pressure transducers (All Sensors DLHR-LO5D) as a tactile signal.
Similar to [35], each transducer measures a pair of L-channels. This differential configuration re-
duces common-mode disturbances like temperature variation and hydrostatic-pressure-induced off-
sets. The same pressure-sensing principle is extended to immersion-depth sensing (i.e., estimating
how deep each finger is in the water). Two fluidic tubes are mounted along the back side of each
finger and connected to the two ports of one differential pressure transducer. One tube is open to
the surrounding water, while the other is sealed as a reference channel. As the finger moves deeper
below the water surface, the pressure in the open tube increases, producing a differential pressure
relative to the sealed tube that correlates with depth. In summary, the gripper provides 11 sensing
signals at 20 Hz: 10 contact-force sensing signals and 1 immersion-depth sensing signal.

3.2 Submerged-Domain Visual Augmentations

Submerged manipulation tasks face visual distortions created by reflection and refraction (Fig. 3).
Reflection causes glare that occludes the scene, while refraction causes objects to appear at different
scales and positions. We address this through training-time perturbations. Let A denote the stochas-
tic visual augmentation operator applied to a wrist-camera image /, producing an augmented image
I= A(I). The operator first applies standard image augmentations, including random translation
and color jitter, to cover generic camera variation. We then add two submerged-domain augmen-
tations, A and A, that mimic the distortions created by reflection and refraction, respectively.
Aeq overlays translucent bright rectangular patches on the image. We parameterize these patches
by brightness and scattering. Brightness controls how strongly the patches are blended toward white,
while scattering controls how coherent the patch spatial structure is. A,.f applies a zoom perturba-
tion parameterized by a zoom factor. The image is resized and then cropped or padded back to the
original resolution, changing the apparent image scale while preserving the image size.

3.3 Policy Learning with multimodal Tactile Sensing

To achieve submerged manipulation across the air—water interface, DAVATaR combines wrist-
camera observations with local gripper sensing in a single policy (Fig. 4). At timestep ¢, the
robot receives an RGB image I; from a wrist-mounted camera and a local sensing vector s, =
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Figure 3: Visualization of submerged-domain visual augmentations. Distortions at the air—water interface
affect raw wrist-camera images, adding occlusions and zoom effects. We augment images used in training by
mimicking those distortions, such as overlaying light patches on the image and changing perceived image scale.

[T¢,d:], where 7, € R0 denotes the contact-force sensing signals and d; € R denotes the
immersion-depth sensing signal. The policy uses a temporal history of length H, written as
ot = ((Le—m41,S8t—H+1),-- -, (Lt,8)), to predict the next action a;, consisting of the desired
operational-space end-effector motion and gripper command. Given the observation history o, the
image sequence I;_ 1.+ is encoded into visual tokens, while the local sensing sequence s;_ g1+
is encoded into local-sensing tokens. The visual and local-sensing tokens are passed through a trans-
former sequence model together with a learned readout token. The output at the readout token is
used as the fused representation of the observation history for predicting the action distribution.

During training, the image stream can be augmented using the visual augmentation operator A
defined in Sec. 3.2. For an input history o, only the wrist images are augmented, while the paired
local sensing vectors remain unchanged: 6; = ((A(li—g+1), St—r+1)s-- - (A(Lt), $¢)). During
validation and real-world rollout, .4 is disabled and the policy receives the unmodified o,.

We train the policy from demonstrations by minimizing the negative log likelihood of the demon-
strated action under the predicted distribution: Lpc(0) = —E(o,,a,)~p [logpe(as | 6;)] . During
rollout, the policy maintains the most recent H observations and predicts OSC actions from the
fused visual and local-sensing inputs. See Appendix for further architecture and training details.

4 Experimental Evaluation

Our experiments are organized around the following research questions:

* RQ1: Does DAVATaR accurately estimate contact-force?

* RQ2: Does DAVATaR accurately estimate immersion depth?

* RQ3: Does DAVATaR improve overall submerged manipulation performance?

* RQ4: How much does multimodal tactile sensing contribute to DAVATaR’s performance?
* RQS5: How much do visual augmentations contribute to DAVATaR’s performance?

These questions evaluate both the sensing validity of DAVATaR’s hardware and the extent to which
tactile sensing and visual augmentation improve policy robustness for submerged manipulation.

