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M A N I P U L AT I O N

NeuralFeels with neural fields: Visuotactile perception 
for in-hand manipulation
Sudharshan Suresh1,2*, Haozhi Qi2,3, Tingfan Wu2, Taosha Fan2, Luis Pineda2, Mike Lambeta2, 
Jitendra Malik2,3, Mrinal Kalakrishnan2, Roberto Calandra4,5, Michael Kaess1,  
Joseph Ortiz2†, Mustafa Mukadam2

To achieve human-level dexterity, robots must infer spatial awareness from multimodal sensing to reason over 
contact interactions. During in-hand manipulation of novel objects, such spatial awareness involves estimating 
the object’s pose and shape. The status quo for in-hand perception primarily uses vision and is restricted to track-
ing a priori known objects. Moreover, visual occlusion of objects in hand is imminent during manipulation, pre-
venting current systems from pushing beyond tasks without occlusion. We combined vision and touch sensing on 
a multifingered hand to estimate an object’s pose and shape during in-hand manipulation. Our method, Neural-
Feels, encodes object geometry by learning a neural field online and jointly tracks it by optimizing a pose graph 
problem. We studied multimodal in-hand perception in simulation and the real world, interacting with different 
objects via a proprioception-driven policy. Our experiments showed final reconstruction F scores of 81% and aver-
age pose drifts of 4.7 millimeters, which was further reduced to 2.3 millimeters with known object models. In 
addition, we observed that, under heavy visual occlusion, we could achieve improvements in tracking up to 94% 
compared with vision-only methods. Our results demonstrate that touch, at the very least, refines and, at the very 
best, disambiguates visual estimates during in-hand manipulation. We release our evaluation dataset of 70 ex-
periments, FeelSight, as a step toward benchmarking in this domain. Our neural representation driven by multi-
modal sensing can serve as a perception backbone toward advancing robot dexterity.

INTRODUCTION
To perceive deeply is to have sensed fully. Humans effortlessly combine 
their senses for everyday interactions—we can rummage through 
our pockets in search of our keys and deftly insert them to unlock 
our front door. Now, robots lack the cognition to replicate even a 
fraction of the mundane tasks we perform, a trend summarized by 
Moravec’s paradox (1). For dexterity in unstructured environments, 
a robot must first understand its spatial relationship with respect to 
the manipulated object. As robots move out of instrumented labs 
and factories to cohabit our spaces, there is a need for generalizable 
spatial perception (2).

Robots need dexterity beyond pick and place; although grasping 
a hammer or screwdriver may be straightforward, tool use requires 
the ability to rotate and regrasp in hand. Specific to in-hand dexter-
ity, knowledge of object pose and geometry is crucial for policy 
generalization (3–6). As opposed to end-to-end supervision (7–10), 
these methods require a persistent three-dimensional (3D) repre-
sentation of the object. However, the status quo for in-hand percep-
tion is currently restricted to the narrow scope of tracking known 
objects with vision as the dominant modality (5). Furthermore, it is 
common for practitioners to sidestep the perception problem en-
tirely, retrofitting objects and environments with fiducials (3, 4). 
To further progress toward general dexterity, a missing piece is 
general, robust perception.

With visual sensing, researchers tend to tolerate interaction rather 
than embrace it. This is at odds with contact-rich problems where 
self-occlusion is imminent, like rotating (11), reorienting (5, 10), 
and sliding (12, 13). In addition, vision often fails in the real world 
because of poor illumination, limited range, transparency, and 
specularity. Touch provides a direct window into these dynamic 
interactions, and human cognitive studies have reinforced its 
complementarity with vision (14).

Researchers have made advances in tactile sensing for multifin-
ger robots (15), most prominent being vision-based fingertip sen-
sors (16–23) like GelSight and DIGIT. Progress in simulation (24) 
enables practitioners to learn tactile observation models that trans-
fer to real-world interactions (22, 25, 26). With a fingertip form fac-
tor, their illuminated gel deforms on contact, and the physical 
interaction is captured by an internal camera. When chained with 
robot kinematics, we obtain dense, situated contact that can be pro-
cessed similar to natural camera images.

Now, given multimodal sensing, what is the best strategy for 
representing spatial information? Coordinate-based learning, for-
malized as neural fields (27), has found great success in visual 
computing. With neural fields, practitioners can create high-quality 
3D assets offline given noisy visual data and pose annotation 
(28–30). They are continuous representations that have several 
advantages over their discrete counterparts like point clouds, meshes, 
and voxel maps—differentiability, precise reconstructions, and 
memory efficiency. Although initially developed for offline training, 
lightweight signed distance field (SDF) models (31–34) have made 
online perception possible. The ease of imparting generative priors 
(35) and pretraining (36) make neural fields more adaptable than 
classical methods.

Researchers have used neural fields not only for continuous 3D 
quantities like SDFs and radiance (28,  29,  36) but also for pose 
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estimation (34, 37), planning (38), and latent physics (39). Neural 
fields have shown promise in robot manipulation for learning poli-
cies (40), object deformation (41), scene dynamics (38, 42), data 
generation (43), and transparent object manipulation (44, 45). 
However, online perception and optimization of multimodal data 
remain challenges.

The domain of our work—an intersection of simultaneous local-
ization and mapping (SLAM) and manipulation—has been studied 
for more than 2 decades. A first exemplar is from Moll and Erdmann 
(46), who reconstructed the shape and motion of an object rolled 
between robot palms. The combination of vision and touch has been 
explored for reconstructing the shape of fixed objects (26, 47–52), 
tracking known objects (53–55), and global localization of known 
objects (56, 57). In full SLAM, tactile-only methods have been in-
vestigated for simple objects via planar pushing (58, 59) and special-
ized rolling fingertips (60, 61). Closest to our work is the visuotactile 
SLAM system by Zhao et al. (62), combining dense touch from a 
single finger with red-green-blue (RGB) images, but it does not 
address the challenging case of in-hand manipulation.

NeuralFeels is an online solution to localize and reconstruct 
object shape via in-hand manipulation. It builds on prior works to 
demonstrate full SLAM with a multifinger robot for a priori un-
known objects and robust tracking of known objects. We used a 
dexterous hand (63) sensorized with commercial vision-based 
touch sensors (20) and a fixed RGB-D camera (Fig. 1). With a 
proprioception-driven policy (11), we explored the object’s extents 
through in-hand rotation—using the SLAM solution to guide that 
the policy is not an explicit objective of our work. This falls in line 
with prior works in SLAM for manipulation (52, 55, 57, 62) that 
focused on perception by isolating the evaluation from the manipu-
lation task.

