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Abstract— Comprehensive visual, geometric, and semantic
understanding of a 3D scene is crucial for the successful
execution of robotic tasks, especially in unstructured and
complex environments. While recent 3D neural feature fields
enable robots to leverage pretrained vision models for tasks
such as language-guided manipulation and navigation, existing
methods are typically scene-specific and do not model prediction
uncertainty. We present UniFField, a unified uncertainty-aware
neural feature field that combines visual, semantic, and geo-
metric features in a single generalizable representation while
also predicting uncertainty in each modality. Our approach
generalizes zero-shot to any new environment, incrementally
integrates RGB-D images into our voxel-based feature rep-
resentation as the robot explores the scene, simultaneously
updating uncertainty estimation. We evaluate the quality of the
uncertainty predictions and demonstrate their effectiveness in
an active object search task with a mobile manipulator robot.

I. INTRODUCTION
Generalist robots capable of adapting to any environment

require effective 3D perception to understand scenes, make
decisions, and act. Recent work has focused on construct-
ing 3D neural feature fields by distilling representations
from pretrained 2D vision encoders [1], enabling robots
to leverage prior knowledge for tasks such as language-
guided manipulation and navigation [2]–[5]. However, most
3D feature fields are scene-specific and cannot incrementally
add observations as the robot explores the scene, limiting
their applicability in unknown or dynamic environments [6],
[7]. While recent attempts have been made to learn general-
purpose or incremental 3D feature fields [8], a key missing
piece remains the ability to model the reliability of perceived
scene features. It is crucial to have a 3D feature representa-
tion that can also model uncertainty in the features, which
can be used for downstream tasks such as active perception,
where uncertainty may arise from underexplored regions, due
to the model’s lack of prior knowledge (epistemic uncer-
tainty), or due to inherent ambiguity (aleatoric uncertainty).

To address these challenges, we introduce UniFField,
a unified and uncertainty-aware neural feature field for
3D scene understanding from multi-view RGB-D data.
UniFField (i) provides a generalizable representation that
jointly predicts visual, semantic, and geometric features by
distilling 2D vision–language features into 3D, (ii) explicitly
models uncertainty in each modality to accurately reflect
prediction errors, (iii) supports incremental updates of fea-
tures as a robot explores a scene, and (iv) enables effective
uncertainty-aware active object search with a mobile robot.

Fig. 1: UniFField. Given a sequence of RGB-D reference
frames of a scene the unified feature volume VΨ is con-
structed. We employ knowledge distillation, novel view syn-
thesis, and geometric reconstruction as pretraining objectives
to train a generalizable model. At test time, the model gen-
erates visual, spatial, and semantic scene properties, along
with their associated uncertainty.

II. UNIFFIELD

Given a set of N posed RGB-D frames D, we design a
unified feature field Φ(x;D) : R3 7→ RCΨ , conditioned on D.
We map every point x ∈ R3 to a unified feature of dimension
CΨ that describes the visual, spatial, and semantic properties
of the scene, as well as the corresponding uncertainty. The
field is implicit and additive, allowing for flexible extraction
of information at any spatial point and incremental updates
with new RGB-D frames D (Figure 1).

From the RGB-D reference frames of a scene, we com-
bine image features back-projected into Vc, and an initial
TSDF volume Vd from depth input as in [9]. To guide
the downstream uncertainty predictions of the network, we
additionally add a voxel feature count and feature variance
as input signals serving as indicators of uncertainty Vu.
After refining the combined volumes using a 3D CNN Ψ,
we receive the unified feature volume VΨ, structured as a
3D voxel grid. We apply trilinear interpolation to create the



feature field Φ(x;D) := Trilinear(VΨ,x).
To decode the feature field, we construct three decoding

networks on top of the feature field, with their outputs
modeled as the mean and variance of Gaussian distributions.
Specifically, we use a visual gvis, semantic gsem, and geo-
metric ggeo network, each implemented as an MLP with two
heads mapping a unified feature at a 3D point x to the mean
RGB value, semantic feature, or TSDF value, paired with
a corresponding log variance value to express uncertainty,
respectively. By conditioning the decoding networks on the
unified, view-independent features Φ, the model can learn
to capture scene priors, enabling any-scene generalization.
We utilize differentiable volume rendering [10] to project
the predicted properties from 3D space into 2D.

