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Abstract

Breakthroughs in visual odometry (VO) have fundamentally
reshaped the landscape of robotics, enabling ultra-precise
camera state estimation that is crucial for modern au-
tonomous systems. Despite these advances, many learning-
based VO techniques rely on rigid geometric assumptions,
which often fall short in interpretability and lack a solid
theoretical basis within fully data-driven frameworks. To
overcome these limitations, we introduce VOCAL (Visual
Odometry via ContrAstive Learning), a novel framework
that reimagines VO as a label ranking challenge. By in-
tegrating Bayesian inference with a representation learn-
ing framework, VOCAL organizes visual features to mir-
ror camera states. The ranking mechanism compels similar
camera states to converge into consistent and spatially co-
herent representations within the latent space. This strate-
gic alignment not only bolsters the interpretability of the
learned features but also ensures compatibility with mul-
timodal data sources. Extensive evaluations on the KITTI
dataset highlight VOCAL’s enhanced interpretability and
flexibility, pushing VO toward more general and explain-
able spatial intelligence.

1. Introduction
As artificial intelligence advances, the need for multimodal
learning methods continues to grow. Visual Odometry
(VO)—a key technology for motion estimation in robotics,
augmented reality, and autonomous driving—has tradition-
ally relied on geometric constraints, temporal consistency,
handcrafted features, and bundle adjustment. While these
classical methods are effective, they were developed outside
the deep learning paradigm, which instead relies on learning
from latent representations.

This divergence creates a notable gap: conventional VO
systems struggle to integrate with learning-based frame-
works that operate in latent space. Although some learning-
based VO models have been proposed, many still depend
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Figure 1. (a) Conventional graph-based visual odometry, where
connections between camera states xi and features fj are modeled
using predefined graphs zij . This manual design limits both flex-
ibility and interpretability in learning-based VO systems. (b) The
VOCAL architecture eliminates the need for handcrafted graph
structures by reframing VO as a label-ranking problem. Through
contrastive learning, VOCAL organizes features extracted from vi-
sual inputs based on their corresponding camera states, ensuring
that inputs with similar camera states yield consistent features in
the latent space. Our approach improves spatial understanding in
visual odometry by establishing a direct correlation between fea-
ture representations and 3D camera states.

on geometric constraints that are difficult to interpret and
not well aligned with representation learning. As a result,
they are hard to adapt to broader multimodal systems such
as large language models (LLMs) [21] and vision-language
models (VLMs) [19]. Closing this gap is critical for en-
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abling VO to collaborate with other learning-based models
and to advance spatial intelligence.

In recent years, contrastive learning has emerged as a
powerful tool for representation learning. Originally de-
veloped as a self-supervised technique, it learns to group
similar samples and separate dissimilar ones in the latent
space. Methods such as SimCLR [3] and MoCo [11] have
demonstrated its effectiveness in image classification. Ex-
tensions like RankSim [9] and Rank-N-Contrast [42] fur-
ther apply ranking mechanisms in latent space to improve
regression tasks. Similarly, [39] and [36] show that struc-
tured latent representations benefit object pose estimation.
Contrastive learning has also become central to multimodal
learning. For example, CLIP [23] aligns image and text
pairs in a shared latent space using contrastive objectives.
Large-scale multimodal systems such as [21], Gemini [32],
and LLaVA [19] adopt similar principles to integrate diverse
data types.

Despite these successes, the application of contrastive
learning to visual odometry remains underexplored. The
lack of organized and interpretable latent representations
makes it difficult for VO systems to collaborate with other
learning-based models.

To address the challenge, we propose VOCAL (Visual
Odometry via ContrAstive Learning), a framework that ap-
plies contrastive learning to VO to produce structured, in-
terpretable representations (see Fig. 1). VOCAL reframes
VO as a label-ranking problem, learning relationships be-
tween features and camera states in the latent space with-
out relying on geometric constraints or handcrafted graph
structures. This approach leads to a compact, explainable
representation that integrates well with other learning-based
systems and supports broader goals in spatial intelligence.

Our contributions are:
• We revisit Bayesian inference—the core principle behind

VO—and reinterpret it in a modern latent representation
framework.

• We reformulate learning-based VO as a label-ranking
problem, introducing a new, explainable way to organize
visual features by camera states.

• We provide a detailed analysis of how contrastive learning
structures latent space for VO, offering new insights and
improving the spatial understanding of learning-based
models.

2. Related Work
Research in visual odometry (VO) can be broadly catego-
rized into three main paradigms: geometry-based, hybrid,
and learning-based approaches.