Here, we studied the role that vision and touch play in interactive 
perception, the effects of occlusion, and visual sensing noise. We 
presented our robot with a novel object, and it inferred and tracked 
its geometry through vision, touch, and proprioception. To evaluate 
our work, we collected a benchmark dataset of 70 in-hand rotation 
trials in both the real world and simulation, with ground-truth ob-
ject meshes and tracking. Our results for novel objects show average 
reconstruction F-scores of 81% with pose drifts of just 4.7 mm, 
which were further reduced to 2.3 mm with known computer-aided 
design (CAD) models. Under heavy occlusion, we demonstrate up 

to 94% improvement in pose tracking compared with vision-only 
methods. Our combination of rich sensing and spatial perception 
requires minimal hardware compared with complex sensing cages 
and is easier to interpret than end-to-end perception methods. The 
output of the neural SLAM pipeline—pose and geometry—can 
drive further research in general dexterity, broadening the capabili-
ties of home robots.

RESULTS
Our multifingered robot hand was presented with a novel object, 
placed randomly between its fingertips. We rotated the object in 
hand, through a proprioception-driven policy (11), which gave rise 
to a stream of visual and tactile signals. We combined the visual, 
tactile, and proprioceptive sensing into our online neural field, for 
a persistent, evolving 3D representation of the unknown object. 
The full pipeline of our NeuralFeels is illustrated in Fig. 2.

We evaluated NeuralFeels over simulated and real-world interac-
tions, totaling 70 experiments over different object classes. First, we 
demonstrated SLAM results for novel objects and highlight some 
qualitative examples. Next, we demonstrated pose tracking with an 
a priori shape for the manipulated object. Last, we analyzed the 
role that touch plays in improving perception under occlusion 
and visual sensing noise. Movies S1 and S2 visualize representative 
neural SLAM results for the bell pepper and rubber duck objects, 
respectively. Movie S3 provides a longer narrated summary of our 
results and methodology.

Metrics and baseline
Pose and shape metrics
We used the symmetric average Euclidean distance (ADD-S) (64), 
henceforth referred to as the pose metric, to evaluate tracking error 
over time. The ADD metric is commonly used in manipulation (64–
67) as a geometrically interpretable distance metric for pose error. It 
is computed by subsampling the ground-truth object mesh and 
averaging the Euclidean distance between the point sets in the esti-
mated and ground-truth object pose frames. Rather than pairwise 
distance, ADD-S considers the closest point distance, which disam-
biguates symmetric objects (64).

For shape, we compared how accurate (precision) and complete 
(recall) the neural SDF is in comparison with the ground-truth 

mesh. The F-score, an established metric 
in the multiview reconstruction com-
munity (68,  69), combines these two 
criteria into an interpretable [0−1] value. 
To compute this metric, henceforth re-
ferred to as the shape metric, we first 
subsampled the ground-truth and re-
constructed meshes in their object-
centric frame. Given a distance threshold, 
in our case τ = 5  mm, the precision 
measured the percentage of reconstructed 
points within τ distance from the ground-
truth points. Conversely, recall measured 
the percentage of ground-truth points 
within τ distance from the reconstructed 
points. The harmonic mean of these two 
quantities gave us the F-score, which 
jointly captured surface reconstruction 

Fig. 1. Visuotactile perception with NeuralFeels. Our method estimates the pose and shape of novel objects 
during in-hand manipulation (B) by learning neural field models online from a stream of vision, touch, and 
proprioception (A).
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accuracy and shape completion. Broadly, a higher F-score with 
tighter τ bounds implied better object reconstruction.
Ground-truth shape and pose
We evaluated these metrics against the ground-truth estimates of 
object shape and pose. For each object, the ground-truth shape was 
obtained from offline scans (fig. S1). The ground-truth object pose 
was straightforward in simulation experiments, directly exposed by 
Isaac Gym (70). In the real world, we estimated pseudo–ground 
truth via multicamera pose tracking of the experiment. Instrumented 
solutions, such as 3D motion capture, were infeasible given that they 
both visually and physically interfered with the experiments. We 
opted to install two additional cameras and ran NeuralFeels in pose-
tracking mode with the ground-truth object shape. This represents 
the best tracking estimates given a known shape and occlusion-free 
vision. For further details, refer to the “Ground-truth shape and 
pose” section in the Supplementary Materials.
Object initialization
In practice, the object-centric reference frame in our SLAM experi-
ments should be picked arbitrarily (such as the centroid of the initial 
point cloud or the robot fingers). However, the ground-truth refer-
ence frame was defined as the centroid of the complete CAD model, 
oriented along its major axis. This mismatch in the reference frames 
is expected in a causal system but will lead to an incorrect calcula-
tion of the object-centric shape metric. In addition, object tracking 
with a known shape is quite sensitive to initial orientation of the 
reference frame (71). To address these issues, we assumed that the 
initial object pose was known and aligned to the initial ground-
truth pose. We instead focused on the subsequent tracking and 
shape reconstruction, which was challenging even with good initial-
ization. In the future, a coarse initialization can be obtained from a 
feature-based front end (72). To ensure that our evaluation did not 
benefit from this object initialization, we only started computing 
our pose metric 5 s into each trial.

Neural SLAM: Object tracking and shape estimation
Motivation and importance
As a first experiment, we evaluated NeuralFeels’ ability to track and 
reconstruct unknown objects from multimodal sensing. This is 
important for robots deployed in unstructured environments, such 
as households, with a priori unknown objects. We presented the 
robot with a novel object, and the robot was tasked with building an 
object model on the fly. Our SLAM method made no assump-
tions about the object geometry, which was built from scratch, or 
manipulation actions, which were decided at deployment. We pro-
cessed visuotactile data sequentially without access to future infor-
mation or category-level priors. This formulation aligns with prior 
dexterous manipulation works (5, 6, 10, 11) and is less restrictive 
than that of Zhao et al. (62), where the object was always in contact 
with a single tactile sensor and the camera was unobstructed.

