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Abstract

Pixel tracking in single-view video sequences has recently
emerged as a significant area of research. While previous
work has primarily concentrated on tracking within a given
video, we propose to expand pixel correspondence estimation
into multi-view scenarios. The central concept involves utiliz-
ing a canonical space that preserves a universal 3D represen-
tation across different views and timesteps. This model allows
for precise tracking of points even through prolonged oc-
clusions and significant deformations in appearance between
views. Moreover, we show that our model, through the use of
an efficient training strategy incorporating distillation loss, is
capable of performing incremental pixel tracking, a process
often seen as complex in test-time optimization techniques.
Comprehensive experiments validate the method’s ability to
accurately establish point correspondences across cameras.
Furthermore, our method achieves promising results of multi-
view pixel tracking without requiring the entire video se-
quences to be provided at once.

1 Introduction
Pixel-level matching has posed a significant challenge in
computer vision. Notable approaches for addressing this
task include optical flow estimation (Dosovitskiy et al. 2015;
Teed and Deng 2020; Shi et al. 2023a,b; Huang et al. 2022)
and feature matching (Sarlin et al. 2020; Sun et al. 2021;
Pautrat et al. 2023). However, optical flow supports accurate
estimation primarily on subsequent frames and tends to fail
in tracking through occlusions, while feature matching only
identifies significant features from pairs of images instead of
matching all points. To tackle both challenges concurrently,
several studies have recently been dedicated to dealing with
long-term pixel tracking. These methods not only track ev-
ery single pixel through a video sequence but also provide
accurate long-term motion estimation. However, these ap-
proaches have mainly concentrated on finding dense and
long-term trajectories within a single video sequence.

An additional aspect of the pixel-matching problem in-
volves finding dense correspondences between pairs of im-
ages captured from distinct viewpoints. Although several ap-
proaches, e.g., (Edstedt et al. 2023b; Ni et al. 2023; Edstedt
et al. 2023a; Nam et al. 2023; Shen et al. 2020; Truong,
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Danelljan, and Timofte 2020) manage to perform dense
pixel-level matching, they are not effective for matching all
pixels and result in inconsistent motion estimation between
frames. Furthermore, these techniques often lose track of
pixels when they become occluded. A contributing factor
to these issues is the independent processing of frames, ne-
glecting the temporal relationships between them. The task
of matching pixels across multi-view video frames, which
requires consistent and reliable feature matching across dif-
ferent cameras and timesteps, has yet to be explored.

The proposed formulation concerns a more challenging
scenario where we aim to track every single point across
multiple video sequences captured by different cameras.
Given any query pixel from an arbitrary timestep and view,
the model should predict accurate correspondences in every
other frame across cameras. This scenario not only involves
predicting accurate positions and visibilities across long se-
quences, similar to single-view pixel tracking, but also re-
quires integrating information across cameras. An advantage
of the multi-camera setup is that it provides different per-
spectives of the same scene, reducing the likelihood of los-
ing track of pixels due to occlusions, extreme angles, or poor
lighting conditions. For instance, if a pixel is occluded in one
camera, the information from another camera can compen-
sate, leading to more accurate and robust tracking.

To achieve this, we propose a unified multi-view pixel
tracking model capable of performing pixel-to-pixel match-
ing across cameras and time frames. The key insight of our
method is leveraging a global canonical space, which mod-
els a universal 3D representation of the entire scene, invari-
ant to view and time changes. To obtain correspondences
across different views and timesteps, the model learns a bi-
jective mapping to deform points from different timesteps
and views to the canonical space, and vice versa. A per-
view latent code is learned along with the timestep to con-
dition the bijective mapping model, allowing it to capture
observational differences without needing camera poses. In
addition, we add a spatial loss to encourage rigidity among
neighboring pixels, addressing the issue of some pixels lag-
ging behind fast-moving objects.

