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ABSTRACT

This paper introduces a lightweight uncertainty estimator ca-
pable of predicting multimodal (disjoint) uncertainty bounds
by integrating conformal prediction with a deep-learning re-
gressor. We specifically discuss its application for visual
odometry (VO), where environmental features such as flying
domain symmetries and sensor measurements under ambi-
guities and occlusion can result in multimodal uncertainties.
Our simulation results show that uncertainty estimates in
our framework adapt sample-wise against challenging oper-
ating conditions such as pronounced noise, limited training
data, and limited parametric size of the prediction model.
We also develop a reasoning framework that leverages these
robust uncertainty estimates and incorporates optical flow-
based reasoning to improve prediction prediction accuracy.
Thus, by appropriately accounting for predictive uncertainties
of data-driven learning and closing their estimation loop via
rule-based reasoning, our methodology consistently surpasses
conventional deep learning approaches on all these challeng-
ing scenarios–pronounced noise, limited training data, and
limited model size–reducing the prediction error by 2–3×.

Index Terms— Conformal inference. Visual odometry.

1 Introduction
Cutting-edge deep learning frameworks are striving not only
for accurate point predictions but also to express predictive
uncertainties. This is achieved by incorporating uncertainty-
aware learning and prediction techniques such as Bayesian
neural networks, Gaussian processes, Monte Carlo dropout,
variational inference, etc. [1–4]. However, the robustness of
learning uncertainty-aware prediction comes at a considerable
computational cost. For example, methods like Monte Carlo
dropout require multiple model samplings to capture the pre-
dictive model’s distribution, where each sampling entails run-
ning model inference. For applications such as autonomous
drones, where predictions must be made in real-time and with
limited onboard resources, the computational challenges for
uncertainty-aware predictions thus become excessive [5, 6].

To address these limitations of computationally efficient
uncertainty-aware deep learning, there has been a notable
surge of interest in conformal inference [7–11]. This ap-
proach offers a systematic framework for estimating predic-

t-1

Multimodal (disjoint) Uncertainties
t-2t-3

I(t-3) I(t-2) I(t-1) I(t)

?Positioning 

Uncertainties

Fig. 1: Multimodal Uncertainties: Environmental features such as flying
domain symmetries and sensor measurements under ambiguities and occlu-
sion can result in multimodal (disjoint) uncertainty bands in practical appli-
cations such as visual odometry. We develop lightweight multimodal uncer-
tainty regression and reasoning to address these practical challenges.

tive uncertainty intervals by incorporating calibration mea-
sures into training procedures. The process entails training a
learning model on a labeled dataset and utilizing calibration
data to construct a predictive uncertainty region around each
test instance. In the case of classification problems, confor-
mal inference adapts them into a minimal set prediction task,
where there is a high confidence that the true class lies within
the prediction set. Likewise, regression problems transform
into minimal interval prediction tasks, ensuring that the true
value falls within the interval with high confidence. Conse-
quently, by employing conformal prediction, learning models
can provide point predictions as well as a reliable measure
of confidence associated with each prediction. A key com-
putational advantage of conformal inference is its explicit
focus on the uncertainty bounds rather than computing the
distribution, which enhances its computational efficiency.

Yet, a notable drawback of current conformal inference
methods for regression is that they can only predict contigu-
ous (single mode) uncertainty intervals [10, 12–14]. Mean-
while, predictive uncertainties can be multi-modal in many
cases. For example, in Fig. 1, consider an autonomous drone
navigating a hallway with multiple similar rooms, doors, and
intersections. Determining the vehicle’s position in such sur-
roundings will likely involve multimodal uncertainties due
to environmental symmetries. Additionally, sensor measure-
ments can be noisy or prone to occlusions, resulting in mul-
tiple plausible interpretations. Hence, computationally effi-
cient multimodal uncertainty extraction is crucial.
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Fig. 2: Multimodal Conformalized Regression: (a) Our framework for embedding conformalization in a deep learning regressor. (b) Example demonstration
of our scheme by conformalization of softmax scores of multiple interval classes resulting in multimodal (disjoint) uncertainty interval prediction. Sample
demonstration of our scheme for (c) 10-class and (d) 50-class multi-head configuration.