To supervise UniFField, we employ knowledge distillation
of a teacher model F , novel view synthesis, and geomet-
ric reconstruction as pre-training objectives facilitating the
learning of visual and semantic priors over any scene [8],
[11], [12]. We supervise the model’s predictions of scene
properties by replacing the common loss function (e.g., L1
or L2 loss) with an uncertainty-aware loss function LU . We
assume a Gaussian distribution of the model’s output and
utilize a heteroscedastic loss [13], typically used to quantify
aleatoric uncertainty [14] given by

LU (y, ŷ, u) =
1

2
exp(−u) · L(y, ŷ) + 1

2
u, (1)

where u is the predicted log-variance, ŷ is the predicted mean
and y is the ground truth for an input x.

III. EXPERIMENTS

TABLE I: Uncertainty evaluation. We compare uncertain-
ties of different modalities with the corresponding prediction
error. For the correlation coefficient ρ, we additionally report
the proportion of statistically significant correlation tests.

Error Uncertainty AUSE ↓ Correlation ρ ↑ (Signif. ↑)
MAE RMSE MAE RMSE

Color Visual
Pred. 0.213 0.233 0.474 (0.97) 0.481 (0.97)
Drop. 0.263 0.289 0.375 (0.93) 0.380 (0.94)
Rand. 0.526 0.566 0.000 (0.04) 0.000 (0.04)

Feature Semantic
Pred. 0.095 0.095 0.220 (0.98) 0.209 (0.97)
Drop. 0.144 0.127 0.063 (0.54) 0.052 (0.54)
Rand. 0.170 0.141 0.000 (0.04) 0.001 (0.05)

TSDF Spatial
Pred. 0.013 0.054 0.561 (1.00) 0.561 (1.00)
Drop. 0.164 0.326 0.592 (1.00) 0.592 (1.00)
Rand. 0.965 0.969 0.000 (0.05) 0.000 (0.05)

We train UniFField on ScanNet data [15]. Evaluations are
performed on unseen scenes without per-scene optimization.
Figure 2 shows the geometric reconstruction results. To eval-
uate the quality of our learned uncertainties, we assess their
alignment with the corresponding model prediction errors
(MAE, RMSE), and compare them against epistemic model
uncertainties estimated using Monte Carlo dropout ensem-
bles [13], [16]. To evaluate alignment with prediction errors
we use: (i) Area Under Sparsification Error (AUSE) [17],
[18] and (ii) Spearman’s rank correlation coefficient (ρ) [19].
We also include a randomly ranked uncertainty baseline. In

Fig. 2: 3D geometric reconstruction. Our model aligns
with volumetric-based geometric reconstruction methods At-
las [20] and FineRecon [9], producing complete geometry.

Fig. 3: 2D and 3D uncertainty. Our model preserves spatial
consistency in the predicted 2D and 3D uncertainty.

Fig. 4: 2D and 3D language similarity. The language simi-
larity (red) for the query “bottle on the shelf” is visualized in
2D and 3D space. We additionally show the coarse similarity
map produced using MaskCLIP [21] features. The model
accurately localizes the queried object, demonstrating spatial
consistency and high resolution.

Table I, the evaluation metrics are presented, which indicate
a significant, monotonic relationship between the predicted
uncertainties and their corresponding prediction errors.

We demonstrate a practical active object search task in
the real world using a TIAGo mobile manipulator with
a RGB-D stereo camera in an indoor environment. The
feature representation is created by collecting posed RGB-D
observations using a robot object search policy. As shown in
Figure 3, the predicted properties of different uncertainties in
3D remain consistent with the rendered 2D uncertainty. We
also observe low uncertainty across all modalities in simple-
structured areas such as white walls or dark backgrounds.
During exploration the robot chooses locations of highest
visual uncertainty. To identify objects based on language
queries, we calculate the cosine similarity between the pre-
dicted CLIP feature and the text encoding in every voxel, as
illustrated in Figure 4. During exploitation, the robot can then
select the target with the highest semantic similarity weighted
by spatial uncertainty. A demonstration of the robot policy
is available at https://sites.google.com/view/uniffield.

Our experiments confirm that UniFField generalizes to
unseen scenes, enabling 3D scene understanding tasks while
also allowing for uncertainty predictions that appropriately
describe the prediction errors. Future work will focus on
improving network inference speed and application to robotic
tasks such as uncertainty-aware active object reconstruction.

https://sites.google.com/view/uniffield
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