We evaluated more than a combined 70 experiments in simula-
tion and the real world across 14 different objects. The objects were 
placed in hand, after which the policy collected 30 s of vision, touch, 
and proprioception data. Given that each run was nondeterministic, 
we averaged our results across five different seeds, resulting in a total 
of 350 trials. The first frame of each sequence only presented limited 
visual knowledge: a single side of a Rubik’s cube or large die or the 
underside of a rubber duck. Through the course of any 30-s sequence, 
in-hand rotation exposed previously unseen geometries to vision, 
and touch filled in the rest of the occluded surfaces. In Fig. 3, we 
show the main set of results, where we compared the multimodal 
fusion schemes against ground truth.
Object reconstructions
Figure 3A shows the final shape metric at the end of each sequence 
for a fixed threshold τ. Here, we picked τ = 5 mm for this evaluation, 
around 3% of the maximum diagonal length of the objects. The 
greater the value of the shape metric was, the closer the surface re-
constructions were to ground truth. We observed large gains when 

Fig. 2. A visuotactile perception stack amid interaction. An online representation of object shape and pose is built from vision, touch, and proprioception during 
in-hand manipulation. Raw sensor data are first fed into the front end, which extracts visuotactile depth with our pretrained models. Then, the back-end samples from the 
depth train a neural SDF, and the pose graph tracks the neural field.
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incorporating touch, with surface reconstructions on average 15.3% 
better in simulation (P < 0.001) and 14.6% better in the real world 
(P <  0.001). Our final reconstructions, as seen in Fig. 3E, had a 
median error of 2.1 mm in simulation and 3.9 mm in the real world. 
In addition, the second plot compares the final shape metrics against 
a range of τ thresholds. Here, we observed that multimodal fusion 
led to consistently better shape metrics across all τ values in simula-
tion and the real world.
Object pose drift
In SLAM, there is a strong correlation between a low shape metric 
and high pose metric, given that one often leads to the other. Figure 3B 
plots the drift of the object’s estimated pose with respect to the 
ground truth, with a lower drift being more accurate. We observed 
better tracking with respect to the vision-only baseline, with im-
provements of 21.3% in simulation (P < 0.001) and 26.6% in the 
real world (P < 0.001). Figure 3C reports the number of failures in 
vision-only tracking compared with NeuralFeels. Here, a failed 

experiment was defined as when the average pose drift exceeded a 
threshold of 10 mm. This was loosely based on Bauza et  al. (73), 
where they considered 10 mm as a coarse initialization for tactile 
localization. To highlight the importance of our neural field, fig. S19 
shows that our method outperformed a baseline that relied only on 
iterative closest point (ICP) frame-to-frame constraints.

Empirically, we observed a large pose drift in the first few sec-
onds from initialization at ground truth because of an unknown 
shape. Over time, we built a better shape model, resulting in more 
accurate pose tracking (figs. S17 and S18). However, with pose regu-
larization and the lack of long-term loop closures (72, 74), small er-
rors in pose would accumulate over time. This cascading effect is 
common in SLAM (75), where pose errors cause a disagreement 
between the reconstructed map and the physical world.

Because of this, we identified whether any trials had an average 
shape metric that deteriorated over time. This was done by comput-
ing the difference between the average shape metric across the first 

Fig. 3. Summary of SLAM experiments. (A and B) Aggregated statistics for SLAM over a combined 70 experiments (40 in simulation and 30 in the real world), with each 
trial run over five different seeds. We compared across simulation and the real world to show low pose drift and high reconstruction accuracy. Each boxplot represents the 
aggregate error over all experiments, where the central line is the median, extents of the box are the upper and lower quartiles, and the whiskers represent 1.0× the IQR. 
(C) Number of trials that our method failed to track (and reconstruct) the object. (D) Representative examples of the final object pose and neural field renderings from the 
experiments. Each object was textured by mapping the surface normal directions to an RGB colormap. (E) Final 3D objects generated by marching cubes on our neural 
field. Here, we highlight the role touch played in both shape completion and shape refinement.
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50% of the sequences and the last 50% of the sequences. We con-
cluded that 25∕150 (16%) of the real-world trials had a shape estimate 
that deteriorated over time and that the other 125∕150 (83%) im-
proved. In simulation, our method performed better: 9∕200 (4.5%) 
trials had shape estimates that deteriorated over time, and 191∕200 
(95%) improved.
Qualitative results
Figure 3D visualizes the rendered normals of the posed neural field 
at the end of each experiment, with the 3D coordinate axes superim-
posed. The final 3D reconstructions, generated via marching cubes 
(76), are shown in Fig. 3E alongside the ground-truth meshes. Be-
low that, we highlight the gains with visuotactile integration for each 
of the reconstructed objects. We categorize these into shape comple-
tion—coverage of object surfaces that were occluded from vision—
and shape refinement—touch measurements that complemented 
vision to better reconstruct visible surfaces.

Figure 4 shows incremental pose tracking and reconstruction of 
objects across different time slices of a few representative experi-
ments. At each time step, we highlight the input stream, front-end 
depth, and output object model. Movies S1 and S2 provide an ani-
mated version of the experiments in Fig. 4A. In the current formula-
tion of our problem, touch-only SLAM was not permissible. This is 
because the tracking (and thereby reconstruction) failed early in the 
sequence because of a lack of prior shape information and the field 
of view of the sensor could not rapidly give us global geometry.

Object tracking given an a priori known shape
Motivation and importance
These experiments studied the accuracy of pose tracking with 
NeuralFeels when provided with a priori known object CAD models. 
Tracking known geometries is an active area of research in manipu-
lation (5,  71), with some works that incorporate touch as well 
(13, 53–55, 77). This is applicable in environments like warehouses 
and manufacturing lines, where robots have intimate knowledge of 
the manipulated objects (77). It is further useful in household 
scenarios, where the robot has already generated an object model 
through interaction.

In implementation, the object’s SDF was precomputed from a 
given CAD model. During the runtime, we froze the weights of the 
neural field and only performed visuotactile tracking with the front-
end estimates. Similar to the SLAM experiments, we ran each of the 
70 experiments over five seeds and report the pose metrics with re-
spect to ground truth.
Results from pose tracking
Figure 5A shows some qualitative examples of tracking the pose of 
the Rubik’s cube and potted meat can with vision and touch. For the 
given examples, the pose metrics over the sequences are plotted in 
Fig. 5B. We observed low, bounded pose error even with imprecise 
visual segmentation (fig. S24) and sparse touch signals. In Fig. 5C, 
we observed the role touch plays in reducing the average pose error 
over all experiments to the range of 2.3 mm. Given the CAD model, 
we observed that incorporating touch could refine our pose esti-
mates, with a decrease in average pose error by 22.29% in simulation 
(P < 0.001) and 3.9% in the real world (P = 0.21). We posit that the 
relatively high real-world P value is because the real DIGIT elasto-
mer was less sensitive, leading to sparser contacts. Sparse contacts 
played a large role in full SLAM, by coarsely reconstructing unseen 
surfaces, but they only played a refinement role when the full 
shape was known. In addition, the viewpoint did not have many 

occlusions—in the following section, we highlight greater improve-
ments when visual sensing was suboptimal.

