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Metoda globokega učenja s spominom za dol-
goročno vizualno sledenje točk

Gosto sledenje slikovnim točkam je proces, ki oce-
njuje dolgoročne trajektorije za vse referenčne
točke, in predstavlja zmogljivo reprezentacijo gi-
banja v videoposnetkih. To je posebej zahtevno v
kavzalnem sprotnem sledenju, kjer prihodnje slike
ob času inference v trenutni sliki niso na voljo, pre-
miki točk so lahko drastični, točke se zakrijejo ali
spremenijo svoj videz. Zanesljivo ohranjanje iden-
titet točk skozi dolge videoposnetke zato ostaja
zahtevno, zlasti kadar je potrebno njihovo podobo
skozi čas posodabljati, ne da bi s tem poslabšali
stabilnost napovedi. Predstavljamo DeMeTer, go-
sto sprotno metodo za sledenje točkam, ki zdru-
žuje globalno ujemanje, pogojeno s pomnilnikom,
z lokalno izboljšavo gibanja. Namesto ujemanja
zgolj s statičnimi referenčnimi značilkami DeMeTer
vzdržuje pomnilnik videza, ki se posodablja na
podlagi zaupanja. Ta pomnilnik vsako točko poso-
dablja z zanesljivimi preteklimi meritvami, kar omo-
goča ponovno zaznavo po zakritju ali spremembi
videza. Hkrati ločen pomnilnik gibanja shranjuje
kratkoročno lokalno dinamiko, kar modulu za izbolj-
šavo lokacij omogoča ohranjanje natančnih in ča-
sovno skladnih trajektorij. Ta z referenčnim okvir-
jem poravnana arhitektura z dvojnim pomnilnikom
ločuje ohranjanje identitete točk od kratkoročnega
modeliranja njihovega gibanja. S tem omogoča
eksplicitno gosto ponovno zaznavo ob popolni ka-
vzalnosti. DeMeTer postavlja novo stanje tehnike
in sorodne metode preseže za 4,1% po metriki
δavg, hkrati pa deluje v realnem času.

Računalniški vid | Globoko učenje | Vizualno sle-
denje točk | Ujemanje značilk | Optični tok

Dense point tracking estimates long-range trajectories for all reference pixels, making it a powerful
representation of video motion. This is particularly challenging in a causal online setting, where
future frames are unavailable at inference time, while points may exhibit substantial motion, and
undergo occlusion and appearance changes. Maintaining reliable point identities over long videos
thus remains challenging, especially when appearances must be updated over time without corrupt-
ing dense and temporally stable predictions. We introduce DeMeTer, a dense online point tracker
that combines memory-conditioned global matching with localized motion refinement. Instead of
matching only static reference features, DeMeTer maintains a confidence-gated appearance memory
that updates each point with reliable past observations, enabling re-detection after occlusion or
appearance changes. Simultaneously, a separate motion memory stores recent local dynamics,
allowing the refininig module to generate accurate and temporally consistent trajectories. This
reference-aligned dual-memory architecture separates identity preservation from short-term mo-
tion modeling, making explicit re-detection feasible at dense scale while remaining fully causal.
DeMeTer establishes a new state-of-the-art by outperforming related methods by 4.1% in δavg, while
comfortably running in realtime.

Computer vision | Deep learning | Visual point tracking | Correspondence | Optical flow

Correspondence matching is a fundamental problem in computer vision, whose central
tasks is to establish point-level correspondences between two or more of images [1].

Its video extension, visual point tracking, has progressed significantly with architectures
that improve robustness, temporal consistency, and efficiency [2–4]. However, long-term
tracking remains difficult under large motion, extended occlusion, and appearance changes
due to deformation, viewpoint shifts, or illumination variation.

A common approach in strong point trackers is to decompose tracking into appearance-
based matching followed by iterative refinement [2–6]. This decomposition is effective
because the two stages address complementary requirements: global matching handles
large displacements and re-detection, while local refinement improves localization and
temporal consistency. However, maintaining this design becomes challenging when
tracking densely sampled points. Sparse trackers can afford global correlation for a
limited set of query points, whereas dense trackers must estimate correspondences for
every reference pixel at every frame of a video sequence. As a result, dense methods
often rely on local, optical-flow-style refinement and windowed processing [7, 8]. While
efficient, these choices can weaken long-term re-detection after extended occlusions and
introduce a small-motion bias.