Addressing these limitations, our work makes the follow-
ing key contributions: Using visual odometry (VO) as a driv-
ing application, we present a novel conformalized multimodal
uncertainty regression by transforming regression into a set
prediction problem. Results show that the uncertainty esti-
mates adapt sample-wise against varying operating conditions
such as input noise, limited training data, and the model’s lim-
ited parametric size. We also present multimodal uncertainty
reasoning that leverages the robust uncertainty estimates and
closes the estimation loop via rule-based reasoning. Specifi-
cally, under challenging scenarios such as extreme noise, lim-
ited training data, and limited computational constraints, our
integrated methodology consistently outperforms traditional
deep learning by a 2–3× improvement in regression accuracy.

2 Multimodal Uncertainty Regression
Overcoming the limitations of current conformalized regres-
sion methods [10, 12, 13] and using VO as a driving appli-
cation, we present a novel conformalized multimodal uncer-
tainty regression. VO is a predominant computer vision tech-
nique in robotics to estimate the pose of a mounted camera
on a drone/robot [15–17]. Deep learning-based VO employs
neural networks to automatically learn and extract features
from consecutive image frames to estimate the camera’s pose.

Our method reformulates the learning-based pose regres-
sion task as a set prediction problem. In this context, the
predicted set can represent uncertainty intervals that are not
confined to being contiguous. To achieve this transformation,
we extract a calibration set from the initial training data, en-
abling the conversion of the pose classification challenge into
a set prediction task through conformalization, as depicted in
Fig. 2(b). The first step involves segmenting the drone’s nav-
igational space into K unique sets, spanning both position
and orientation (or pose) dimensions. This segmentation is
achieved using a non-uniform space discretization, which is
informed by the training set trajectories within each dimen-
sion. These trajectories are split into K quantiles to establish
class boundaries. The quantile-based non-uniform discretiza-

Fig. 3: Optical flow-based correspondence between consecutive frames.

tion groups frequently visited poses into more confined spatial
intervals. This allows for their identification with enhanced
precision. The outcome of this space encoding process is a
one-hot encoded matrix, contingent on the K classes. In the
subsequent stage, a neural network extracts features from in-
put images. These features are then relayed to a multi-head
classifier, as illustrated in Fig. 2(a). Each classifier head gen-
erates the softmax scores for interval classes along its respec-
tive pose dimension.

Based on the softmax scores, our procedure then tar-
gets the sample-adaptive minimum prediction set C(X) ⊂
{1, ...,K} such that the correct class resides within the set
with 1−α probability, where α denotes an arbitrary miscover-
age rate (e.g., 10%). This marginal coverage can be expressed
as 1− α ≤ P{Y ∈ C(X) | X = x} ≤ 1− α + 1

n+1 , where
n denotes the size of the calibration set. Conformal scores
arise by deducting the softmax output of the appropriate
class for every input from one. Finally, q̂ is computed as the⌈
(n+1)(1−α)

n

⌉
empirical quantile of these conformal scores,

and the conformalized prediction set C(X) is formed by in-
corporating classes with softmax scores greater than (1− q̂).
The product of the predicted set of classes along each pose
dimension produces the net uncertainty regions, which are
not necessarily contiguous.

Figs. 2(c-d) shows the example multimodal uncertainty
regions predicted using the above procedure on the KITTI
dataset [18]. The uncertainty regions are cuboid-shaped due
to the product of intervals along respective pose dimensions.
In Fig. 2(d), the uncertainty cuboids contract as the number of
classes K increases from ten to fifty due to higher precision
interval classification. The multimodality and non-contiguity
of uncertainty intervals are evident in the figure. The uncer-
tainty estimates also adapt to drone’s motion intricacies. For
example, the predictive uncertainty increases at sharp turns.
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Fig. 4: Sample Efficiency: In the right panel, the proposed framework main-
tains high accuracy despite a significant reduction in training data. Predictive
uncertainties adaptively increase in our framework with lower training data.
[Testcase: RGB-D dataset [19], first test sequence, 50-class multihead]