Our approach also considers the situation where full
multi-view video sequences are not available in training, ne-
cessitating test-time training of the model. A caveat of the
test-time optimization frameworks (e.g., NeRF) is their limi-
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Figure 1: Our proposed multi-view pixel-level tracking method can identify pixel correspondences across image frames captured
at different time instances and from multiple cameras.

tation in adapting to new data. Simply fine-tuning the trained
model with new data could suffer from catastrophic forget-
ting. In our task, these phenomena cause the model to be
incapable of reconstructing the global 3D scene, resulting in
tracking failure. We introduce an efficient incremental learn-
ing strategy to tackle the issue. First, by utilizing the prior
tracking model as supervision, the update process can im-
plicitly retain relevant properties of the canonical space, thus
stabilizing the training process. Additionally, since color in-
formation is already encoded in the pre-trained model, freez-
ing MLP layers that contribute to this information leads to
faster convergence without sacrificing tracking quality.

We evaluate our method on two different benchmarks: the
Plenoptic Video Dataset (Li et al. 2022) and the Immersive
Video Dataset (Broxton et al. 2020), both of which are man-
ually labeled for our experiments. The results demonstrate
that our approach provides accurate point correspondences
through long sequences across cameras, outperforming fea-
ture matching using DINO (Oquab et al. 2023). Further-
more, we show that our model effectively updates pixel-level
tracking incrementally while mitigating the negative effects
of catastrophic forgetting. Figure 1 illustrates qualitative ex-
amples of pixel-tracking performance by our method.

2 Related Work
Point Tracking. Point tracking has gained significant at-
tention in recent years for its vital role in computer vision ap-
plications. The TAP-Vid benchmark by Doersch et al. (Doer-
sch et al. 2022) serves as a pivotal foundation for Tracking-
Any-Point (TAP) advancements. Enhancing point tracking
in videos, TAPIR (Doersch et al. 2023) employs global tra-
jectory refinement with convolution layers, while CoTracker
(Karaev et al. 2023) and Context-TAP (Weikang et al. 2023)
utilize optical flow estimation with spatial context for opti-
mized TAP performance. SpatialTracker (Song et al. 2024)
adopts the framework of CoTracker while operating in 3D
space instead. Addressing long-term tracking, MFT (Neoral,
Šerỳch, and Matas 2023; Jelı́nek, Šerỳch, and Matas 2024)

and Leap-VO (Chen et al. 2024) focus on extrapolating long-
term trajectories from short-term point interactions. DINO-
Tracker leveraged pre-trained DINO features as a prior and
proposed a self-supervised test-time training strategy for
point tracking (Tumanyan et al. 2024). Inspired by Omnimo-
tion (Wang et al. 2023a), who proposed a 3D canonical space
for video feature analysis, our research seeks to address the
unresolved challenges of occlusions and fast-moving object
tracking in this field. Recently, CaDeX++ introduced a test-
time optimization method that could track pixels faster and
more robustly (Xiao et al. 2024).

Feature Matching. Feature matching techniques can esti-
mate dense correspondences between distant pairs of video
frames. Several methods, such as SuperGlue (Sarlin et al.
2020), directly compare the feature of two images to fil-
ter out the dense correspondence, while LoFTR(Sun et al.
2021) uses a two-phase process to filter correspondence
from coarse level to fine level. In addition, PATS (Ni et al.
2023) enables the model to handle scale differences in im-
ages when matching and setting many-to-many relation-
ships between images, which shows superior performance
in downstream tasks.