RQ1: Does DAVATaR accurately estimate contact-force?

We evaluate contact-force estimation by conducting ten 1min pressing trials at four immersion
depths: 0 cm (dry), 5 cm, 10 cm, and 20 cm. We simulate grip force by pushing the finger laterally
against the tank wall, and simulate vertical push force by pushing the finger against the tank bottom.
Ground-truth force is measured using a wrist force-torque sensor (BOTA SenseOne). We use the
vertical force component for push-force evaluation and the lateral force component for grip-force
evaluation. To estimate force from pressure readings, we use the tactile feature representation in [35]
to train an SVR with an RBF kernel, using 5-fold cross-validation. For both push-force and grip-
force, we demonstrate sub-newton force estimation accuracy across different immersion depths over
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Figure 4: Policy training pipeline and architecture. At timestep ¢, each demonstration sample contains
a wrist RGB image I;, contact-force readings ¢, immersion-depth reading d;, and action label a;. During
training, the visual augmentation operator .4 produces augmented images Il = A;(I;) while leaving dy, 7+,
and a; unchanged. The policy consumes a synchronized history of H observations ending at ¢: wrist images,
contact-force readings, and immersion-depth readings. Image histories are encoded with a ResNet-18 encoder
with spatial softmax, local sensing histories are encoded with an MLP, and the resulting tokens are fused by a
multimodal transformer with a learned readout token to predict the operational-space action.

a 0-20 N force range (Fig. 5). Force-estimation accuracy decreases with depth, indicating that force
measurements are affected by increased hydrostatic pressure. We further note that grip-force esti-
mation is consistently more accurate than push-force estimation. This is a result of our differential
channel layout, as lateral finger bending produces larger relative volume changes between paired
channels than vertical compression. Overall, these results demonstrate that our sensorized gripper
accurately measures contact forces, with RMSE on the order of 0.5 — 4% of the signal value.

RQ2: Does DAVATaR accurately estimate immersion depth?

Contact Forces

We evaluate immersion-depth sensing by mov-
ing the gripper inside a water tank filled to

RMSE (N) by Water Depth, mean = std

. A . Depth (cm)  Grip force (N)  Push force (N)
a depth of 25cm. Five 2min trials are col- 0 0112002 0462037
lected using randomized translational motions 5 0224 0.23 0.56 +0.12
31 . . 10 0.30 % 0.16 0.82 +0.86
at lcms to generate varymg ummersion 20 0.85 + 0.27 0.80 + 0.33
depths. Ground-truth immersion depth is de- Overall 0.37 + 0.28 0.66 + 0.16

fined as the vertical distance between the wa-

ter surface and the base of the compliant tac-  Immersion Depth Sensing vs Ground Truth

5

tile fingertip, and is computed from robot for-
ward kinematics. The sensing signal exhibits a
strong near-linear (R? = 0.9996) relationship
with immersion depth across all trials (Fig. 5).
A linear regression model achieves an RMSE of
1.6 mm for immersion-depth estimation. No-

o Water surface

|
a

—— Sensing response
- Linear fit: R? = 0.9996
5-trial std: 0.30% FSR

Immersion depth (cm)
1
o

-0.6 -0.4 -0.2 0.0
Sensor readout value

-0.8

tably, the sensing response exhibits a distinct
transition at the air—water interface, emphasiz-
ing that we are measuring hydrostatic pressure.
The sensing response is also highly repeatable
across trials, with a standard deviation of only
0.30% of the full-scale range (FSR). Together with the contact-force characterization results, these
experiments demonstrate that the same fluidic sensing architecture can simultaneously support both
contact-force sensing and immersion-depth sensing.

Figure 5: DAVATaR gripper characterization. Char-
acterization results show stable force estimation across
water depths and near-linear immersion-depth sensing
and Red arrows represent gripper motion directions.

RQ3: Does DAVATaR improve overall performance of submerged manipulation?
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Figure 6: Submerged manipulation task suite. We evaluate DAVATaR across four contact-rich tasks, focus-
ing on tasks that involve sustained surface contact, fixture interaction, grasping, and sampling in water.