Geometry-based Visual Odometry: These methods rely
on geometric principles to estimate 3D structure and de-
termine camera pose. They are typically divided into two
categories: direct and feature-based methods. Direct meth-

ods (e.g., [5, 6]) compute camera motion and scene struc-
ture directly from pixel intensities by comparing brightness
across consecutive frames. Feature-based methods (e.g.,
[16, 20, 22]) extract and match keypoints or corners across
frames to infer motion. Despite their success, these ap-
proaches depend on handcrafted features and require man-
ual processes to relate features to camera states. They
also lack latent representations, limiting compatibility with
learning-based models and hindering progress toward inte-
gration with modern AI systems.

Hybrid Visual Odometry: Hybrid methods combine
learning techniques with traditional geometry-based VO to
improve robustness and incorporate semantic understand-
ing. These systems typically consist of two components:
a front-end and a back-end. In the front-end, conventional
feature pipelines are enhanced with learned features, often
extracted via CNNs to estimate depth [31, 40] or via object
detectors to provide semantic cues [2, 26–28, 35]. Scene
segmentation methods [13, 25] further enrich the map with
structural information. In the back-end, traditional opti-
mization techniques like bundle adjustment are refined us-
ing learned priors [1, 30]. However, hybrid systems still fol-
low the geometric VO pipeline and require manual efforts to
relate visual features to motion, limiting their interpretabil-
ity and flexibility.

Learning-based Visual Odometry: Purely learning-based
VO methods aim to estimate camera pose using data-driven
approaches. Early work like [14] applied supervised learn-
ing to predict camera pose from RGB images, while [37]
used recurrent networks to model temporal dynamics. More
recent methods such as [18, 44] employ self-supervised
learning using stereo image constraints, and [38] intro-
duces an intrinsics layer for improved generalization. [33]
demonstrates a fully differentiable architecture that mim-
ics geometric VO. Despite these advances, many learning-
based VO methods still incorporate geometric or temporal
constraints and lack a clear and interpretable latent space,
which makes integration with other learning-based systems
difficult.

We draw inspiration from classical graph optimization
tools [4, 17] and apply contrastive learning to address the
limitations of existing VO methods. By organizing feature
representations in a latent space and structuring their rela-
tionships with camera states through a label-ranking frame-
work, our method enables a more interpretable and flexi-
ble alternative to traditional VO. This also promotes seam-
less integration with other learning-based systems, support-
ing broader applications in multimodal and cross-domain
tasks.

3. Methodology
We propose VOCAL (Visual Odometry via ContrAstive
Learning), a new framework that reformulates visual odom-
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etry (VO) by combining Bayesian inference with represen-
tation learning. In this section, we first outline the high-
level motivation, then present a Bayesian view of VO. We
follow this with a label-ranking formulation and describe
how contrastive learning captures the relationship between
visual features and camera states. This design aligns the la-
tent space with 3D motion, improving spatial understanding
and interpretability.

3.1. High-Level Idea
Our method is driven by two core goals. First, we aim to
establish a consistent relationship between visual observa-
tions and camera states in latent space. Second, we seek
to create an interpretable latent representation that can inte-
grate seamlessly with other learning-based systems.

Inspired by the human ability to recognize similar
motion across diverse visual environments, we hypothe-
size that visual inputs associated with similar camera
states should be mapped to similar features in latent
space—even if they originate from entirely different
scenes (Fig. 2).

To realize this, we adopt contrastive learning, which
pulls similar samples closer and pushes dissimilar ones
apart in latent space. By encouraging features from simi-
lar camera states to cluster, contrastive learning enables a
flexible and spatially aligned representation that supports
generalization and integration.

3.2. Bayesian Inference in Learning-based VO
We begin by examining the VO problem through a Bayesian
lens. Traditionally, VO is posed as a conditional probability
estimation. Let

X = {x1, x2, . . . , xN}

denote a set of camera states and

Z = {z1, z2, . . . , zN}

represent the corresponding observations, where N is the
batch size. By Bayes’ rule, VO can be expressed as:

P (X | Z) ∝ P (Z | X)P (X). (1)

Typically, P (·) is assumed to follow a Gaussian distri-
bution; however, directly maximizing P (X | Z) is chal-
lenging. As a workaround, many methods approximate
P (Z | X) via reprojection error or pixel intensity con-
straints under Gaussian assumptions.