Optical Flow. Optical flow has been traditionally defined
as an optimization problem that seeks to get the motion in a
sequence or pair of images. Recently, many works have im-
proved the performance of neural network to directly predict
optical flow. From the primitive work FlowNet (Dosovitskiy
et al. 2015), which uses a simple convolution network to pre-
dict the flow, to one leading method RAFT (Teed and Deng
2020), estimating flow through iterative updates of a flow
field based on 4D correlation volumes. VideoFlow (Shi et al.
2023a) proposes MOtion Program (MOP) to handle optical
flow for multiple frames. While optical flow methods allow
for precise motion estimation between consecutive frames,
they are not suited to long-range motion estimation, which
is a topic that remains unsolved.
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Incremental Learning. Incremental learning involves
progressively training a model to incorporate new knowl-
edge while retaining previously learned information, with a
key challenge being the avoidance of catastrophic forgetting
(French 1999). Several works have addressed this task in
the area of Neural Radiance Fields (NeRF) (Wu et al. 2024;
Yan et al. 2024; Cai and Müller 2023; Zhang et al. 2023;
Guo et al. 2022; Po et al. 2023; Chung et al. 2022; Wu and
Tuytelaars 2023). These methods primarily utilize knowl-
edge distillation to alleviate catastrophic forgetting. Previous
data are distilled by either storing keyframes from seen data
or generated by pre-trained models, and optimized with new
image frames. INV (Wang et al. 2023b) analyzed the func-
tion of MLP layers in the NeRF network and proposed an
approach to accelerate the incremental training process by
freezing certain layers of the network without losing struc-
tural or color information.

Multi-Camera Tracking. Multi-camera tracking is a
challenging task since it requires strong feature matching
abilities to track numerous targets in various views. Most
works focus on multiview object detection and tracking
(Amosa et al. 2023; Xu et al. 2017; Huang et al. 2023; Gan
et al. 2021; Feng et al. 2024; Han et al. 2021), leaving mul-
tiview point tracking an unsolved challenge. Our research
endeavors aim to address this challenge by enhancing the
ability of a single-view point tracking model.

3 Our Method
3.1 Overview
Finding pixelwise correspondences across time frames is es-
sential for the pixel tracking problem. Omnimotion (Wang
et al. 2023a) addresses this by representing the input video
sequence as a canonical 3D volume. To construct this vol-
ume, the method begins by querying a pixel pi from frame
i of the input video. The 3D information of pi is obtained
by sampling points along the ray xi(z) = o(pi) + zd,
where o(pi) denotes the ray’s origin, d is the direction of
the camera, and z represents the depth along the ray. Each
pixel pi is assigned K sampled 3D points, denoted as {xk

i }.
These sampled points are then mapped to their correspond-
ing canonical 3D point {uk} by an invertible mapping net-
work Ti(·) = Tθ(· ; ψi) conditioned on a time-dependent
latent vector ψi. The same mapping network is used to map
uk back to a target frame j to locate its corresponding xk

j :

T−1
j ◦ Ti(xk

i ) = T−1
j ◦ Tθ(xk

i ;ψi) = T−1
j (uk)

= T−1
θ (uk;ψj) = xk

j .
(1)

Latent vectors {ψi} are modeled by a latent MLP Lθ. An
additional MLP is introduced to predict the color and density
of the 3D canonical point, denoted as Fθ(u

k) = (ck, σk).
The corresponding 3D point xj of frame j can be computed
by alpha blending all the predicted samples xk

j . We have

x̂j =

K∑
k=1

πkαkx
k
j , where πk =

k−1∏
ℓ=1

(1− αℓ)

and αℓ = 1− e−σℓ .

(2)

The image-space color Cj can be obtained using the same
equation as above, replacing xk

j with color ck. The resulting
x̂j from (2) is then mapped to the pixel pj of frame j using
the same projection parameters.

3.2 Problem Formulation
Given V time-synchronized video sequences, denoted as
{Ivt }

T,V
t=1,v=1, our objective is to track any 2D pixels across

V cameras and T time frames. For each query pixel pvt , the
model predicts its corresponding position p̂v

′

t′ = (x̂v
′

t′ , ŷ
v′

t′ )

and occlusion state Ôv′

t′ ∈ {0, 1}, where v, v′ ∈ {1, ..., V }
and t, t′ ∈ {1, ..., T}.