Table 1: Task-level success rates. Entries report success rates averaged over normal and adversarial visual set-
tings for each task. DAVATaR achieves the highest success across all evaluated tasks, showing that multimodal
tactile sensing and submerged-domain visual augmentation improve submerged manipulation performance.

Method Water Spoon Sink plug Plate Mean
sampling pickup removal wiping

VisionOnly 0.11 0.40 0.24 0.37 0.28

DAVATaR-T 0.22 0.52 0.41 0.48 0.41

DAVATaR-VA 0.56 0.61 0.37 0.64 0.55

DAVATaR 0.67 0.75 0.61 0.81 0.71

Having established that DAVATaR provides accurate contact-force and immersion-depth measure-
ments, we evaluate whether these sensing capabilities, combined with physically-grounded visual
augmentations improve policy learning for submerged manipulation.

Experimental Setup: We evaluate RQ3-5 using four tasks: water sampling, spoon pickup, sink
plug removal, and plate cleaning (Fig. 6). Together, these tasks cover immersion-depth con-
trol, submerged object retrieval, fixture manipulation, and sustained contact-rich interaction un-
der water-induced visual distortion. We compare DAVATaR against a vanilla vision-only base-
line (VisionOnly), which corresponds to a standard visuomotor policy [4], and two abla-
tions: DAVATaR without tactile (DAVATaR-T) and DAVATaR without visual augmentations
(DAVATaR-VA). All policies are trained from /N = 40 demonstrations per task on a Franka Emika
Panda robot and trained using the same behavior-cloning negative log-likelihood loss. For evalua-
tion, we run k = 18 real-world robot rollouts for each method and task setting, corresponding to 6
trials for each of 3 random seeds. Each task includes a normal setting and one or more adversarial
visual conditions with stronger water-induced distortions (see Appendix for details).

Experimental Results for RQ3: Table 1 provides the main task-level comparison. DAVATaR achieves
high success in all the tasks with the highest mean success rate (71%). Notably, neither tactile sens-
ing (41% for DAVATaR~T) nor submerged-domain visual augmentation (55% for DAVATaR~-VA)
alone is sufficient to achieve the performance of DAVATaR, suggesting that the two components
address distinct sources of failure in submerged manipulation.

RQ4: How much does multimodal tactile sensing contribute to DAVATaR’s performance?

To isolate the contribution of tactile sensing, we compare DAVATaR against DAVATaR~-T, which
uses the same visual augmentation strategy but does not receive contact-force or immersion-depth
observations. Incorporating tactile sensing leads to a 30% increase in success across tasks, show-
ing that multimodal tactile sensing consistently improves performance. These gains arise because
submerged tasks often depend on physical information that is difficult to infer reliably from vision
alone. For instance, in water sampling, foam occludes the water surface, preventing a vision-only



215
216
217
218

219
220
221
222
223
224
225

226

227
228
229
230
231

232
233
234
235

237
238
239
240
241
242
243

244
245
246
247
248
249

251
252

Camera
View

1.0
Normalized
Attention

= vVision 00
e Tactile

0 2 4 6 8 10 12 14 16 o 2 2 6 8 10 12 14
time (s) time (s)

Figure 7: Modality attention during representative rollouts. We visualize normalized readout-token atten-
tion to visual and tactile tokens for plate wiping and spoon pickup. The marked frames correspond to key
task phases, including approach, contact/alignment, wiping or grasping, and completion. The attention patterns
show increased tactile attention during contact-sensitive phases.

policy to infer how far the syringe has entered the water. Similarly, in spoon pickup, refraction
causes the gripper to appear closer to the spoon than it physically is, causing vision-only policies
to close before reaching the spoon. Tactile feedback provides exact grasp state information for both
tasks, informing the policy of the gripper’s current depth and when it has hit the bottom of the tank.

Fig. 7 provides additional evidence that DAVATaR uses tactile sensing during contact-sensitive
phases. The Appendix contains details on how modality attention is computed. In plate wiping,
tactile attention increases when the sponge first contacts and aligns to the tilted plate, and again near
the container boundary where the gripper should stop or adjust. In spoon pickup, tactile attention
rises when the fingers reach the bottom and prepare to grasp. Together, the quantitative gains and
attention visualization suggest that multimodal tactile sensing helps DAVATaR use immersion depth,
contact/grasp state, and visually hidden physical state during submerged manipulation.