Though these methods perform well in bundle-
adjustment-based optimizers, applying a Gaussian model
directly to learning-based VO is problematic because op-
timizing model parameters during training hinders direct
parameter modeling in Eq. (1). To address this issue, we
reinterpret the training process by drawing parallels with

Figure 2. High-Level Idea: Panels (a) and (b) show visual in-
puts from different environments that share the same camera state
(”Forward 5 meters”), whereas panels (b) and (c) depict inputs
from the same scene but with different camera states (”Forward 5
meters” vs. ”Forward 3 meters”). Just as humans can recognize the
same motion regardless of environmental differences—and distin-
guish different motions even in similar scenarios—our approach
uses contrastive learning to align features corresponding to simi-
lar camera states while separating those corresponding to different
states.

conventional localization and mapping: we view backprop-
agation as inverting the observation model [34] and treat
training as a mapping function:

P (mθ | X,Z) ∝ P (Z | X,mθ)P (mθ | X), (2)

where mθ denotes the learned model parameters that define
the latent space. During inference, VO is reformulated as:

P (X | Z,mθ) ∝ P (Z | X,mθ)P (X | mθ). (3)

Despite this reformulation, estimating P (Z | X,mθ) re-
mains challenging, as the Gaussian assumption does not
always align with the requirements of learning-based VO.
This discrepancy has led many methods to rely on geomet-
ric loss functions that do not naturally fit within a purely
probabilistic framework, underscoring the need for a more
theoretically grounded approach.

3.3. Label Ranking in Learning-based VO
To overcome the limitation, we reformulate learning-based
VO as a label-ranking problem. In this formulation, camera
states X serve as query instances, and observations Z are
treated as labels. We adopt the Plackett–Luce model [24] to
rank observations according to their corresponding camera
states, providing an interpretable framework for organizing
feature representations.

We define each ranked feature as:

fzi = mθ(X, zi), (4)

where fzi denotes the feature associated with camera state
xi, and mθ is the mapping function. Here, we assume that
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fzi is strictly positive. Under the Plackett–Luce model, the
probability of a particular ranking order is given by:

P (z1 > z2 > · · · > zN | X) =

N∏
k=1

fzk∑N
j=k fzj

. (5)

To solve this ranking problem, we employ the Rank-N-
Contrast (RNC) loss [42], which is specifically designed
for continuous label regression tasks. Instead of treating
each data point as a distinct class (as in contrastive learning
for classification), RNC constructs positive/negative sample
relationships based on the ordering of their queries, creating
a ranked, continuous latent distribution that facilitates the
estimation of the most likely camera states. The probability
of each observation in the ranking is defined as:

P
(
fzj | fzi , Si,j

)
=

exp
(
sim(fzi , fzj )/τ

)
∑

fzk∈Si,j
exp

(
sim(fzi , fzk)/τ

) ,
(6)

where sim(·, ·) is a similarity function, d(·, ·) denotes the
distance between camera states, and

Si,j := { fzk | k ̸= i, d(xi, xk) ≥ d(xi, xj)}

is the set of samples ranked higher than fzj , defining the or-
dering of camera states. The temperature τ scales the simi-
larity distribution to ensure stable training.

Through contrastive learning, the model is encouraged to
bring feature pairs (fzi , fzj ) closer when their correspond-
ing camera states (xi, xj) are similar, and to push apart
those that are dissimilar (see Fig. 3). Formally,

sim
(
fzi , fzj

)
∝ 1

d(xi, xj)
. (7)

Since fzj is obtained through this ranking process, it serves
as a maximum likelihood estimate for the corresponding ob-
servation:

P
(
fzj | fzi , Si,j

)
∝ P

(
zj | X,mθ

)
. (8)

The ranking-based probability model is linked to learning-
based VO, enabling VOCAL to organize observations by
their camera states.

3.4. Visual Odometry via Contrastive Learning
Having reformulated VO as a label-ranking task (Eq. (4)),
we now describe how contrastive learning is incorporated
into our framework. In our setup, each observation zi con-
sists of optical flow between two consecutive images, and
each camera state xi is represented by the corresponding
relative camera motion. Our objective is to extract discrim-
inative features from these observations and rank them ac-
cording to their associated camera states.

Figure 3. Gaussian Model vs. Plackett–Luce Model in
Learning-based VO: Most learning-based VO methods rely on
geometric loss functions derived from a Gaussian assumption, lim-
iting their alignment with the learning process. In contrast, VO-
CAL adopts the Plackett–Luce model and employs the Supervised
Rank-N-Contrast loss (LSupRNC ) loss to rank feature representa-
tions according to their respective camera states, providing greater
flexibility and a clearer interpretation of spatial relationships.