3.3 Multi-Camera Pixel Tracking
Omnimotion employs an additional latent MLP to derive the
time-dependent latent code ψt over time. We see from (1)
that the mapping network Tθ will take ψt as input and map
the local 3D coordinates to time-independent canonical co-
ordinates, namely u = Tθ(xt;ψt). In our proposed multi-
view scenario, illustrated in Figure 2, it is essential to model
the latent code considering both view and temporal aspects.
Given that the camera parameters for each view are typi-
cally unknown, it may not be suitable to assign a random
view index to each view for generating latent codes, be-
cause such random indices offer no meaningful information
to the model. We instead introduce learnable per-view vec-
tors {sv}Vv=1 to generate the global latent code alongside the
time index. Specifically, we have ψv,t = Lθ(sv, t) and the
invertible network is now denoted as Tv,t(·) = Tθ(· ; ψv,t).
The per-view vectors are optimized jointly with the latent-
code MLP Lθ, allowing the model to adapt to view-specific
content without requiring prior knowledge of camera poses.

3.4 Loss Functions
Pixel Loss. We minimize the mean absolute error (MAE)
between the predicted flow supervision points for frames
within the same camera view and correspondence supervi-
sion points for frames across different cameras. Let Ωp in-
clude the set of all the filtered correspondences (pi,v, pj,v′)
between the image frame i of view v and the image frame j
of view v′. We define the pixel loss as

Lp =
∑

(pi,v,pj,v′ )∈Ωp

∥p̂i,v→j,v′ − pj,v′∥1 . (3)

Photometric Loss. For visual consistency, the photomet-
ric loss minimizes the mean squared error (MSE) between
the predicted pixel color Ĉj,v′ and the observed color Cj,v′

in the source video frame. It is formulated as

Lc =
∑

(pi,v,pj,v′ )∈Ωp

∥C(p̂i,v→j,v′)− C(pj,v′)∥22 . (4)

Temporal Loss. To ensure temporal smoothness of the 3D
motion between frames, we predict the forward and back-
ward motions of an input 3D point xt at time t, yielding the
temporal loss:

Lt =
∑

(x,t)∈Ωx

∥xt+1 + xt−1 − 2xt∥1 , (5)
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Figure 2: The proposed multi-view framework for tracking every pixel across different cameras.

where Ωx includes all sampled 3D local points from all
frames of each camera view.

Spatial Loss. Observe that pixels often lag behind the
moving object at the edges when the object undergoes occlu-
sion or large motion. To overcome this challenge, we add an
additional spatial smoothness constraint that propagates in-
formation between neighboring pixels. Specifically, we en-
courage pixels belonging to the same local part to move to-
gether over time:

Ls =
∑

(pi,v,pj,v′ )∈Ωp

∑
qi∈N (pi)

wp,q ∥d(pi,v, qi,v)

− d(p̂j,v′ , q̂j,v′)∥1 , wp,q = esim(f(pi),f(qi)),

(6)

where d(·) gives the l1 distance between two pixels, N (pi)
includes the four neighboring pixels of pi, and f(p) repre-
sents the feature of pixel p, obtained by bilinear interpola-
tion of the pre-trained DINO feature maps, and sim(·, ·) is
the cosine similarity measure. With (3–6), we arrive at the
total loss for learning multi-view pixel tracking, defined as
their weighted sum:

L = Lp + λcLc + λtLt + λsLs, (7)

where λc, λt, λs are the respective loss balancing weights.

3.5 Incremental Tracking
Our method for multi-view pixel tracking can be general-
ized to perform incremental tracking. Given a multi-view
pixel tracking model, characterized by the three MLPs:
(Lθ, Fθ, Tθ), learned off-line from a set of training images
{Iv1 , ..., Ivt }Vv=1, our goal is to perform pixel-tracking for fu-
ture frames {Ivt+1, ..., I

v
T }Vv=1 by incrementally updating the

trained model.
As outlined in Algorithm 1, we employ a sliding win-

dow scheme to achieve incremental tracking. For tracking on
frames {Ivt+1}Vv=1, we freeze the last two layers of the color

MLP Fθ, as the MLP can be divided into two parts: structure
layers and color layers. Structural details are constructed in
the earlier layers, while color information is stored in the
later layers. With the pre-trained model provided, the col-
or/later layers have already been trained. Therefore, we only
train the first two layers of Fθ to model the structural change.
The model is updated using correspondences collected from
the image set {Ivt−m+2, ..., I

v
t+1}Vv=1, where m is the length

of the sliding window.