Perceiving under duress: Occlusion and visual depth noise
Motivation and importance
In this section, we explore the broader benefits of fusing touch and 
vision in challenging scenarios—occlusion and visual noise. The 
previous results were achieved through largely favorable camera 
positioning and precise stereo depth tuning. This attention to detail 
was necessary for prior practitioners as well (5, 10), but could we 
also use touch to improve over suboptimal visual data? We consid-
ered two such scenarios in simulation, where we could freely control 
these parameters, and evaluated the pose tracking problem from the 
previous section.
The effects of camera-robot occlusion
In an embodied problem, third-person and egocentric cameras are 
both susceptible to occlusion from robot motion and environment 
changes. For example, if we were to retrieve a cup off the top shelf 
in the kitchen, we would rely primarily on tactile signals to com-
plete the task. For the perception system, this translates to the ob-
ject of interest disappearing from the field of view, while local touch 
sensing is still unaffected. To emulate this, we considered tracking 
the pose of a known Rubik’s cube. We simulated 200 different cam-
eras in a sphere of radius 0.5 m, each facing toward the robot. As 
shown in Fig. 6A, each camera captured a unique vantage point 
of the same in-hand sequence, with varying levels of robot-object 
occlusion. This served as a proxy for occlusion faced by an egocen-
tric or fixed camera when either the hand or environment occluded 
the object.

To simplify the experiment, we assumed the upper-bound per-
formance of the vision-only front end by providing ground-truth 
object segmentation masks. We characterized the visibility in terms 
of an occlusion score by calculating the average segmentation mask 
area for each viewpoint and normalizing them to [0−1]. For exam-
ple, scores closer to 0 corresponded to viewpoints beneath the hand 
(most occluded), and those closer to 1 corresponded to cameras 
placed atop (least occluded). We ran pose tracking experiments for 
each of the 200 cameras in two modes, vision-only and visuotactile, 
and compared them.

In Fig. 6A, we colormapped each camera view on the basis of the 
pose-tracking improvements from incorporating touch. On aver-
age, the improvement across all cameras was 21.2%, and it peaked at 
94.1% at heavily occluded views. Across the [0−1] range of occlu-
sion scores, we had P < 0.001. We inset frames from a few represen-
tative viewpoints and their corresponding relative improvement 
with visuotactile fusion. In Fig. 6B, the pose error for each modality 
is further plotted versus the [0−1] occlusion score. This corrobo-
rated the idea that touch refined perception in low-occlusion re-
gimes and robustified it in high-occlusion regimes.
The effects of noisy visual depth
The depth from commodity RGB-D sensors is degraded as a func-
tion of camera-robot distance, environment lighting, and object 
specularity. Even in ideal scenarios, the RealSense depth algorithm 
has 35 hyperparameters (78) that considerably affect the front-end 
input to NeuralFeels. To simulate this, we corrupted the depth maps 
progressively with realistic RGB-D noise and observed the tracking 
performance for a known geometry.

As implemented by Handa et  al. (79), we simulated common 
sources of depth-map errors as a sequence of pixel shuffling, 
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quantization, and high-frequency noise. The depth noise factor D de-
termined the magnitude of these operations, with the depth maps 
visualized in Fig. 6C. All prior simulation experiments had been 
collected with D = 5, but here, we varied the magnitude from 0 to 50 
in intervals of 10. At each noise level, we ran pose tracking across the 
five Rubik’s cube experiments with five unique seeds, resulting in a 
total of 150 experiments. In Fig. 6C, we plotted error against the 
noise factor D, showing an expected upward trend in error with 
noise. However, we saw better tracking when fusing touch, espe-
cially in high-noise regimes.

DISCUSSION
The experiments show that NeuralFeels achieves robust object-
centric SLAM for multimodal, multifinger manipulation. As shown 
in Fig. 3A, we achieved an average reconstruction F-score of 81% 
across simulation and real-world experiments on novel objects. Si-
multaneously, we stably tracked these objects amid interaction with 
minimal drift, an average of 4.7 mm. Although the vision-only base-
line may suffice for some scenarios, the results validate the utility of 
rich, multimodal sensing for interactive tasks. This corroborates 
years of research in interactive perception from touch and vision 

(26, 77, 80), now applied on a dexterous 
manipulation platform.

Interactive perception is far from ideal; 
an embodiment can more often than not 
get in the way of sensing. As seen in Fig. 4, 
in-hand manipulation suffers from chal-
lenges such as frequent occlusions, lim-
ited field of view, noisy segmentation, 
and rapid object motion. Proprioception 
helps focus the perception problem: We 
can accurately singulate the object of 
interest through embodied prompting 
(refer to the “Front end” section of Mate-
rials and Methods). When combined with 
touch, we robustify our visual estimates by 
giving us a window into local interactions. 
These are evident in simulated/real SLAM 
and pose-tracking experiments, where 
multimodal fusion leads to improvements 
of 15.3%/14.6% in reconstruction and 
21.%/26.6% in pose tracking.

Qualitatively, we see that touch per-
forms two key functions: disambiguating 
noisy front-end estimates and providing 
context in the presence of occlusion. The 
former alleviates the effect of noisy visual 
segmentation and depth with colocated 
local information for mapping and lo-
calization. The latter provides important 
context hidden from visual sensing, like 
the occluded face of the large die or back 
of the rubber duck. The final reconstruc-
tions in Fig. 3E support these findings, 
with improved shape completion and re-
finement.

With a known shape (“Object track-
ing given an a priori known shape” sec-
tion of Results), touch plays a refinement 
role (Fig. 5) when there are not many 
visual occlusions. The largest gains from 
incorporating touch, expectedly, are in 
heavy-occlusion regimes (Fig. 6, A and B), 
where we observed up to 94.1% improve-
ments at certain camera viewpoints. 
To our knowledge, a detailed study 
on how object visibility affects percep-
tion has not been explored in prior ma-
nipulation works. This demonstrates not 
just the complementary nature of the 

Fig. 4. Representative SLAM results. (A) We show the input stream of RGB-D and tactile images, paired with the 
posed reconstruction at time step t for the bell pepper and rubber duck objects. In each case, we partially recon-
structed the object at the initial frame and built the surfaces out progressively over each 30-s experiment. The 3D 
visualizations were generated by marching cubes, in addition to the rendered normals of the neural field projected 
onto the visual image. The rendering was textured by mapping the surface normal directions to an RGB colormap. 
(B) Further representative results with the large dice (real-world) and peach (simulation) objects.
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modalities but, further, the ideal configurations for occlusion-free 
manipulation. Last, our results in tactile-only tracking (Fig. 
5C) support the findings of Smith et al. (49) that learning exclu-
sively from touch leads to poor performance because it lacks any 
global context.