We implement contrastive learning within the mapping
function mθ, which takes as input zi along with its augmen-
tation aug(zi). By organizing camera states into a ranking
set Si,j , the label-ranking problem is reformulated as:

mθ

(
Si,j , {zi, aug(zi)}

)
−→ fzi , f

aug
zi . (9)

We then apply the Rank-N-Contrast (RNC) loss to obtain
a ranked feature fzi . In practice, we observed that the RNC
loss is highly sensitive to the temperature τ , sometimes
leading to dimensional collapse [12], where the learned fea-
tures become overly sparse. To mitigate this, we introduce
an L1 regularization term weighted by λ and train both the
encoder and decoder jointly. The modified loss for a single
feature, liSupRNC , is defined as:

liSupRNC = (10)

1

2N − 1

2N∑
j=1
j ̸=i

[
− log

( exp
(
sim(fzi , fzj )/τ

)
∑

fzk∈Si,j
exp

(
sim(fzi , fzk)/τ

))]

(11)

+ λL1
(
xi, x̂i

)
. (12)

Here, N is the batch size, τ controls the sharpness of
the similarity distribution, and x̂i denotes the ground-truth
camera state. The overall loss is:

LSupRNC =
1

2N

2N∑
i=1

liSupRNC . (13)
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Figure 4. System Overview: Our system comprises two main components: a Contrastive Feature Encoder and a Pose Estimation Decoder.
The encoder processes optical flow and its augmented variants using a ResNet to generate observation feature vectors. These features are
then fed into the Pose Estimation Decoder, which employs Multi-Layer Perceptrons (MLPs) to estimate camera states. During training, the
Supervised Rank-N-Contrast loss (LSupRNC ) ranks the features based on camera states, yielding a spatially meaningful and interpretable
latent space that facilitates the estimation of the most likely camera states.

By employing the Supervised Rank-N-Contrast loss
(LSupRNC), our model learns features that are both highly
continuous and systematically ranked by their underlying
camera states. This structured organization ensures that vi-
sual inputs with similar camera states are closely aligned in
the latent space—even when these states originate from dif-
ferent scenes—improving the model’s spatial understanding
of the relationship between observations and camera states.
Moreover, by regulating the feature distribution, VOCAL
generates an interpretable latent space that serves as a criti-
cal bridge for integrating with other learning-based models,
ultimately increasing the flexibility of visual odometry.

4. Experiments
Implementation Details: We represent each cam-
era state using six degrees of freedom (6-DoF):
{x, y, z, roll,pitch, yaw}. To handle these dimensions, we
employ six separate encoder-decoder networks (see Fig. 4),
each responsible for regressing a specific pose component.
For the encoder, we use ResNet-18 [10] to process the
optical flow between consecutive image pairs and generate
a 512-dimensional feature vector f ∈ R512. Each decoder
is a three-layer Multi-Layer Perceptron (MLP) that takes f
as input and predicts one of the six pose parameters.

Prior to training, we compute the optical flow for each
pair of consecutive images using the Gunnar-Farneback
method. We set the parameters in the OpenCV function
as follows: pyr scale = 0.5, levels = 3, winsize = 15,
poly n = 5, and poly sigma = 1.2. The resulting flow
maps are then cropped to 224 × 224. We apply Gaussian
noise augmentation with mean µ = 0.0 and standard devia-
tion σ = 0.05.

During training, the Supervised Rank-N-Contrast loss

(LSupRNC) is used to rank encoder-generated features based
on their corresponding camera states, resulting in a ranked,
interpretable, and continuous latent feature distribution.
The decoder then regresses the final pose from this latent
representation. For the ranking policy in LSupRNC, we use
the negative L2-norm as the similarity function sim(·, ·), the
L1-norm as the distance function d(·, ·), a temperature fac-
tor τ = 2.0, and a regularization weight λ = 2.0.

Datasets: We conduct our experiments on the KITTI
dataset [8], a standard benchmark for visual odometry and
simultaneous localization and mapping. Following [37], we
train our model on sequences 00, 02, 08, and 09, and evalu-
ate it on sequences 03, 04, 05, 06, 07, and 10.

Evaluation Metrics: We evaluate VOCAL’s performance
using three primary assessments:
• Feature Ranking: We measure how well the ranked

features align with their corresponding camera states
by computing Spearman’s rank correlation [29] and
Kendall’s rank correlation [15]. Additionally, we visu-
alize the latent-space feature distribution to verify that
LSupRNC effectively ranks features according to camera
states.

• Generalization Capability: We assess the model’s gen-
eralization by training on different fractions of the train-
ing set. Specifically, we partition the training data into
sizes of 0.2, 0.4, 0.6, 0.8, and 1.0 of the total data, and
then measure the Spearman correlation coefficients and
VO metrics on the test set.