3 Multimodal Uncertainty Reasoning

3.1 Relative Motion Estimation

For reasoning among multimodal uncertainty estimates, our
framework determines the relative motion between two
frames using the Harris corner detector [20] as shown in
Fig. 3. The process identifies key feature points, often
located at angles or regions with intensity discontinuities
in the first image. Subsequently, the Lucas-Kanade algo-
rithm [21] pinpoints the corresponding key points in the
second frame. The algorithm presumes minimal movement
of interest points between consecutive frames – which is a
reasonable assumption under a sufficiently high sampling
rate and consistent brightness. Under this assumption, start-
ing from the optical flow equation for each point (x, y):
I(x+ dx, y+ dy, t+ dt) ≈ I(x, y, t), a linear approximation
of the optical flux in a neighborhood of the points of interest
is computed using a Taylor series.

The algorithm assumes that the change in brightness of a
pixel of the scene is totally compensated by the gradient of
the scene itself, i.e., Ixu + Iyv + It = 0. Therefore, the
displacement vector [dx, dy] can be estimated by minimizing
the squared error between points in the initial image and their
counterparts in the subsequent frame. Based on the computed
optical flow, points of interest are continuously updated, dis-
carding those with significant tracking discrepancies, which
also yields the key feature points for the second frame.

Based on the feature correspondence, the relative motion
between two poses can be extracted by exploiting the essen-
tial matrix E, given by xT

1 · E · x0 = 0, where x0 is a cor-
responding point in the first image and x1 is the correspond-
ing point in the destination image. By factoring the matrix
using singular value decomposition (SVD), rotation matrix
R and translation unit vector t can be extracted as in [22].
Notably, essential matrix-based rotation and translation esti-
mates often prove challenging in practice due to their sen-
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Fig. 5: Parametric Efficiency: In the left panel, the proposed uncertainty-
aware prediction framework maintains high accuracy despite a smaller net-
work size of four million parameters. In the right panel, the proposed frame-
work reduces overfitting risks by uncertainty-oriented predictions. [Testcase:
RGB-D dataset [19], first test sequence, 50-class multihead]

sitivity to small errors in point correspondences, leading to
significant inaccuracies in the derived transformations. De-
spite these challenges, we leverage them solely for discern-
ing uncertainty intervals, i.e., not as the main predictor. As
elaborated in the subsequent section, such integrated predic-
tion combining uncertainty-aware deep learning and optical
flow-based reasoning yields impressive predictive accuracy
across benchmarks, including noise robustness, sample effi-
ciency, and parametric efficiency.

3.2 Uncertainty Discrimination
After determining the relative rotation and translation be-
tween two frames, the next step involves discerning among
multiple uncertainty intervals to ascertain the optimal value.
We initiate this by computing the mean value within each
uncertainty interval to approximate the mean directions of
displacements. Given that distinct predicted bounds exist
for every dimension, we evaluate all possible combinations
to identify the most fitting value. The algorithm takes the
first pose with the highest softmax score from the prediction
model and then iteratively searches for the best pose of the
next frame. To find the best prediction of the orientation
corresponding to the next frame, first, we calculate the cor-
responding rotation matrix as Rnext = Rrelative · Rprevious,
then we transform it into a quaternion qnext and at this point
we look for the best prediction by solving:

minimize
qpredicted∈Q

∥qpredicted − qnext∥ (1)

where Q is the set of all quaternions describing the orientation
of the camera that took the frame. Likewise, to find the best
prediction of the spatial position corresponding to the next
frame, we use the translation direction trelative calculated in
the relative motion estimation phase and solve:

minimize
tpredicted∈T

∥∥∥∥trelative −
tpredicted − tprevious

|tpredicted − tprevious|

∥∥∥∥ (2)
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Fig. 6: Noise Robustness: In the right panel, the proposed framework shows
exquisite resilience to extreme noise. Predictive uncertainty levels appropri-
ately adapt to input image noise levels. [Testcase: RGB-D dataset [19], first
test sequence, 50-class multihead]

where T is the set of all translation vectors describing the po-
sition of the camera that took the frame. Solving these opti-
mization steps selects the uncertainty interval with the highest
likelihood for mean prediction and uncertainty discrimination
on successive predictions.