We argue that robust appearance matching should remain central to dense tracking.
Dense correspondences provide a complete motion representation, preserving object
boundaries, local deformations, and motion cues that sparse tracks may miss. How-
ever, density alone does not ensure robustness: when points are occluded or visually
transformed, the tracker must still recover their identities from appearance rather than
merely propagate their previous locations. Recent work, such as ReTracker [6], shows
that strengthening global matching improves long-term tracking under occlusion and
appearance variation. The key challenge, therefore, is to preserve the re-detection ability
of appearance matching while making it efficient for dense online tracking.

This challenge is amplified in the online setting, where trackers process frames sequen-
tially without access to future frames. Points may disappear under occlusion, change
appearance over time, or become ambiguous in textureless regions; consequently, many
state-of-the-art methods rely on window-based or offline processing to use future context
for recovery [5, 7, 8]. However, such designs introduce latency and are less suitable for
reactive systems. Online, or causal, tracking therefore requires memory to compensate
for the missing future context. In this setting, appearance and motion memory serve
complementary roles: appearance memory propagates long-term point identities and en-
ables re-detection, while motion memory regularizes motion predictions under appearance
uncertainty using recent local motion cues.

We address the aforementioned issues with DeMeTer (Dense Memory-based Point
Tracker), an online point tracker that decomposes tracking into global appearance match-
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ing and localized motion refinement. For each target frame, an appearance memory
adapts reference features using reliable past appearances of each point. A global matcher
then correlates these memory-conditioned reference features with the full target frame,
producing dense correspondences and occlusion-aware confidence estimates. The pre-
dictions are then refined using local correlation neighborhoods and a separate motion
memory that stores recent motion and local correlation information. By separating
memory according to function, DeMeTer preserves stable appearance cues for long-term
point identity while using recent motion information to resolve local tracking ambiguities.

For efficiency, both memories are maintained in the reference-frame coordinate system,
keeping each slot aligned with the same query pixel throughout the video. The appearance
memory is updated only for reliable visible points, preserving identity through occlusion
and enabling re-detection after appearance changes. The motion memory is updated as a
recent rolling history, providing short-term temporal context for smoother refinement.
This decouples robustness and accuracy: the appearance memory supports long-range
matching, while the motion memory supports local accuracy and temporal consistency.

Our contributions are twofold. First, we propose a reference-aligned dual-memory
design that separates (i) a confidence-gated appearance memory for preserving reliable
point identities through occlusion and appearance changes, and (ii) a recent motion
memory for temporally consistent local refinement. Second, we introduce DeMeTer, a
fully online dense point tracker that preserves explicit global appearance matching for
every reference pixel, enabling robust long-range re-detection without requiring future
frames or a sliding window. On challenging visual point-tracking benchmarks, DeMeTer
outperforms the previous state-of-the-art by 4.1% in δavg, while remaining efficient for
dense tracking.

1. Related Work

1.1. Optical Flow and Dense Tracking. Optical flow estimates dense correspondences
between frames, and has a long history, spanning classical variational [9, 10] and local
optimization methods [11] to recent learning-based architectures [12–16]. Modern flow
models such as RAFT [14] and SEA-RAFT [16] iteratively refine dense motion using
all-pairs correlation and local recurrent updates. These methods provide accurate short-
range motion but are primarily designed for two-frame correspondence. Long-range dense
tracking is often achieved by chaining frame-to-frame flows [17, 18] or by predicting
reference-to-target flow fields over a temporal window [7, 19, 20]. While effective, these
approaches can accumulate drift, rely on fixed temporal context, or fail to re-detect
points after long occlusions. CoWTracker [8] further departs from correlation-heavy flow
estimation by propagating motion through warping. In contrast, DeMeTer maintains
dense global appearance matching as an explicit first stage and uses local refinement only
after large-displacement correspondences are initialized.

1.2. Tracking Any Point. The track-any-point task was popularized by TAP-Vid [21] and
early successful point trackers such as PIPs [22], TAP-Net [21], and TAPIR [2]. TAPIR
combines global matching with local temporal refinement, while later methods improve
robustness through local all-pair correlation [3], longer synthetic training data [23, 24],
joint multi-point tracking [4, 5], query-based tracking [25, 26], next-token prediction [24,
27], image-matching pretraining [6], and self-training on real videos [28]. Other works
extend point tracking with 3D reconstruction [29, 30], or multi-view constraints [31, 32].
These methods demonstrate that appearance-based matching, temporal refinement, and
interaction between tracks are important for long-term robustness. However, most are
designed for sparse query sets, where expensive global correlation or self-attention is
computationally feasible. Because dense tracking requires correspondence and visibility
estimates for every pixel in each frame, scaling this strategy to all reference pixels is
challenging. By contrast, DeMeTer makes point tracking practical in the dense online
setting by using compact appearance and motion memories to estimate correspondences
and visibility for all points.