• VO Performance: We follow standard VO evaluation
protocols by measuring the average translational RMSE
drift (trel, in %) and the average rotational RMSE drift
(rrel, in ◦/100 m) on trajectory segments of 100–800 m.
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Figure 5. Feature Distribution in Latent Space: Lighter features (yellow) correspond to larger camera motions, while darker features
(purple) denote smaller motions. The results, based on KITTI sequences 03, 05, 07, and 10, reveal a continuous gradient from lighter to
darker features, highlighting the effective ranking of features according to their camera states.

Dimension x y z

Correlation rs ↑ rk ↑ rs ↑ rk ↑ rs ↑ rk ↑
Seq 03 0.460 0.323 0.012 0.008 0.878 0.697
Seq 04 0.058 0.039 0.174 0.117 0.454 0.308
Seq 05 0.759 0.575 0.370 0.252 0.924 0.764
Seq 06 0.586 0.423 0.424 0.290 0.873 0.687
Seq 07 0.734 0.546 0.232 0.156 0.840 0.655
Seq 10 0.599 0.429 0.292 0.197 0.901 0.731

Dimension roll pitch yaw

Correlation rs ↑ rk ↑ rs ↑ rk ↑ rs ↑ rk ↑
Seq 03 0.886 0.719 0.990 0.919 0.626 0.450
Seq 04 0.804 0.644 0.378 0.296 0.487 0.345
Seq 05 0.888 0.723 0.975 0.901 0.545 0.387
Seq 06 0.860 0.687 0.936 0.816 0.467 0.339
Seq 07 0.819 0.657 0.942 0.839 0.423 0.296
Seq 10 0.886 0.717 0.989 0.915 0.526 0.369

Table 1. Correlations between Features and Camera States:
High correlation scores for z translation and pitch rotation re-
flect the dominant motion in the KITTI dataset. In contrast,
the y and yaw dimensions—typically regarded as noise in this
dataset—exhibit lower correlation scores for both rs and rk.

We compare our results with those of current state-of-the-
art learning-based VO methods.

4.1. Feature Ranking
We analyze the feature distribution produced by our con-
trastive feature encoder in the latent space. By leverag-
ing the Supervised Rank-N-Contrast loss (LSupRNC), the
learned features are expected to closely correlate with the
ground-truth camera states. Table 1 reports the Spearman
(rs) and Kendall (rk) rank correlation coefficients, where
values approaching 1.0 indicate more effective ranking. No-
tably, the z-translation and pitch-rotation achieve high cor-

relation scores, reflecting the dominant motions along the z-
axis and changes in pitch in the KITTI dataset. In contrast,
the y and yaw dimensions, generally considered noise, ex-
hibit lower correlation scores.

Fig. 5 illustrates the feature distribution for z and pitch
(distributions for the remaining dimensions are provided in
the supplementary material Sec. 7). In the figure, lighter
colors (yellow) represent larger camera state values, while
darker hues (purple) indicate smaller values. The con-
tinuous gradient from light to dark underscores the effec-
tive ranking of features by camera state, yielding an inter-
pretable and flexible latent representation that also supports
the estimation of the most likely camera states.

4.2. Generalization Capability
We assess VOCAL’s generalization capability by evaluat-
ing its performance with varying amounts of training data.
Specifically, we partition the training set (sequences 00, 02,
08, and 09) into fractions of the total data (0.2, 0.4, 0.6,
0.8, and 1.0) and evaluate the resulting feature ranking per-
formance on the test set using Spearman’s rank correlation
coefficient (rs) as well as the VO metrics trel and rrel.

Fig. 6 plots the rank correlation for all six degrees of
freedom (DoF) as a function of the training data propor-
tion. Notably, the z and pitch dimensions—representing
the dominant motions in the KITTI dataset—exhibit grad-
ually increasing rs values as more training data becomes
available, indicating that our method ranks features more
effectively with additional data. In contrast, the y and yaw
dimensions, which are more susceptible to noise in KITTI,
do not converge regardless of the training set size. Addi-
tionally, Fig. 6 presents the performance of trel and rrel
on different test datasets, showing that our model performs
better as the training data scale increases. Even with a rela-
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Method Training dataset
KITTI Sequences (trel/rrel)