As opposed to an end-to-end perception, our modular stack 
marries pretraining with online learning. This allows us to combine 
foundation models trained on large-scale image and tactile data 
(front end) with SLAM as online learning (back end). Furthermore, 
our back end is a combination of state-of-the-art neural models (29) 

Fig. 5. Neural pose tracking of known objects. (A) We show the input stream of RGB-D and tactile images paired with the pose tracking at time step t for the Rubik’s 
cube and potted meat can objects. With a known ground-truth shape, we could robustly track objects with vision and touch. Each experiment was 30 s long, and the 
object renderings were textured by mapping the surface normal directions to an RGB colormap. (B) We observed reliable tracking performance, with average pose errors 
of 2 mm through the sequence. (C) Aggregated statistics for pose tracking over a combined 70 experiments (40 in simulation and 30 in the real world), with each trial run 
over five different seeds. Each boxplot represents the aggregate pose error in log scale, where the central line is the median, extents of the box are the upper and lower 
quartiles, and the whiskers represent 0.25× the IQR. With a known object model and good visibility, touch played the role of pose refinement. In addition, we note that 
touch-only tracking is error prone and infeasible.
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with classical least-squares optimization (81) that have found suc-
cess in SLAM (82). This modular design has benefits for future gen-
eralization of our system: Other models of tactile sensors (16, 19, 22) 
can be easily integrated as long as they can be accurately simulated; 
alternate scene representations (83, 84) can supplant our neural field 
model; additional state knowledge can be integrated as factor graph 
costs like tactile odometry (62) and force constraints (59); and any 
combination of tactile and visual sensors can be fused given appro-
priate calibration and kinematics.

NeuralFeels is relevant to researchers who require spatial perception 
with a single camera and affordable tactile sensing. It can be extended to 
not only in-hand rotation but also object-centric tasks like reorientation 
(10), pick and place (77), insertion (61), nonprehensile sliding (85), and 
planar pushing (59). Although not explored in this work, the benefit of 
an online SDF is the ability to seamlessly plan for dexterous interac-
tions. Recent works demonstrate the benefit of a priori known object 
point clouds (6) and SDFs (86) for goal-conditioned planning, and 
running our perception stack in the loop is the next natural step.

System limitations
Our findings indicate that the benefits of multimodal fusion are less 
pronounced in real-world deployment when compared with simu-
lation. This is a common problem in sim-to-real manipulation—
prior works have encountered similar disparities in object pose 
estimation (3, 5). In addition, we identify that the DIGIT elastomer 

is less sensitive in real-world deployment, leading to sparser con-
tacts (Fig. 4); our reinforcement learning (RL) policy is less reliable 
in the real world, often requiring human intervention and causing 
large jumps in object motion (fig. S21). To tackle these shortcom-
ings, we can focus on real-world fine-tuning of our simulator (87) 
and explicitly modeling sensor deformation and stress (88). Through 
multimodal RL (6, 10), we can deliver more robust policies than 
those driven “blindly” by proprioception.

We are currently restricted to a fixed-camera setup, with an on-
line hand-eye calibration or egocentric vision; this can be relaxed. 
Depth uncertainty (89) is valuable information for our neural model 
to handle visually adversarial objects like glass and metal. We used 
vision-based touch (20) over tactile arrays (90) or binary sensing 
(7), but future work can consider the merits of each. In the section 
titled “The role of touch” found in the Supplementary Materials, we 
present ablations on the benefits of higher resolution and a com-
parison against binary sensing. In our SLAM experiments, each 
pose graph iteration takes 0.79 ± 0.36 s [20 iterations of Levenberg-
Marquardt (LM) (75)], and the shape optimization takes 0.06 ± 0.09 s 
(one iteration of gradient descent). For execution in a real-time 
loop, we can speed up Segment Anything Model (SAM) inference 
time (91), reduce SDF samples and downsample feature grid resolu-
tion, and substitute the pose graph with an incremental optimizer 
(92). Last, we can increase tracking robustness through feature-
based methods (93) and loop-closure detection (72).

Fig. 6. Ablations on occlusions and sensing noise. (A) Pose tracking results from 200 simulated cameras in a sphere of radius 0.5 m, each facing toward the robot. Each 
camera view is colormapped on the basis of the pose tracking improvements from incorporating touch, when compared against vision only. At occlusion-heavy points of 
view, visuotactile fusion provided an unobstructed local perspective leading to improved tracking performance. (B) We computed a [0−1] occlusion score for each of the 
200 experiments and plotted the pose errors against it. We observed that touch played a larger role when vision was heavily occluded and a refinement role when there 
was negligible occlusion. The shaded regions represent 1 SD from the mean. (C) We simulated noise in visual depth measurements and plotted the error distribution 
against the depth noise factor D as a violin plot. The inset image shows the qualitative depth noise for each D, and the inner markers represent the median pose error. We 
observed that, with an increase in noise, adding touch led to lower error distribution.
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Future directions
Our method learns the 3D geometry of a novel object from scratch, 
and thus the pose tracker has a higher chance of failure in the initial 
seconds, when the SDF is unknown. In addition, our rotation policy 
might not completely explore the object in the real world, resulting 
in shape metrics that are lower than those seen in simulation. Given 
an initial occluded view, integration of large reconstruction models 
(36,  94,  95) can yield a good initial-guess SDF. In manipulation, 
Wang et al. (48) have seen promising results in using shape priors 
for visuotactile reconstruction of fixed objects.

Geometry is just a starting point for neural models: Interaction 
reveals latent properties like texture (85), friction (39), and object 
dynamics (96). With neural fields, we can embed these latents as 
auxiliary optimization variables to benefit tasks that go beyond just 
spatial quantities. Applications can range from learning to manipu-
late inertially challenging objects (like a hammer) to identifying a 
grasp point from local texture (like a saucepan handle).

In summary, NeuralFeels leverages vision, touch, and robot pro-
prioception to reconstruct and track novel objects with high preci-
sion. The system is simpler than complex fiducial tracking, uses 
affordable touch sensing, and provides more interpretable output 
than end-to-end perception. Our approach combines ideas from 
SLAM, neural rendering, and tactile simulation and serves as an im-
portant step toward advancing robot dexterity.