RQS5: How much do visual augmentations contribute to DAVATaR’s performance?

Our submerged-domain augmentation improves policies both with and without multi-modal tac-
tile sensing, indicating that it strengthens visual robustness rather than compensating for missing
tactile feedback. As shown in Table 1, augmentation improves policies without tactile sensing
from 28% (VisionOnly) to 41% (DAVATaR-T), and policies with tactile sensing from 55%
(DAVATaR-VA) to 71% (DAVATaR).

The benefit of augmentation is most pronounced under adversarial visual conditions (Fig. 8, left),
where water-induced artifacts more strongly corrupt the visual stream. In these settings, augmen-
tation improves policies without tactile sensing from 9% (VisionOnly) to 256% (DAVATaR-T),
and policies with tactile sensing from 37% (DAVATaR-VA) to 61% (DAVATaR).

Among individual tasks (reported in full in the Appendix), sink plug removal demonstrates the
clearest task-level example of how augmentations help in adversarial visual conditions. Successfully
completing this task requires a centered grasp on the plug before rotation. Under strong submerged
visual distortion, policies trained without augmentation frequently miss the grasp due to refraction,
reflection, and partial occlusion, preventing the robot from unlocking and removing the plug. We
observe that in the adversarial settings, augmentation improves VisionOnly from 0% to 25% and
DAVATaR-VA from 11% to DAVATaR at 50%. This suggests that augmentation helps the policy
maintain more accurate visual guidance under water-induced distortion.

We further investigate how each augmentation helps by conducting an ablation study on the spoon
pickup task. We compare policies with no submerged-domain augmentation against policies using
only reflection-like augmentation or only refraction-like augmentation (Fig. 8). In the Reflective set-
ting, using only A,.q improves the policy without tactile sensing from 0% (VisionOnly) to 54%
(DAVATaR-T—-RefrA), and improves the policy with tactile sensing from 46% (DAVATaR-VA) to
71% (DAVATaR-Re frA). This indicates that reflection-like augmentation improves robustness to
glare-like occlusions that hide or corrupt local visual evidence. In the Deep-water setting, using only
At changes the policy without tactile sensing only marginally, from 38% (VisionOnly)to 39%
(DAVATaR-T-Ref1A), but improves the policy with tactile sensing from 37% (DAVATaR-VA) to
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Figure 8: Success rates under adversarial visual conditions. We evaluate all policies under adversarial
versions of the tasks (see Appendix). Left: Success rates averaged across all evaluated tasks under Nor-
mal and Adversarial settings; DAVATaR achieves the highest success in both settings. Middle and right:
Single-augmentation ablations on spoon pickup. The middle panel evaluates the Reflective setting, where
DAVATaR-T-RefrA and DAVATaR-RefrA use only reflection-like augmentation, i.e., the refraction-like
augmentation is removed from the full augmentation set. The right panel evaluates the Deep-water setting,
where DAVATaR-T-ReflA and DAVATaR-Ref 1A use only refraction-like augmentation, i.e., the reflection-
like augmentation is removed from the full augmentation set. VisionOnly and DAVATaR-VA are the cor-
responding no-augmentation baselines without and with tactile sensing, respectively. The ablations show that
targeted visual augmentation improves performance in the corresponding visual setting, with refraction-like
augmentation helping most when paired with tactile sensing.

67% (DAVATaR-Re£1A). Unlike reflections, refraction-like distortion primarily alters the apparent
geometry of the scene by changing perceived object scale and relative position rather than visibility
itself. As a result, vision-only policies may still observe the object but act on incorrect geometric
estimates leading to missed grasps or unsafe collisions with sink bottom. In contrast, DAVATaR—-VA
policies compensate with tactile feedback to resolve this ambiguity, making the refraction-like aug-
mentation substantially more effective. These results suggest that different submerged visual distor-
tions induce different policy failure modes: reflections primarily degrade visibility, while refraction
more strongly distorts geometric interpretation.

5 Conclusion, Discussion and Limitations

We introduced DAVATaR, a framework for submerged manipulation that combines multimodal tac-
tile sensing with submerged-domain visual augmentation. We achieved this by integrating a compli-
ant gripper that provides force and depth sensing with a policy-learning framework designed to im-
prove robustness to water-induced visual artifacts. Experimental results demonstrate that our sens-
ing architecture provides accurate contact-force and immersion-depth estimates across submerged
conditions, and that DAVATaR has substantially higher performance than baseline across diverse
real-world tasks. Our analysis further shows that tactile sensing and visual augmentation address
complementary failure modes, yielding the strongest performance when used together.