03 04 05 06 07 10
VISO2-M [7] - 8.47/8.82 4.69/4.49 19.22/17.58 7.30/6.14 23.61/29.11 41.56/32.99
SfMLearner [44] KITTI 00-08 12.56∗/4.52∗ 4.32∗/3.28∗ 12.99∗/4.66∗ 15.55∗/5.58∗ 12.61∗/6.31∗ 15.25/4.06
GeoNet [41] KITTI 00-08 19.41∗/9.80∗ 10.81∗/7.00∗ 22.68∗/7.70∗ 9.90∗/4.30∗ 9.82∗/5.90∗ 23.90/9.04
DeepVO [37] KITTI 00, 02, 08, 09 8.49/6.89 7.19/6.97 2.62/3.61 5.42/5.82 3.91/4.60 8.11/8.83
TartanVO [38] TartanAir (∼40k) - - - 4.72/2.96 4.32/3.41 6.89/2.73
VOCAL (ours) KITTI 00, 02, 08, 09 4.60/1.99 5.18/1.51 5.45/2.51 5.11/6.06 12.13/4.79 7.72/7.61

Table 2. Visual Odometry Results (trel/rrel) on KITTI Sequences: trel denotes the average translational RMSE drift (in %) over
trajectory segments of 100–800 m, and rrel denotes the average rotational RMSE drift (in ◦/100 m) over trajectory segments of 100–800
m. An asterisk (∗) marks training data (which may be overfitted).

Figure 6. Correlation and VO Metrics vs. Data Scale: While
most learning-based VO methods require extensive training data to
achieve high performance, VOCAL converges and delivers com-
petitive results even with limited datasets. As the amount of train-
ing data increases, our method achieves higher Spearman rank cor-
relation and lower trel and rrel values, indicating that the visual
features are effectively ranked according to camera states. This
outcome demonstrates VOCAL’s flexibility and provides a clearer
interpretation of spatial relationships.

tively small training set, VOCAL achieves competitive per-
formance compared with other methods (as will be detailed
in the next section). This early-stage performance is due to
our method’s ability to directly capture the relationship be-
tween visual features and camera states through label rank-
ing.

In contrast, many existing learning-based VO models
struggle during early training stages and require extensive
training to converge due to a lack of interpretability. By
comparison, VOCAL not only benefits from larger datasets

but also maintains strong performance with limited data, un-
derscoring its potential for effective generalization.

4.3. VO Performance
We evaluate VOCAL’s visual odometry performance on the
KITTI dataset by training on sequences 00, 02, 08, and 09
and testing on sequences 03–07 and 10. Table 2 compares
translation and rotation accuracy against other VO methods,
with the best results in bold, the second-best in underline,
and an asterisk (∗) marking the training data (potentially
overfitted). References to the original papers, [43], and [45]
are provided for these comparisons.

VISO2-M [7], a classic geometry-based method, is effi-
cient and low-cost but falls short of modern learning-based
approaches in accuracy. SfMLearner [44] is an end-to-end
model for single-view depth and pose estimation. How-
ever, it relies heavily on geometric and temporal constraints
and performs worse than VOCAL even on its own train-
ing data (trained on KITTI sequences 00–08). GeoNet [41],
also trained unsupervised on sequences 00–08, depends on
pretrained depth and flow models; despite these additional
resources, it underperforms VOCAL and introduces extra
complexity. DeepVO [37] uses a similar training protocol
but depends on an RNN architecture that requires sequen-
tial constraints and multiple-frame optimization. In con-
trast, VOCAL processes a single optical flow input (only
two frames) while achieving comparable or superior results.
TartanVO shows strong performance on sequences 06 and
07 but demands a large training corpus—hindering repro-
ducibility—and offers limited flexibility for broader inte-
gration with learning-based models.

Our experimental results show that VOCAL achieves the
best translation performance on sequence 03 and ranks sec-
ond on sequences 05, 06, and 10. For rotation accuracy,
VOCAL attains the best performance on sequences 03, 04,
and 05. Notably, although our training data is relatively
smaller than that used in [41, 44], VOCAL still performs
competitively, even outperforming those methods on train-
ing sequences 03–05. These findings demonstrate that VO-
CAL not only provides an interpretable latent representation
but also delivers competitive VO performance.
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5. Conclusion

We presented VOCAL (Visual Odometry via ContrAstive
Learning), a novel framework that reinterprets visual odom-
etry as a label-ranking problem by integrating Bayesian in-
ference with contrastive representation learning. By orga-
nizing visual features in a latent space according to underly-
ing camera states, VOCAL produces an interpretable, con-
tinuous representation that effectively captures spatial rela-
tionships.

Our experiments on the KITTI dataset show that VO-
CAL achieves competitive translation and rotation accu-
racy compared to other learning-based VO methods, while
avoiding reliance on geometric or temporal constraints. Un-
like conventional approaches that depend on handcrafted
features or sequential inputs, VOCAL operates on optical
flow from only two frames, enabling a flexible and efficient
model that generalizes well across different scenarios.