MATERIALS AND METHODS
Similar to classical SLAM frameworks, NeuralFeels first has a front 
end, which converted the vision (RGB-D) and touch (RGB) input 
stream into a format suitable for estimation (segmented depth). 
Thereafter, the back end fused these data into an optimization struc-
ture that inferred the object model: an evolving posed object SDF. An 
illustration of the entire pipeline is found in Fig. 2, which we refer 
the reader back to throughout this section. In addition, a narrated 
summary of our method can be found in movie S3.

Task definition
NeuralFeels incrementally built an object model, simultaneously 
optimizing for the object SDF network’s weights θ and its corre-
sponding pose xt at time step t. For object exploration, we used a 
proprioception-driven policy πt that executed the optimal action to 
achieve stable rotation. The input stream (Fig. 2) of all sensors  
consisted of the following: RGB-D vision—image Ic

t
 and depth Dc

t
 

from a calibrated camera c ∈ ; RGB touch—images Is
t
 from four 

DIGITs (20); s ∈ {dindex, dmiddle, dring, dthumb} ∈ ; and propriocep-
tion—joint angles qt from robot encoders.

Robot hardware and simulation
The Allegro Hand (63) was retrofit with four DIGIT vision-based 
tactile sensors (20) at each of the distal ends. The DIGIT produced 
a 240 pixel–by–320 pixel RGB image of the physical interaction at 
30 Hz. The Allegro published 16D joint angles so as to situate the 
tactile sensors with respect to the base frame. The hand was rigidly 
mounted on a Franka Panda arm, with an Intel RealSense D435 
RGB-D camera placed at approximately 27 cm from its palm. The 
camera extrinsics were computed with respect to the base frame 
of the Allegro through ArUco (97) hand-eye calibration. For our vision 
pseudo–ground truth, we used three such cameras in the workspace 

(Fig. 7), jointly calibrated via Kalibr (98), to achieve approximately 
1-pixel reprojection error. Our simulator replicated the real-world 
setup: a combination of the Isaac Gym physics simulator (70) with 
the TACTO touch renderer (24). In this case, we recorded and 
stored the true ground-truth object pose directly from Isaac Gym.

FeelSight: A visuotactile perception dataset
Visuotactile perception lacks a dataset that has driven progress in 
adjacent fields like visual tracking (99), SLAM (100), and RL (101). 
Toward this, we collected our FeelSight dataset for visuotactile ma-
nipulation. We used an in-hand rotation policy to collect vision, 
touch, and proprioception for 30 s per trial.
RL for object rotation
When we encounter a novel object, we tend to twirl it in our hand to 
get a better look from different views and regrasp it from different 
angles. The equivalent for a multifingered hand, in-hand rotation, is 
an ideal choice for the interactive perception problem. We adopted 
the method of Qi et al. (11) wherein they trained a proprioception-
based policy in simulation and directly transferred it to the real 
world. The policy training and deployment, reward function, and 
performance are discussed in the “In-hand rotation policy” section 
of the Supplementary Materials. In all our experiments, a single 
policy πt updated at 20 Hz (300-Hz low-level PD control) via the 
Robot Operating System (ROS) Allegro package.

This achieved multifingered rotation of novel objects and inter-
esting visuotactile stimuli. The dataset has five rotation trials each of 
six objects in the real world and eight objects in simulation for a 
total of 35 min of interaction. As explained in Fig. 7, we recorded a 
pseudo–ground truth in the real world and exact ground-truth poses 
in simulation. The policy resulted in a translation/rotation of 25 mm 
per s/32.6° per s in simulation and 20 mm per sec/9.9° per sec in the 
real world.

The selected objects varied in geometry and size from 6 to 18 cm 
in diagonal length. Empirically, objects with irregular aspect ratios 
were harder to manipulate with the hand morphology; our choice of 
objects was based on the ability of our RL policy rather than the 
SLAM solution. Deformable object manipulation was deemed out 
of scope because we relied on Isaac Gym (70) and TACTO (24), 
which assumed rigid body simulation. Ground-truth real-world 
meshes were created with the Revopoint 3D scanner (102), and the 
simulated objects used ground-truth meshes from the Yale-CMU-
Berkeley (YCB) (103) and ContactDB (104) datasets.

For objects like the Rubik’s cube, we assisted the policy through 
human intervention in case of slip events (fig. S21). In the real world, 
we found that, with this robot hand morphology, it was difficult to 
achieve gaits for stable cube rotation. This was because, unlike a 
prior work that pivots the object atop the fingers using gravity (11), 
we relied on frictional contact to get tactile signals on our lateral-
facing DIGITs. Thus, we opted for this strategy of derisking our ex-
periments with a human in the loop. These interventions enabled us 
to collect a large set of experiments, but they were adversarial to 
perception given that they led to additional occlusions and sudden 
jumps in object pose.

Method overview
We represented the object SDF as a neural network with weights θ, 
whose output was transformed by the current object pose xt. This 
continuous function Fθ

xt
(p):ℝ3

→ ℝ mapped a 3D coordinate p to a 
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scalar signed distance from the object’s closest surface. Online up-
dates were decomposed into alternating steps between refining the 
weights of the neural SDF θ and optimizing the object pose xt. Our 
bespoke object model represents both the pose and object geometry 
over time. This is further described in the “Object model” section of 
Materials and Methods.

Given RGB-D vision, RGB touch, and proprioception inputs, our 
front end returned segmented depth measurements compatible 
with our back-end optimizer. These modules were pretrained with a 
large corpus of data. The shape optimizer used the front-end output 
and optimized for θ at a fixed object pose xt via gradient descent 
(29). Each shape iteration resulted in improved object SDF Fθ

xt
. Last, 

the pose optimizer built and solved an object pose graph (81) for xt 
given fixed network weights θ. Every pose iteration spatially aligned 
the evolving object SDF with the current set of front-end output. 
This is further described in the “Front end” and “Back end: Shape 
and pose optimizer” sections of Materials and Methods.

Key insights
NeuralFeels is a posed neural field
The object model Fθ

xt
 is estimated by an alternating optimization of 

both the neural field weights θ and the object pose xt. A prior work 
estimated the pose of a sensor in a trained neural field by “inverting” 
this optimization—iNeRF (37) is a key example of this idea. Other 
works looked at jointly optimizing the weights of the neural field 
and pose (32, 33, 105). In our case, robot kinematics gave us the 
pose of the touch sensors, and extrinsics gave us the pose of the 
camera. Thus, we instead flipped this paradigm to estimate the pose 
of the neural field with respect to known pose sensors.