Algorithm 1: Incremental Tracking Algorithm
Input: Lθ, Fθ, Tθ, m = sliding window size, T = total
number of frames.
Initialize: t = m, Freeze last two layers of Fθ, Lθ,t =
Lθ, Fθ,t = Fθ, Tθ,t = Tθ
while t+ 1 ≤ T do

collect pairwise correspondences Ωp from frames (t −
m+ 2 to t+ 1)
Lθ,t+1, Fθ,t+1, Tθ,t+1 ← Lθ,t, Fθ,t, Tθ,t
while step < number of iteration do

sample pairwise correspondences from Ωp

update Lθ,t+1, Fθ,t+1, Tθ,t+1 using Lθ,t, Fθ,t, Tθ,t
end
Lθ,t, Fθ,t, Tθ,t ← Lθ,t+1, Fθ,t+1, Tθ,t+1

t← t+ 1
end

Moreover, we add a regularization loss to enforce the
canonical coordinates predicted by the current training
model remain unchanged, i.e.,

LReg =
∑

(x,t)∈Ωx

∥∥Tθ,t(xt;ψv(x),t)

− Tθ,t+1(xt+1;ψv(x),t+1)
∥∥
1
,

(8)

where Ωx is now reduced to 3D sampled points within the
sliding window, and v(x) is the underlying camera view
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Figure 3: Multi-view incremental pixel tracking can be effi-
ciently performed via optimizing Lθ, partially updating Fθ

and enforcing model distillation on Tθ based on information
in a sliding window.

for point x. Besides the total loss in (7), the regulariza-
tion loss encourages model distillation in adapting to new
scenes while keeping the constructed 3D canonical space
unchanged, thereby further accelerating and stabilizing the
incremental training process.

3.6 Collecting Cross-View Input Data
Dense correspondences within the same camera view are ob-
tained following the work of (Wang et al. 2023a). For cross-
camera correspondences, PATS (Ni et al. 2023) is employed.
PATS is a dense feature-matching algorithm capable of per-
forming pixel-level matching under severe scale variations
and in indistinctive regions. Furthermore, PATS is trained in
a self-supervised manner, making it less sensitive to gener-
alization gaps between training and unseen images. To en-
hance the quality of collected correspondences, pre-trained
DINO feature maps are applied to filter out inaccurate cor-
respondences. We extract dense features for each pixel from
the feature map and exclude correspondences whose fea-
tures’ cosine similarity is less than 0.5.

4 Experiments
4.1 Experiment Setup
Training Details. We select four different views and train
for a total of 200,000 iterations for each scene. View selec-
tion is done by ensuring that each video has enough vari-
ance in terms of view angle and scene coverage. We em-
ploy a two-phase training process. In phase 1, we perform
the warm-up training for 100,000 iterations by selecting a
random view and reducing the problem to pixel correspon-
dence learning, akin to the single-view scenario. Phase 2
involves learning pixel correspondences both within a sin-
gle view and between different views. For the incremental
tracking experiments, we pre-train our model for the first 10
frames with 50,000 iterations via the same procedure. For
each timestep thereafter, we train for 2,000 iterations with
incremental settings. For details on the model architecture,
please refer to the supplementary materials.