Moreover, VOCAL serves as a bridge between visual
odometry and other learning-based models. Traditional
Bundle-Adjustment–based methods offer little control over
the latent space, and their optimization logic rarely gener-
alizes to other learning-based frameworks. In contrast, our
approach produces a visualized, interpretable, and ranked
latent representation that can be seamlessly integrated with
additional sensor modalities and learning-based systems,
thereby enhancing performance in multimodal applications.

Beyond visual odometry, VOCAL offers a new perspec-
tive on learning spatial and conceptual relationships across
modalities. The label-ranking principle in latent space
can be extended to various space-to-space or concept-to-
concept tasks, such as aligning visual inputs with cam-
era states, associating 2D images with text or 3D recon-
structions, or linking sensor data (e.g., depth, IMU, GPS)
with high-level representations (e.g., language, multi-agent
states, spatial concepts). Compared to classical graph-
based approaches, our framework provides new insights and
broader potential for advancing spatial intelligence.

In summary, VOCAL advances the state of visual odom-
etry, provides a foundation for flexible and interpretable
multimodal systems, and opens new directions for solving
broader space-to-space problems. Future work will focus
on incorporating additional sensor modalities, refining la-
tent representations through advanced learning strategies,
and validating the approach in more diverse real-world and
conceptual domains. We believe the ideas behind VOCAL
have the potential to drive significant progress in spatial in-
telligence—and beyond.
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[20] Raúl Mur-Artal, J. M. M. Montiel, and Juan D. Tardós. Orb-
slam: A versatile and accurate monocular slam system. IEEE
Transactions on Robotics, 31(5):1147–1163, 2015. 2