1.3. Online and Memory-based Point Tracking. Online tracking removes access to future
frames and therefore requires information from past observations to be stored compactly.
Online, or causal, variants of sparse trackers improve sequential tracking, but are still
limited by the cost of tracking many query points densely [5, 33]. Dense methods such
as DOT [34], which densifies sparse point tracks through interpolation and optical-
flow refinement, and AllTracker [7], which predicts dense trajectories primarily through
refinement-based updates, improve scalability but does not perform explicit dense per-
pixel global appearance matching, making long-term identity recovery more challenging
under occlusion and appearance changes. Temporally-aware features [35] and streaming
memory have recently been used to improve online tracking, with SPOT [36] being
closest to our setting because it targets online dense point tracking through sensory
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Figure 1. Overview of DeMeTer. The model decomposes tracking into global appearance matching, where appearance memory adapts reference features to build per-query
correlation maps, and localized refinement, where local correlations and motion memory produce temporally consistent updates. The memory module encodes reliable
appearance and motion features in the reference coordinate frame for future use.

memory and forward visibility-guided splatting. However, SPOT uses memory to enhance
optical-flow-style prediction, where long-range correspondences are obtained through
flow regression and propagation. In contrast, it does not explicitly maintain a per-query
appearance memory that performs global matching between each reference point and the
full target frame. DeMeTer differs by maintaining reference-aligned appearance memory
for each query pixel, using it to condition dense global correlation maps for re-detection,
and separating this from a motion memory used only for local temporal refinement.

2. DeMeTer

DeMeTer is initialized on the first frame and delivers corresponding pixel locations in all
subsequent frames, along with their visibility indicator. For each target frame, the model
outputs dense correspondences from the reference (query) frame to the target frame,
along with visibility and confidence estimates, as shown in Figure 1.

Formally, let V = {It}T
t=0 denote a video stream, where T ∈ N and It ∈ RHin×Win×3.

The first frame, I0, serves as the query frame, and each frame It with t > 0 is treated as
a target frame. For each target frame, the tracker predicts a flow field Ut ∈ RHin×Win×2,
which maps query-frame pixels to their corresponding target-frame locations, along with
a visibility-confidence map Vt ∈ [0, 1]Hin×Win×2.

For efficiency, each frame is first resized to a fixed processing resolution of Hp ×Wp =
512 × 512 and passed through a lightweight encoder E(·), which extracts low-resolution
features

Ft = E(It), Ft ∈ RH×W ×D, (1)
where H = Hp/8, W = Wp/8, and D = 128.

At a high level, DeMeTer processes the video stream sequentially, one frame at a time.
The query frame features are first adapted using an appearance memory and matched with
the current target frame features to obtain initial correspondence, visibility, and confidence
estimates (Section 2.1). An iterative refiner then updates these predictions using local
correlation features and a motion memory to improve temporal consistency (Section 2.2).
Finally, the refined flow is used to update the reference-aligned memories: target features
are warped back to the reference coordinate frame to update the appearance memory,
while the corresponding local correlations and flows are encoded into the motion memory
(Section 2.3).

2.1. Global Appearance Matching. Let F0 ∈ RH×W ×D denote the query frame feature
map. The global matching stage handles large displacements and reappearances by
correlating each query frame feature with the entire target frame feature map Ft. To
address appearance changes, the query frame features F0 are first conditioned on an
appearance memory MA

t ∈ RN×H×W ×D, which stores the encoded reference frame
appearance along with the N − 1 most recent reliable appearances of each query point
(see Section 2.3). This adaptation is performed using per-pixel temporal cross-attention,
with cost quadratic to the memory length [7], followed by self-attention over the query
frame, to preserve local context among neighboring points, producing F0,t ∈ RH×W ×D.

F0,t and Ft are then passed to the match decoder, which further conditions the
reference and target features to improve matching. To provide a valid match for occluded
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or absent query points, a learned dustbin token b ∈ RD is appended to the target features
Ft. A bidirectional match decoder then applies mutual cross-attention between F0,t and
[Ft; b], where [·; ·] denotes concatenation along the token dimension. This is followed by
a shared ConvNeXt [37] block, producing F̃0,t ∈ RH×W ×D and F̃t ∈ R(HW +1)×D.