Despite the positive results, DAVATaR has several limitations. First, our gripper’s compliance can
mean significant deformation during tasks. Repeated large contact forces can cause the sealant used
to close each channel to peel, reducing long-term durability. Future work will investigate stiffer fin-
gertip geometries and more robust channel sealing techniques to improve reliability under sustained
contact. Second, the long fluidic transmission pathways required by the elongated finger design are
sensitive to temperature variation.Temperature changes will alter the pressure of the embedded air
channels due to the Ideal Gas Law, introducing sensor drift over time. Future work will investigate
improved thermal isolation and temperature compensation methods. Finally, our visual augmenta-
tions model only zoom- and patch-based distortions, and do not capture time-varying water motion,
dynamic lensing, or refractive defocus. More realistic camera or optics models could produce more
diverse water-induced visual distortions.

More broadly, our results suggest that submerged manipulation constitutes a distinct robot learning
domain in which visual observations are frequently unreliable and local physical feedback becomes
critical for successful interaction. We hope DAVATaR motivates future research on sensing, learn-
ing, and manipulation across the air-water interface and in other environments where perception is
degraded by structured environmental distortions.
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A Experimental Details

A.1 Task Setup Details

Each task is evaluated under one normal setting and one or more adversarial settings. Demonstra-
tions are collected in the normal setting, while adversarial settings are used during evaluation to
test robustness to stronger water-induced visual distortions. Fig. 9 shows representative normal and
adversarial conditions, and Table 2 summarizes the task variables and adversarial visual conditions
used during evaluation. Each condition is evaluated with 3 trained policy seeds and 6 rollouts per
seed.

Foam Thickness Bubble Water Depth Reflection

Normal

Adversarial

Figure 9: Normal and adversarial conditions. We evaluate policies under normal settings and adversarial
settings that introduce stronger water-induced visual distortions. The adversarial conditions include increased
foam thickness, bubbles and surface foam, deep-water refraction, and light reflection/glare. These variations
distort or corrupt the wrist-camera observation while preserving the underlying task objective, allowing us to
evaluate policy robustness to air—water interface artifacts. Scale bars indicate 10 cm for reference.

Table 2: Task-specific evaluation conditions. The top block lists task variables used in the normal setting.
The bottom block lists additional adversarial visual conditions used during evaluation.

Condition Water sampling Spoon pickup Sink plug removal Plate wiping

Normal setting

Water depth 12-20cm 8-12cm 7-10cm 18-21cm

Pose / orienta-  Container pose: Spoon pose: Sink pose: Plate angle:

tion +7cmin zy +30°, +5cmin  4+30°, +7cmin xy 20°, 25°, 30°
xy 150°, 155°, 160°

Adversarial setting

Occlusion Thick foam - Floating foam Floating foam
3-15cm (bubble) (bubble)
Reflection - v v -
Refraction - Deep water - -
17-20cm

Water sampling. A container is filled with water, with foam floating on the surface and sand
covering the bottom. The policy lowers a syringe through the foam-covered surface, fills it within a
valid immersion-depth range, and retrieves it without contacting the sand. A trial is successful if the
syringe collects water from the valid depth range and is retrieved without touching the sand-covered
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bottom. A trial fails if the syringe does not collect water, contacts the sand, or times out. The foam
visually occludes the water surface while the sand constrains the valid insertion depth, making depth
estimation difficult from vision alone.

Spoon pickup. A spoon rests at the bottom of a water-filled container. The policy grasps and
retrieves the spoon from the container. A trial is successful if the spoon is grasped and lifted out of
the water/container. A trial fails if the gripper closes before reaching the spoon, misses the spoon,
drops it during lifting, or times out. Refraction and varying water depth distort the apparent spoon
position and relative geometry between the gripper and object, making grasp localization visually
ambiguous.