[21] OpenAI, Josh Achiam, Steven Adler, Sandhini Agarwal,
Lama Ahmad, Ilge Akkaya, Florencia Leoni Aleman, Diogo
Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anad-
kat, Red Avila, Igor Babuschkin, Suchir Balaji, Valerie Bal-
com, Paul Baltescu, Haiming Bao, Mohammad Bavarian,
Jeff Belgum, Irwan Bello, Jake Berdine, Gabriel Bernadett-
Shapiro, Christopher Berner, Lenny Bogdonoff, Oleg Boiko,
Madelaine Boyd, Anna-Luisa Brakman, Greg Brockman,
Tim Brooks, Miles Brundage, Kevin Button, Trevor Cai,
Rosie Campbell, Andrew Cann, Brittany Carey, Chelsea
Carlson, Rory Carmichael, Brooke Chan, Che Chang, Fo-
tis Chantzis, Derek Chen, Sully Chen, Ruby Chen, Ja-
son Chen, Mark Chen, Ben Chess, Chester Cho, Casey
Chu, Hyung Won Chung, Dave Cummings, Jeremiah Cur-
rier, Yunxing Dai, Cory Decareaux, Thomas Degry, Noah
Deutsch, Damien Deville, Arka Dhar, David Dohan, Steve
Dowling, Sheila Dunning, Adrien Ecoffet, Atty Eleti,
Tyna Eloundou, David Farhi, Liam Fedus, Niko Felix,
Simón Posada Fishman, Juston Forte, Isabella Fulford, Leo
Gao, Elie Georges, Christian Gibson, Vik Goel, Tarun Gogi-
neni, Gabriel Goh, Rapha Gontijo-Lopes, Jonathan Gordon,
Morgan Grafstein, Scott Gray, Ryan Greene, Joshua Gross,
Shixiang Shane Gu, Yufei Guo, Chris Hallacy, Jesse Han,
Jeff Harris, Yuchen He, Mike Heaton, Johannes Heidecke,
Chris Hesse, Alan Hickey, Wade Hickey, Peter Hoeschele,
Brandon Houghton, Kenny Hsu, Shengli Hu, Xin Hu, Joost
Huizinga, Shantanu Jain, Shawn Jain, Joanne Jang, Angela
Jiang, Roger Jiang, Haozhun Jin, Denny Jin, Shino Jomoto,
Billie Jonn, Heewoo Jun, Tomer Kaftan, Łukasz Kaiser,
Ali Kamali, Ingmar Kanitscheider, Nitish Shirish Keskar,
Tabarak Khan, Logan Kilpatrick, Jong Wook Kim, Christina
Kim, Yongjik Kim, Jan Hendrik Kirchner, Jamie Kiros,
Matt Knight, Daniel Kokotajlo, Łukasz Kondraciuk, An-
drew Kondrich, Aris Konstantinidis, Kyle Kosic, Gretchen
Krueger, Vishal Kuo, Michael Lampe, Ikai Lan, Teddy Lee,
Jan Leike, Jade Leung, Daniel Levy, Chak Ming Li, Rachel
Lim, Molly Lin, Stephanie Lin, Mateusz Litwin, Theresa
Lopez, Ryan Lowe, Patricia Lue, Anna Makanju, Kim Mal-
facini, Sam Manning, Todor Markov, Yaniv Markovski,
Bianca Martin, Katie Mayer, Andrew Mayne, Bob Mc-
Grew, Scott Mayer McKinney, Christine McLeavey, Paul
McMillan, Jake McNeil, David Medina, Aalok Mehta, Jacob
Menick, Luke Metz, Andrey Mishchenko, Pamela Mishkin,
Vinnie Monaco, Evan Morikawa, Daniel Mossing, Tong Mu,
Mira Murati, Oleg Murk, David Mély, Ashvin Nair, Rei-
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Ágoston Weisz, Tao Zhu, Yifeng Lu, Siddharth Gopal, Jar-
rod Kahn, Maciej Kula, Jeff Pitman, Rushin Shah, Emanuel
Taropa, Majd Al Merey, Martin Baeuml, Zhifeng Chen, Lau-
rent El Shafey, Yujing Zhang, Olcan Sercinoglu, George
Tucker, Enrique Piqueras, Maxim Krikun, Iain Barr, Niko-
lay Savinov, Ivo Danihelka, Becca Roelofs, Anaı̈s White,
Anders Andreassen, Tamara von Glehn, Lakshman Ya-
gati, Mehran Kazemi, Lucas Gonzalez, Misha Khalman,
Jakub Sygnowski, Alexandre Frechette, Charlotte Smith,
Laura Culp, Lev Proleev, Yi Luan, Xi Chen, James Lottes,
Nathan Schucher, Federico Lebron, Alban Rrustemi, Na-
talie Clay, Phil Crone, Tomas Kocisky, Jeffrey Zhao, Bartek
Perz, Dian Yu, Heidi Howard, Adam Bloniarz, Jack W.
Rae, Han Lu, Laurent Sifre, Marcello Maggioni, Fred Al-
cober, Dan Garrette, Megan Barnes, Shantanu Thakoor, Ja-
cob Austin, Gabriel Barth-Maron, William Wong, Rishabh
Joshi, Rahma Chaabouni, Deeni Fatiha, Arun Ahuja, Gau-
rav Singh Tomar, Evan Senter, Martin Chadwick, Ilya Ko-
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David Reitter, Mianna Chen, Jenny Brennan, Clara Rivera,
Sergey Brin, Shariq Iqbal, Gabriela Surita, Jane Labanowski,
Abhi Rao, Stephanie Winkler, Emilio Parisotto, Yiming
Gu, Kate Olszewska, Ravi Addanki, Antoine Miech, An-
nie Louis, Denis Teplyashin, Geoff Brown, Elliot Catt, Jan
Balaguer, Jackie Xiang, Pidong Wang, Zoe Ashwood, An-
ton Briukhov, Albert Webson, Sanjay Ganapathy, Smit Sang-
havi, Ajay Kannan, Ming-Wei Chang, Axel Stjerngren, Josip
Djolonga, Yuting Sun, Ankur Bapna, Matthew Aitchison,
Pedram Pejman, Henryk Michalewski, Tianhe Yu, Cindy
Wang, Juliette Love, Junwhan Ahn, Dawn Bloxwich, Ke-
hang Han, Peter Humphreys, Thibault Sellam, James Brad-
bury, Varun Godbole, Sina Samangooei, Bogdan Damoc,
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Phoebe Thacker, Çağlar Ünlü, Zhishuai Zhang, Mohammad
Saleh, James Svensson, Max Bileschi, Piyush Patil, Ankesh
Anand, Roman Ring, Katerina Tsihlas, Arpi Vezer, Marco
Selvi, Toby Shevlane, Mikel Rodriguez, Tom Kwiatkowski,
Samira Daruki, Keran Rong, Allan Dafoe, Nicholas FitzGer-
ald, Keren Gu-Lemberg, Mina Khan, Lisa Anne Hendricks,
Marie Pellat, Vladimir Feinberg, James Cobon-Kerr, Tara
Sainath, Maribeth Rauh, Sayed Hadi Hashemi, Richard Ives,
Yana Hasson, Eric Noland, Yuan Cao, Nathan Byrd, Le
Hou, Qingze Wang, Thibault Sottiaux, Michela Paganini,
Jean-Baptiste Lespiau, Alexandre Moufarek, Samer Hassan,
Kaushik Shivakumar, Joost van Amersfoort, Amol Mand-
hane, Pratik Joshi, Anirudh Goyal, Matthew Tung, An-
drew Brock, Hannah Sheahan, Vedant Misra, Cheng Li, Ne-
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