Datasets. We collect multi-view data from the Plenoptic
Video Dataset (Li et al. 2022) and the Immersive Video
Dataset (Broxton et al. 2020). Both datasets consist of

time-synchronized multi-view camera videos with signifi-
cant view variations. The Plenoptic Video Dataset includes
six scenes captured with 21 cameras at a resolution of
2704 × 2028. The Immersive Video Dataset is a synthetic
dataset captured with 46 cameras at 4K resolution. We se-
lect eight scenes that have a salient object centered in the
video, making them suitable for our task. We downsample
both datasets to a resolution of 640 × 480 for our experi-
ments and reduce the frame rate to one-fifth of the original.
To obtain ground truth for quantitative comparisons, we la-
bel the correspondences between the first frame of the query
view and the target view. The predicted points of subsequent
frames for each view are then compared with the results of a
pre-trained single-view tracking model, which is trained on
each camera independently. Details of the labeling process
are provided in the supplemental material.

Evaluation Metrics. We evaluate our performance using
the same metrics as the TAP-Vid benchmark (Doersch et al.
2022). (1) < δxavg : evaluate the average position accuracy
where the points are visible. Position accuracy is defined as
the ratio of points that lie within a specified threshold of their
ground truth positions.< δxavg is calculated by averaging the
ratios at five different thresholds: 1, 2, 4, 8, and 16 pixels. (2)
Average Jaccard (AJ): consider both the accuracy of the
predicted location and visibility. The metric is calculated as
the fraction of true positives (i.e., points within the threshold
of visible ground truth points) over all points. The threshold
is the same as that used for < δxavg . (3) Median Trajectory
Error (MTE): finds the median distance discrepancy be-
tween the given estimated tracks and the ground truth tracks.
(4) Occlusion Accuracy (OA): computes the ratio of pre-
dicted points that are accurately classified as either visible
or occluded.

4.2 Comparison
Although numerous prior studies have attempted to address
multi-view tracking problems, their approaches are limited
to object-level tracking, making them unsuitable for di-
rect application to our pixel-level setup. Hence, we employ
DINO (Oquab et al. 2023), a self-supervised correspondence
matching method, as the baseline for our multi-camera ex-
periments. Note that there are several methods, such as Su-
perGlue (Sarlin et al. 2020) and LoFTR (Sun et al. 2021),
that support pixel-level matching. However, these methods
do not guarantee matching for every pixel. In contrast, DINO
provides a matching outcome for the target frame whenever
a pixel in the query frame is selected.

DINO. (Oquab et al. 2023) uses pre-trained DINO feature
maps to establish correspondences between the query frame
and all target frames across cameras. The matching process
mimics the video object tracking algorithm provided in the
DINO source code. The main algorithm involves restricting
neighborhood predictions based on previous matchings and
utilizing nearest-neighbor between frames to facilitate tem-
poral information.

Results on Multi-Camera Tracking
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Plenoptic Immersive

Method AJ ↑ < δxavg ↑ MTE ↓ OA ↑ AJ ↑ < δxavg ↑ MTE ↓ OA ↑
DINO - 35.8 52.2 - - 37.1 50.8 -
Ours 76.5 87.8 8.3 97.4 62.6 78.5 14.2 91.1
Ours incremental 68.6 80.5 11.9 91.3 53.9 65.7 26.8 84.2

Table 1: Quantitative comparison with the baseline on the Plenoptic and the Immersive benchmarks. We report four
metrics for our method. We do not include AJ and OA in the DINO experiments, as these two metrics involve classifying pixels
occlusion/visibility, which DINO cannot support. Our method performs well in both offline and incremental training scenarios.
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Figure 4: Qualitative examples of our method. The leftmost image shows the query pixels we intend to track. Each row
represents different views of the same scene. We illustrate our qualitative results by visualizing the trajectories for each pixel in
its own view. Our method successfully provides accurate correspondences and smooth trajectories across views and timesteps.
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Plenoptic Immersive

Method AJ ↑ < δxavg ↑ MTE ↓ OA ↑ AJ ↑ < δxavg ↑ MTE ↓ OA ↑
w/o distillation loss 65.6 77.7 20.6 88.9 52.1 66.0 37.1 85.1
w/o parameter freezing 66.3 76.8 19.6 84.6 52.3 64.5 35.5 78.4
Full 66.4 77.9 15.4 89.5 53.3 66.8 29.0 85.3