4 Simulation Results

In Table 1 and Figs. 4-6, we compare the proposed frame-
work to a conventional regression model on sample efficiency
(i.e., at varying sizes of labeled training data), parametric ef-
ficiency (i.e., the necessary deep learning model size), and
noise robustness. For the comparative study, we only mod-
ify the training procedure from conventional to conformalized
uncertainty-based reasoning while keeping all other settings,
such as feature extraction, training data, etc. the same.

Sample Efficiency: Gathering sufficient labeled data for ap-
plications like VO poses significant challenges [23]. Under
these practical challenges, Fig. 4 compares the training sam-
ple efficiency of the proposed framework against the conven-
tional. In the right panel, the proposed framework maintains
high accuracy even when the training data reduces to 40% of
the original. Notably, under limited training data, our frame-
work appropriately expresses higher predictive uncertainties,
as seen in left vs. right panels.

Parametric Efficiency: Smaller deep networks are essential
for edge computing of VO to minimize computational and
memory demands, enabling real-time processing on resource-
constrained devices. In Fig. 5, we compare the performance
of our framework against conventional deep learning regres-
sion at two variants of feature extractor–EfficientNet-b0 (with
four million parameters) and EfficientNet-b7 (with ∼sixty-
four million parameters) [24]. Across these diverse config-

Metric Conformal Classical Improvement

40% total data 0.0534 0.136 2.5×
80% total data 0.026 0.078 3×

Efficientnet-b0 (4M) 0.029 0.083 2.9×
Efficientnet-b3 (10.7M) 0.031 0.077 2.5×
Efficientnet-b7 (63.8M) 0.028 0.088 3.1×

No noise 0.050 0.136 2.7×
Gaussian (σ = 0.05) 0.055 0.126 2.3×
Gaussian (σ = 0.1) 0.073 0.132 1.8×
Gaussian (σ = 0.2) 0.099 0.201 2×

Table 1: Comparison of RMSE (Root Mean Square Error) of Pose Prediction
Trajectories in Classical Inference vs. Our Uncertainty-Aware Inference.

urations, the performance of the conformal models remained
strikingly consistent despite the substantial variation in model
parameters. While deep learning-based regressors underfit
or overfit at too small or too large a model, in the proposed
framework, the parametric resources are used under the guid-
ance of uncertainty calibration. Our framework’s mean pre-
diction curves in the left and right panels are consistent. In
contrast, the uncertainty bounds reduce with higher parame-
ters in the right panel for EfficientNet-b7.

Noise Robustness: Input noise tolerance is crucial for VO
to ensure accurate pose estimation under challenging envi-
ronmental conditions such as low light scenarios. In Fig.
6, we compare predictions from both procedures while in-
jecting Gaussian noise to input image pixels under varying
noise variance (σ). Notably, the proposed framework also
shows exquisite tolerance to input image noise and responds
to higher noise levels in input images by expanding predictive
uncertainty intervals.

Table 1 compares the RMSE (Root Mean Square Error)
of pose prediction trajectories on the first testing sequence
of RGB-D Scenes dataset [19] in classical deep learning-
based regression against our procedure. By systematically
acknowledging the variabilities in training data, model size,
and input noise, our multimodal uncertainty-aware proce-
dure improves prediction accuracy by ∼2-3× across all these
diverse variations. When faced with multiple modes of un-
certainty (i.e., disjoint uncertainty intervals), the reasoning
framework is able to evaluate each mode’s implications sepa-
rately, thus capturing these complexities more accurately than
an unimodal distribution, which otherwise oversimplifies.

5 Conclusions

We presented a novel conformalized multimodal uncertainty
regressor and reasoning framework for VO. The proposed
framework demonstrated ∼2-3× lower prediction error than
conventional deep learning under challenging scenarios such
as lower training data, model size, and extreme input noise.
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