Global matches are obtained by constructing an all-pairs correlation volume between
F̃0,t and F̃t, resulting in Ct ∈ RH×W ×(HW +1). Let G = {1, . . . , H} × {1, . . . ,W} denote
the 2D spatial grid. For a query pixel at p ∈ G, the first HW channels form a spatial
response map over the target frame, while the final channel acts as a dustbin score for
occluded or unmatched points. The initial target location is computed as

X(0)
t (p) =

∑
g∈G

wp,g,g, (2)

where wp,g is the normalized matching score for target location g, obtained by applying
a softmax over the spatial response map

wp,g = exp (τCt(p,g))∑
g′∈G exp (τCt(p,g′))

. (3)

with temperature τ = 20. Evaluating this for all query positions gives the initial
coordinate map X(0)

t ∈ RH×W ×2, from which we obtain the initial flow U(0)
t .

The correlation volume Ct captures match reliability, with peaked responses indicating
confidence and diffuse responses indicating ambiguity or occlusion. We use it to initialize
the visibility-confidence scores by compressing Ct to D channels with a ConvNeXt encoder
ψ(·). To retain an explicit strongest-match cue, we extract a maximum-correlation map
St ∈ RH×W ×1 by taking the maximum of Ct over its HW + 1 channel dimension,
including the dustbin channel. The two representations are concatenated along the
channel dimension and projected to two output channels

V(0)
t = ρ ([ψ(Ct); St]) , (4)

where ρ(·) denotes 1 × 1 convolution.

2.2. Iterative Refinement. After global appearance matching, the iterative refiner R
improves the initial flow U(0)

t and visibility-confidence V(0)
t by reducing the position

errors and enforcing temporal consistency. The design follows AllTracker [7], but replaces
interleaved temporal and spatial processing with a single temporal cross-attention to
motion memory followed by three ConvNeXt blocks, improving efficiency without reducing
accuracy.

Since large displacements are handled by the global matcher, refinement only considers
local neighborhoods around the current estimates. For each target frame, the refiner
computes a fine-grained correlation volume Gt ∈ RH×W ×H×W between the memory-
adapted reference features F0,t and target features Ft. This volume is computed once
per frame and reused across refinement iterations. At iteration k, local correlations
Q(k)

t ∈ RH×W ×(2R+1)2
are sampled from Gt around the current coordinates X(k−1)

t

within radius R = 4.
The local correlations Q(k)

t , current flow U(k−1)
t , visibility-confidence V(k−1)

t , and
memory-adapted reference features F0,t are encoded into a per-pixel motion represen-
tation, which attends to the motion memory MM

t through temporal cross-attention
(see Section 2.3 for more details on memory construction). The resulting features are
processed by ConvNeXt blocks to predict residual updates

∆U(k)
t ,∆V(k)

t = R
(

U(k−1)
t ,V(k−1)

t ,Q(k)
t ,F0,t

)
. (5)

The residuals are applied additively and refinement is repeated for K = 4 iterations with
shared weights. Final predictions are upsampled using learned convex upsampling [38]
and resized to the input resolution with bilinear interpolation.

2.3. Memory Module. To enable efficient per-pixel temporal attention, DeMeTer stores
both appearance and motion memories in the reference coordinate frame, keeping each
slot tied to the same query pixel throughout the video. After refinement, these memories
are updated with information extracted from the current frame.

Appearance memory. The appearance memory MA
t ∈ RN×H×W ×D stores a static refer-

ence frame entry and N − 1 recent reliable appearances for each query point. To form a
new memory entry, the refined coordinates X(K)

t are used to warp target frame features
Ft back into the query-frame coordinate system

At = T (Ft,X(K)
t ), (6)
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where T (·, ·) denotes bilinear interpolation.
The warped features At are concatenated with the final visibility-confidence estimates

V(K)
t and encoded with a 1 × 1 convolution and two ConvNeXt blocks, producing

Ãt ∈ RH×W ×D. The appearance memory is updated with a confidence-gated FIFO
rule. The current aligned feature Ãt is inserted only at pixels whose visibility-confidence
product exceeds a threshold θ = 0.9. At these reliable pixels, older memory entries are
shifted back by one slot; at unreliable pixels, all memory entries remain unchanged. This
prevents ambiguous or occluded regions from corrupting the stored appearance features.