Sink plug removal. A sink plug is submerged underwater inside a sink fixture. The plug remains
mechanically locked until rotated into a valid unlocking configuration. The policy aligns with the
plug, rotates it into the liftable state, and removes it from the sink. A trial is successful if the plug
is unlocked and removed from the fixture. A trial fails if the policy lifts before unlocking, over-
rotates or misaligns the plug, loses contact, or times out. Successful execution requires contact-rich
interaction because the plug state cannot be inferred reliably from visual observations alone.

Plate wiping. A plate coated with residue is submerged underwater at a tilted angle. The policy
uses a sponge to wipe away the residue while maintaining surface contact. A trial is successful if
the sponge contacts the plate surface and removes the marked residue during the wiping motion.
A trial fails if the sponge misses the plate, loses sustained contact, fails to remove the residue, or
times out. The task requires sustained force-aware interaction and alignment between the sponge
and submerged surface under visual distortion.

A.2 Full Result Breakdown

Robot evaluation runs at 5 Hz, and each rollout is capped at 300 control steps. For each method
and evaluation condition, we evaluate 3 trained policy seeds with 6 rollouts per seed, for 18 rollouts
per condition. For tasks with multiple adversarial conditions, the adversarial entry averages over all
adversarial conditions.

Table 3: Full per-task success rates. Entries report success rates for each method under normal and adversarial
settings. For tasks with multiple adversarial settings, Adv. averages over those settings; Avg. is the mean of
Normal and Adv.

Water sampling Spoon pickup Sink plug removal Plate wiping

Method Normal Adv. Avg. Normal Adv. Avg. Normal Adv. Avg. Normal Adv. Avg.

VisionOnly 022 0.00 0.11 060 019 040 047 0.00 024 056 017 0.37
DAVATaR-T 033 011 022 057 047 052 057 025 041 078 0.17 048
DAVATaR-VA 056  0.56 0.56  0.81 042 061 063 011 037 089 039 0.64
DAVATaR 078 056 0.67 081 069 075 0.73 050 0.61 094  0.67 0.81

A.3 Modality-Attention Computation for Visualization

We compute the modality-attention curves offline from saved trajectories. For each saved frame, we
construct the policy input history with length /I = 5 and run the trained policy in evaluation mode.
For each timestep in the history, the transformer input contains one readout token, one RGB token,
and one tactile token. The tactile token encodes the full multimodal tactile sensing stream, including
both contact-force and immersion-depth readings.

We compute attention using attention rollout. Let A" denote the self-attention matrix from trans-
former layer ¢ and head h. We first average over attention heads, add the residual identity connection,
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and row-normalize:

Np
. 1
A* = row_norm | — AP T
N
h=1
The rollout attention matrix is obtained by multiplying the normalized attention matrices across
layers:

R=AVALL. AL

We use the readout token corresponding to the current policy-output timestep as the query token. For
each frame, we group the rollout attention from this readout token into visual and tactile modalities:

Qyis = Z Rq,ja Qtac = Z Rq,j7
jeV JeT
where ¢ is the readout-token index, V denotes RGB-token indices, and 7 denotes tactile-token
indices. In the plotted checkpoints, each modality contributes one token per timestep, so these
sums correspond to the rollout attention assigned to the RGB and tactile tokens. Because the tactile
token contains both contact-force and immersion-depth readings, the visualization does not separate
contact-force attention from immersion-depth attention.

For visualization, the raw visual and tactile scores are independently min-max normalized to [0, 1]
over the trajectory and smoothed with a 5-frame moving average. The curves should therefore be
interpreted qualitatively as readout-token attention-rollout attribution proxies, not as causal evidence
that a modality determined the action.

B Method Details

B.1 Tactile Sensing Details

The compliant tactile fingertips are fabricated from EPU40 elastomer (approximately Shore A 72)
using a Carbon M2 printer. The distal ends of the embedded air channels are sealed with Sil-Poxy
silicone adhesive. Each fingertip contains five differential tactile sensing channel pairs, resulting
in ten contact-force sensing channels across the two-finger gripper. The embedded air channels
have a diameter of 1 mm, while the lattice structures within the fingertip have a diameter of 2 mm.
All pressure measurements are acquired using DLHR-LO5SD-E1BD-C-NAV8 differential pressure
transducers mounted near the finger roots. The tactile sensing channels are connected to the pres-
sure transducers using silicone tubing with an inner diameter of 1.59 mm and an outer diameter
of 3.18 mm. The immersion-depth sensing tubes have an inner diameter of 3.18 mm and an outer
diameter of 6.35 mm. The larger tubing diameter used for immersion-depth sensing reduces flow
resistance and improves the stability of hydrostatic-pressure measurements along the longer sensing
pathway.