Table 2: Ablation study on incremental tracking

Plenoptic Immersive

Method AJ ↑ < δxavg ↑ MTE ↓ OA ↑ AJ ↑ < δxavg ↑ MTE ↓ OA ↑
w/o spatial loss 75.8 84.3 13.6 96.5 64.3 78.8 16.3 93.0
w/o per-view latent 76.6 84.5 9.8 95.3 68.4 82.8 13.9 91.5
Full 78.7 87.0 8.6 96.9 69.5 83.2 12.8 92.3

Table 3: Ablation study on spatial loss and per-view latent

Qualitative Comparison. We show qualitative examples
of multi-view tracking in Figure 4. DINO produces unde-
sirable trails due to its inability to effectively utilize tem-
poral information and account for occlusion during match-
ing, leading to tracking failures when a pixel becomes oc-
cluded. In contrast, our method accurately maps correspon-
dences across cameras and performs tracking in long video
sequences. The visualizations show smooth and temporally
coherent trajectories for each pixel. Incremental tracking re-
sults demonstrate comparable performance tracking results
and do not suffer from catastrophic forgetting.

Quantitative Comparison. As shown in Table 1, our
method outperforms the DINO baseline by a large margin
across all metrics, indicating that our model achieves higher
accuracy and robustness in tracking. In the incremental ex-
periments, metrics are computed from the frame when in-
cremental updating begins (i.e., the 11th frame in our ex-
periments). The performance closely approaches the results
obtained from the offline training process, illustrating the ef-
fectiveness of our approach.

4.3 Ablation Studies
We run ablation studies to evaluate the effectiveness of
our proposed methods on a subset of the two datasets. We
choose three scenes from both datasets, respectively.

Incremental Tracking. We ablate various components of
our approach for incremental tracking. Quantitative results
are shown in Table 2. w/o distillation loss removes the distil-
lation loss from the loss function, and w/o parameter freez-
ing tunes the entire model without freezing any parameters.
Without either of these components, the model struggles to
provide stable and consistent trajectories. The drop in oc-
clusion accuracy without parameter freezing occurs because
the color information already stored in the model is altered
during the incremental updating process, leading to less ac-
curate visibility predictions.

Spatial Loss and Per-View Latent. We perform ablations
on two designs for multi-view tracking in Table 3. w/o spa-
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Figure 5: Qualitative comparison of results with and
without the use of spatial loss.

tial loss disables the spatial loss during training, resulting
in a performance drop, particularly in scenes with rapidly
moving objects. The result highlights the importance of spa-
tial loss in preserving the local geometric relationships be-
tween pixel pairs. We provide a qualitative example in Fig-
ure 5. w/o per-view latent replaces the optimizable per-view
latent with a one-dimensional pre-determined view index.
This substitution limits the model’s ability to capture view-
dependent information, leading to poorer performance.

5 Conclusions
Our work tackles the challenge of tracking individual points
across multiple video sequences captured from diverse cam-
era views. By leveraging a unified global canonical space,
our method establishes accurate correspondences across
both cameras and time frames. To further enhance cross-
view tracking, we introduce a per-view latent code to en-
code view information and a spatial loss to promote con-
sistency and rigidity among neighboring pixels. To adapt to
new data, we provide an incremental learning strategy that
incorporates parameter-efficient training and a novel distil-
lation loss to overcome catastrophic forgetting and ensure
stability. Experimental results demonstrate the superiority of
our proposed method, showcasing its effectiveness in pro-
viding accurate point correspondences and robust long-term
pixel tracking across varying views and scenes.
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M. 2023a. DKM: Dense kernelized feature matching for ge-
ometry estimation. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, 17765–
17775.
Edstedt, J.; Sun, Q.; Bökman, G.; Wadenbäck, M.; and Fels-
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