Motion memory. The motion memory MM
t ∈ RL×H×W ×D provides per-point motion

context for temporal refinement. After refinement, local correlation neighborhoods
Q(K+1)

t are recomputed at the final coordinates X(K)
t , thus aligning motion features

to the reference coordinate frame. The local correlations Q(K+1)
t , final flow U(K)

t , and
visibility-confidence estimates V(K)

t are encoded using the refiner’s motion encoder and a
lightweight memory encoder to form a new motion entry B̃t ∈ RH×W ×D. The motion
memory is updated in a FIFO fashion with length L = 16, without reliability masking,
keeping only recent motion and correlation information as a short-term prior when
appearance-based matching is ambiguous.

2.4. Training. DeMeTer is trained end-to-end with full backpropagation through time
on 24-frame sparse point-tracking sequences generated using Kubric [39]. The global
matching stage is supervised with a weighted BCE response-map loss Lhm on annotated
query points: visible points use Gaussian targets with σ = 1.5 at the ground-truth
location, while invisible points use the dustbin target.

The refiner is supervised in pixel coordinates with an L1 trajectory loss Ltrack on visible
points at each refinement step, assigning larger weights to later iterations following [7].
Visibility and confidence are supervised with BCE losses Lvis and Lconf , where confidence
is positive if the prediction is within 12 pixels of the ground truth. The final loss is

L = 0.1 · Lhm + 0.05 · Ltrack + Lvis + Lconf . (7)

3. Experiments

This section presents the quantitative and qualitative evaluation of DeMeTer. We evaluate
dense online point tracking on a broad set of public benchmarks and further assess zero-
shot transfer to optical flow. We also analyze refinement behavior and ablate the main
architectural components of the model.

3.1. Implementation Details. DeMeTer has 19.9M parameters and uses a modified Conv-
NeXt-Tiny [37] encoder following [7]. For all attention operations, we add fixed sinusoidal
positional encodings to both queries and keys: 2D spatial encodings are used for self-
attention, while 1D temporal encodings are used for per-pixel cross-attention over memory
entries. We train the model for 200k steps on eight H100 GPUs using AdamW [40] with a
learning rate 2.5 × 10−4. Training uses standard spatial and photometric augmentations
[22], including random shifting, scaling, color jitter, and square occlusions. We run
inference on A100 GPUs and use an A100_80GB only when evaluating CoWTracker due
to its high memory requirements.

3.2. Point Tracking. The following seven public benchmarks are employed: CroHD [41],
DriveTrack [42], TAPVid-DAVIS [21], TAPVid-Kinetics [21], RGB-Stacking [43], Robo-
TAP [33], and EgoPoints [44]. These benchmarks cover diverse synthetic and real-world
video domains, including YouTube videos, surveillance footage, driving videos, egocentric
videos, and robotic manipulation.

Following the standard point tracking protocol [21], we report δavg for all datasets,
which measures how close the extracted point trajectories are to the ground-truth
trajectories. For each threshold k ∈ {1, 2, 4, 8, 16}, δk gives the percentage of predicted
points that fall within k pixels of the ground truth at 256×256 resolution. The final score,
δavg, is calculated by averaging these values over all thresholds. On TAPVid-DAVIS,
TAPVid-Kinetics, RGB-Stacking, and RoboTAP, we also report Occlusion Accuracy
(OA) and Average Jaccard (AJ). OA measures how accurately the model predicts whether
a point is visible or occluded, while AJ combines localization and visibility into a single
score. Following prior work [7], we do not report AJ and OA on datasets with unreliable
visibility annotations.

DeMeTer is compared with a broad set of online trackers, including TAP-Net [21],
MFT [17], DOT† [34], Online TAPIR [33], CoTracker3 [5], AllTracker [7], SPOT [36], and
ReTracker [6]. Unless stated otherwise, AllTracker is trained on Kubric to ensure a fair
comparison. CoTracker3 and AllTracker were adapted for causal inference by reducing
their sliding windows to two frames and advancing one frame at a time. We denote these
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Figure 2. Qualitative comparison of state-of-the-art online trackers with a visibility threshold of 0.5. Runtime is measured as the time required to output dense tracks for a
216-frame fox sequence. DeMeTer produces coherent dense trajectories and is faster than state-of-the-art online trackers.

variants as CoTracker3S=1 and AllTrackerS=1. This enables a direct comparison with
recent sparse, dense, and memory-based trackers under an online evaluation protocol.