Touch is vision, albeit local
Another insight is that vision-based touch could be approximated 
as a perspective camera model in tactile simulators like TACTO 
(24). There were, however, differences that must be accounted for 
in image formation. First, vision-based tactile sensors imposed 
their own color and illumination to the scene, which made it hard 
to get reliable visual cues. Second, a tactile image stream had 
considerably smaller metric field-of-view and depth range, which 
was usually in centimeters rather than meters. Third, tactile im-
ages had depth discontinuities along all noncontact regions, as 
opposed to natural images, which only had them along occlusion 
boundaries. Our method addressed these challenges given that it 
consistently used depth rather than color for optimization, sam-
pled at different scales (centimeter versus meter) on the basis of 
the sensing source, and sampled only surface points for touch but 
both free-space and surface points for vision. More details are in 
the “Back end: Shape and pose optimizer” section of Materials 
and Methods.

Object model
In general, a neural SDF (29, 31, 106) represents 3D surfaces as the 
zero-level set of a learnable function F(p) : ℝ3

→ ℝ. The scalar field’s 
sign indicates whether any query point p in the volume is inside 
(negative), outside (positive), or on (≈0) the reconstructed surface. 
p is first positionally encoded (107) into a higher-dimensional 
space, which helped the network better approximate high-frequency 
surfaces. This is followed by a multilayer perceptron (MLP) that fit 
the encoding to a scalar field. Typically, this network is optimized 
with depth samples from a camera of known intrinsics and anno-
tated poses from structure from motion (108).

Fig. 7. Setup for real-world and simulation experiments. (A) Still frames of the Allegro robot manipulating objects from the FeelSight dataset with our in-hand rotation 
policy. These visuotactile interactions are captured across the real-world and physics simulation. (B) The robot cell was made up of three RealSense RGB-D cameras, an 
Allegro robot hand mounted on a Franka Panda, and four DIGIT tactile sensors. All real-world results used the primary camera and DIGIT sensing, and the additional cam-
eras were fused for our ground-truth pose tracking. In simulation, we simulated an identical primary camera in Isaac Gym with simulated touch from the TACTO simulator.
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Neural SDFs are more compact than the more popular neural 
radiance fields (28), given that they do not model color and appear-
ance properties. This was sufficient for manipulation because we 
cared more about estimating geometry than generating novel views. 
Recently, Instant-NGP (29) demonstrated a learnable multiresolu-
tion hash table as a positional encoding that greatly accelerates SDF 
optimization with small MLP backbones. This had been successfully 
leveraged for real-time SLAM in an indoor scene (105). In our work, 
Fθ
xt

 represented the neural SDF of the object at a given pose xt. x0 was 
initialized to be at the object ground truth, and θ was randomly ini-
tialized. Both shape and pose were estimated via alternating optimi-
zation, emulating the paradigm of tracking and mapping that had 
achieved success in robot vision (82).

Front end
The front end, shown in the center column of Fig. 2, extracted depth 
measurements from raw vision and touch sensing. Depth was available 
as is in an RGB-D camera, but the challenge was to robustly segment 
out object depth pixels in occluded interactions. Toward this, we intro-
duced a kinematics-aware segmentation strategy using powerful 
vision foundation models (109). For vision-based touch, estimating 
depth from images was an open research problem (22, 25, 26, 66, 110). 
Toward this, we presented a transformer architecture that accurately 
predicted DIGIT contact patches from input images. Both of the front-
end networks were pretrained from a large corpus of data. The output 
of our front end was a segmented depth image D̂s

t
  for each sensor s ∈ .

Segmented visual depth
Robust segmentation of the image stream Ic

t
 had successfully been 

demonstrated by image foundation models, like SAM (109). Trained 
with a vision transformer (ViT) in the data-rich natural image do-
main, SAM generalized to novel scenes for state-of-the-art, zero-
shot instance segmentation. For any input RGB image, SAM outputs 
an embedding that must be queried by user prompts (such as point, 
binary mask, bounding box, or natural language prompts). At time 
step t, we fed the model both positive and negative point prompts 
alongside the mask prediction from time step t − 1.

Through robot proprioception (refer to Fig. 2), we obtained the 
four fingertip positions pf and computed the centroid pc = pf . Given 
our camera c with known projection operation Πc, we could obtain 
any such 3D point p as a pixel (u, v) = Πc(p) on the image Ic

t
. Assum-

ing that the object exists in hand, the centroid pixel Πc(pc) served as 
a useful positive prompt.

In practice, this prompt alone did not suffice—the robot hand fre-
quently appeared in segmentation causing large errors in back-end opti-
mization. To address this, we first rendered the current object model Fθ

xt
 

onto camera c to check whether it occluded any fingertip pixels Πc(pf). 
Each unoccluded fingertip pixel Πc(pf) was used as a negative prompt.

In Fig. 8A, we visualized the segmentation on real-world images, 
alongside the SAM prompts. In our experiments, we used the ViT 
Large model with 308 million parameters. This achieved a speed 
of around 4 Hz, but in practice, we could use efficient segmentation 
models (91) for speeds up to 40 Hz. The “Additional implementation 
details” section of the Supplementary Materials highlights the steps 
we took for robust visual segmentation.
Tactile transformer
In contrast, vision-based touch images were out of distribution from 
images SAM was trained on and did not directly provide depth 

either. The embedded camera perceives an illuminated gel pad, and 
the contact depth is either obtained via photometric stereo (16) or 
supervised learning (22, 25, 26, 66, 110). Existing touch-to-depth 
relies on convolution; however, a recent work has shown the benefit 
of a ViT for dense depth prediction (111) in natural images. We 
trained a tactile transformer for predicting the contact depth 
from vision-based touch to generalize across multiple real-world 
DIGIT sensors.

The architecture was trained entirely in tactile simulation, using 
weights initialized from a pretrained image-to-depth model (111). 
The tactile transformer represented the inverse sensor model 
Ω: Is

t
↦ D̂s

t
 where s ∈ {dindex, dmiddle, dring, dthumb} ∈ . This archi-

tecture was based on the dense ViT (111) and was lightweight (21.7 M 
parameters) compared with its fully convolutional counterparts (13).

Similar to prior works (13, 26), we generated a large corpus of 
tactile images and paired ground-truth depth maps in the optical 
touch simulator TACTO (24). We collected 10,000 random tactile 
interactions each on the surfaces of 40 unique YCB objects (103). 
For sim-to-real transfer, we augmented the data with randomization 
in sensor light-emitting diodes, indentation depth, and pixel noise. 
In TACTO, image realism was achieved by compositing with tem-
plate noncontact images from real-world DIGITs. For more details 
on the training and data, refer to the “Tactile transformer: Data and 
training” section of the Supplementary Materials.