B.2 Visual Augmentation Details

All visual augmentations are applied online during training and only to the wrist RGB image. Tactile
observations, immersion-depth readings, and action labels are not augmented. During validation and
real-world rollout, visual augmentations are disabled.

The full augmentation operator first applies standard RGB augmentations and then applies the two
submerged-domain augmentations:

A= Arcfr o Arcﬁ o Acolor © -Atrans'
Table 4 summarizes the augmentation parameters.

The translation augmentation randomly shifts the image and crops back to the original resolution.
For temporal image inputs, the same random crop is applied across the history window. The color
augmentation applies standard brightness, contrast, saturation, and hue jitter.
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Table 4: Visual augmentation parameters.

Symbol / parameter Meaning Value

) random translation range 15 pixels
Peolor color jitter probability 0.9

Ch, Cey Csy Ch brightness / contrast / saturation / hue jitter 0.3 each

Drefl reflection-like augmentation probability 0.3

b reflection brightness 4(0.3,0.8)

y reflection scattering 4(0.2,0.8)

p target reflected area fraction 0.06

Profr refraction-like augmentation probability 0.3

z refraction zoom factor 4(0.95,1.05)

The reflection-like augmentation A,.q overlays translucent bright patches to emulate glare and re-
flected regions on the water surface. For each forward pass, we sample a brightness value b and
scattering value . The brightness controls how strongly the patches are blended toward white. The
scattering controls the spatial structure of the patches: lower scattering produces smaller, more scat-
tered patches, while higher scattering produces larger, more coherent glare regions. The total patch
area is chosen to cover approximately a fraction p of the image.

The refraction-like augmentation A, samples a zoom factor z and applies a resize-based zoom
perturbation while preserving the output image resolution. This exposes the policy to apparent scale
changes caused by viewing objects through water.

The training implementation samples one stochastic augmented image sequence per forward pass.
Thus, the notation I; — {fto, T *1 in Fig. 4 is conceptual and denotes the distribution of possible
augmentations rather than an explicit set generated at each iteration. For the single-augmentation
ablations, reflection-only variants keep A..q and remove A, while refraction-only variants keep
Avrer and remove A,oq.

B.3 Network Architecture and Training Details

All policies use the same behavior-cloning transformer architecture. The policy conditions on a
history of H = 5 observations. At each timestep, the policy receives a 256 x 256 wrist RGB image.
Policies with tactile sensing additionally receive a tactile input formed by concatenating 10 contact-
force tactile channels with one immersion-depth tactile channel. Images, tactile inputs, and actions
are normalized using dataset statistics.

The RGB image is encoded with an ImageNet-pretrained ResNet-18 followed by spatial softmax
with 32 keypoints. The resulting visual feature is projected into a token representation. The tactile
input is encoded into a tactile token through an MLP. For each timestep, the modality tokens are
passed to the transformer together with a learned readout token. The readout token output parame-
terizes a mixture-density action head that predicts the demonstrated action distribution.

Each policy is trained from N = 40 demonstrations per task, collected in the normal setting using
space mouse teleoperation. We use a sequence-level 90%/10% train/validation split. Policies are
trained with behavior cloning by minimizing the negative log likelihood of the demonstrated action
under the predicted mixture distribution.
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Table 5: Policy architecture hyperparameters.

Hyperparameter Value
History length )
Token dimension 64
Transformer layers 4
Attention heads 6
Transformer MLP hidden dimension 256
Transformer dropout 0.1
MDN components )
Modality dropout, with tactile sensing 0.2

Modality dropout, without tactile sensing 0.0

Table 6: Training hyperparameters.

Hyperparameter Value
Optimizer AdamW
Learning rate 10~*
Weight decay 0.01
Batch size 32
Epochs 101

Gradient steps per epoch 300
Learning-rate schedule ~ Cosine annealing
Minimum learning rate 1075

Validation frequency Every 5 epochs
Checkpoint frequency Every 20 epochs
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