These augmentations enabled generalized performance across 
our multifinger platform, where each sensor had differing image 
characteristics. Our tactile transformer was supervised on mean 
square depth reconstruction loss against the ground-truth depth 
maps from simulation. On the basis of the predicted depth maps, 
the output was thresholded to mask out noncontact regions. We 
demonstrated an average prediction error of 0.042 mm on a simu-
lated test set, and Fig. 8B shows sim-to-real performance on real-
world images.

Back end: Shape and pose optimizer
The back end took depth and sensor poses from the front end to 
build our object model online. This alternated between shape and 
pose optimization steps using samples from the visuotactile depth 
stream. Similar to other neural SLAM methods (31), the modules 
maintained a bank of keyframes over time, similar to the strategies 
of Ortiz et al. (31) and Sucar et al. (32), to generate these samples. 
More details of the back end and keyframing are found in the 
“Additional implementation details” section of the Supplementary 
Materials.
Shape optimizer
For online estimation, it was intractable to optimize Fθ

xt
 using all in-

put frames as in neural radiance fields (28). We opted for an online 
learning approach (31, 32), which built a subset of keyframes  on 
the fly to optimize over. The back end would both accept new key-
frames on the basis of a criterion and replay old keyframes in the 
optimization to prevent catastrophic forgetting (32). Each iteration 
of the shape optimizer replayed a batch kt ∈  of size 10 per sensor 
to optimize our network. This included the latest two frames and 
a weighted random sampling of past keyframes based on average 
rendering loss. The initial visuotactile frame was automatically added 
as a keyframe

0 = {D̂s
0
∣ s ∈  } (1)
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and every subsequent keyframe t was accepted using an informa-
tion gain metric (32). For this, the average rendering loss was com-
puted from the frozen network Fθ

xt
 using the given keyframe pose 

and compared against a threshold dthresh = 0.01 m. Last, if we had 
not added a keyframe for an interval tmax = 0.2 s, then we forced one 
to be added.
Sampling and SDF loss
At each iteration, we sampled coordinates in the neural volume from 
kt to optimize the neural weights θ. The first step was to sample a 
batch of pixels ukt from kt—a mix of surface and free-space pixels. 
The surface pixels directly supervised the SDF zero-level set, and 

free-space pixels carved out the neural volume. In our implementa-
tion, we sampled 50% of the camera pixels in free space, although we 
only sampled surface pixels for touch. Through each pixel u ∈ ukt 
given their corresponding sensor pose, we projected a ray into the 
neural volume. Similar to Ortiz et al. (31), we sampled Pu points per 
ray, a mix of stratified and surface points.

With these samples, we computed an SDF prediction d̂u for each 
D̂t ∈ kt, as the batch distance bound (31). For each ray, we split the 
samples into Pf

u
 and Ptr

u
 on the basis of whether d̂u was within the 

truncation distance dtr = 5 mm from the surface. Our shape loss 
resembled the truncated SDF loss of Azinović et al. (106)

Fig. 8. Front end and back end. (A) Through reasoning about finger occlusion and object pose with respect to the fingers, we could accurately prompt SAM (109) for 
robust output masks. (B) Representative examples of the sim-to-real performance of the tactile transformer. Each RGB image was fed through the network to output a 
predicted depth, along with a contact mask. (C) Our sliding window nonlinear least-squares optimizer estimated the object pose xt from the outputs of the front end. Each 
object pose xt was constrained by the SDF loss, frame-to-frame ICP, and pose regularization to ensure that tracking remains stable.
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where the free-space and truncated losses were as follows

Pose optimizer
Before each shape iteration, we used a pose graph (75) to refine the 
object pose xt with respect to the frozen neural field Fθ

xt
. We achieved 

this by inverting the problem to instead optimize for the six DoF 
poses in a sliding window of size n. At time step t, if we had accumu-
lated N keyframes, then this represented poses t =

(

xi
)

N−n≤i≤N
 

and measurements ℳt =
(

D̂s
i
∣ s∈

)

N−n≤i≤N
. Similar to pose 

updates in visual SLAM (32, 33, 37), the network weights θ were 
frozen, and we estimated that the SE(3) poses t instead.

We formulated the problem as a nonlinear least-squares optimi-
zation with custom measurement factors in Theseus (81). Al-
though a prior work used gradient descent (37), we instead used a 
second-order LM solver, which provided faster convergence (75). 
The pose graph, illustrated in Fig. 8C, solved for the follow-
ing factors

Our SDF loss ℒsdf factor used the previously defined shape loss 
ℒshape, modified such that we sampled only about surface points 
of each ray. This worked well for both visual and tactile sensing 
given that we have higher confidence in SDFs about the surface of 
the object than in free space. For each depth measurement in ℳt, 
we sampled surface points over M rays and averaged the SDF loss 
along each ray. This resulted in an M × n SDF loss, which we used 
to update the se(3) lie algebra of t. We implemented a custom 
Jacobian for this cost function, which was up to four times more 
efficient than PyTorch automatic differentiation.

The pose regularizer ℒreg factor applied a weak regularizer be-
tween consecutive keyframe poses in t to ensure that the relative 
pose updates stayed well behaved. This was important for robustness 
to noisy front-end depth and incorrect segmentations. We further added 
an ICP loss ℒicp factor that applied an ICP between the current visuo-
tactile point cloud Π−1(ℳt) and previous point cloud Π−1(ℳt−1). 
This gave us frame-to-frame constraints in addition to the frame-to-
model ℒsdf.

Statistical analysis
All P values presented in the paper were computed via the paired 
samples t test (112) and are reported as (P ≤ ⋅ ). Aggregated statistics 
in Figs. 3 (A and B) and 5C were computed over a combined 70 tri-
als (40 in simulation and 30 in the real world), with each trial run 
over five different seeds. The boxplots in Fig. 3 (A and B) have whis-
kers that span 1.0× the interquartile range (IQR), whereas the log-
scale plot in Fig. 5C spans 0.25× the IQR. Last, the line plot in Fig. 6B 
is shaded to represent 1 SD from the mean.
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Editor’s summary
In-hand perception using neural fields to endow robots with human levels of perception and dexterity is an ongoing
problem in robotics. To estimate an object’s shape during manipulation, Suresh et al. trained a neural field to represent
the spatial information of an object using the information gathered from vision and touch. A multifinger robotic hand
with vision-based touch sensors rotated an object to gather tactile signals, which were combined with visual data from
a stationary camera and input into an online neural field. The neural field used simultaneous localization and mapping
(SLAM) to output the pose and geometry of the object. The pipeline, called NeuralFeels, could achieve reconstruction
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