Table 1 presents the main point-tracking results, separating offline and online methods.
Among online trackers, DeMeTer achieves the highest average performance across all three
metrics. Compared with previous state-of-the-art online methods, DeMeTer outperforms
SPOT by 11.4% in average AJ and 7.8% in δavg, and surpasses ReTracker by 8.6% in
average AJ and 5.8% in δavg. Compared with the online AllTrackerS=1 variant, DeMeTer
improves average AJ by 6.9%, δavg by 5.0%, and OA by 4.2%.

The gains are consistent across both synthetic and real-world datasets: DeMeTer
obtains the best online results on RGB-Stacking, Kinetics, and RoboTAP for all three
metrics. ReTracker performs best on DAVIS, but its performance does not transfer as
consistently across the full evaluation suite. DeMeTer achieves its largest improvements
over prior state-of-the-art online trackers on Kinetics and RoboTAP, which feature longer
sequences with challenging camera motion, articulation, and robotic interactions. These
results indicate that DeMeTer is better at maintaining point identity over extended
temporal horizons, where tracks must remain stable and points often need to be re-
identified after occlusion or appearance changes.

Overall, the results demonstrate that decomposing tracking into two steps and condi-
tioning both on appropriate memories provides a strong mechanism for robust causal
tracking. Although CoWTracker achieves the highest offline scores, DeMeTer remains
competitive while operating fully online. In particular, DeMeTer performs on par with
or outperforms nearly all offline trackers except CoWTracker, while avoiding offline
sequence-level processing. CoWTracker processes the entire video jointly using a VGGT
backbone, which improves accuracy but is computationally expensive and inherently
ill-suited for real-time causal tracking.

To evaluate generalization across a broader set of benchmarks spanning diverse scenes,
Table 2 compares DeMeTer with AllTracker, a window-based dense tracker, on seven
datasets using δavg. Despite operating causally, DeMeTer improves over AllTracker by
1.3% in average δavg while achieving a 2.2× inference speedup. DeMeTer outperforms
AllTracker on 5 of 7 datasets. In particular on general, driving, egocentric and robotic
scenes (TAPVid-DAVIS, TAPVid-Kinetics, DriveTrack, EgoPoints, RoboTAP), while de-
livering on-par performance on surveillance and synthetic scenes (CroHD, RGB-Stacking).
These results indicate that DeMeTer generalizes better across diverse benchmarks than a
window-based dense tracker, while requiring no access to future frames and being more
than twice as fast.

DeMeTer is further qualitatively compared in Figure 2 with two state-of-the-art
online trackers, SPOT [36] and ReTracker [6], as well as the current best offline tracker,
CoWTracker [8]. In addition, processing times are also reported for inference on the
entire fox sequence, which contains 216 frames. Note, that the VGGT backbone in
CoWTracker limits the number of frames, as it requires encoding them jointly. Therefore,
the processing time reported for CoWTracker is based on the maximal number of frames
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Table 1. Point tracking results on TAPVid-DAVIS [21], RGB-Stacking [43], TAPVid-Kinetics [21], and RoboTAP [33], including both offline and online trackers. DeMeTer achieves
state-of-the-art performance among online methods across a wide range of datasets, with particularly strong improvements on Kinetics and RoboTAP.

DAVIS RGB-Stacking Kinetics RoboTAP Average

Method AJ ↑ δavg ↑ OA ↑ AJ ↑ δavg ↑ OA ↑ AJ ↑ δavg ↑ OA ↑ AJ ↑ δavg ↑ OA ↑ AJ ↑ δavg ↑ OA ↑

Offline
LocoTrack [3] 62.9 75.3 87.2 69.7 83.2 89.5 52.9 66.8 85.3 52.9 66.8 85.3 59.6 73.0 86.8
BootsTAPIR [28] 61.4 73.6 88.7 70.8 83.0 89.9 54.6 68.4 86.5 54.6 68.4 86.5 60.4 73.4 87.9
CoTracker3 [5] 64.4 76.9 91.2 74.3 85.2 92.4 54.7 67.8 87.4 54.7 67.8 87.4 62.0 74.4 89.6
DOT [34] 60.1 74.5 89.0 77.1 87.7 93.3 48.4 63.8 85.2 – – – 61.9 75.3 89.2
DELTA [20] 60.8 75.2 87.6 72.2 83.0 91.4 51.0 66.6 84.0 60.2 73.4 85.6 61.1 74.6 87.2
AllTracker [7] 61.9 75.2 87.8 80.7 90.1 91.7 59.3 71.3 89.3 70.1 82.2 92.2 68.0 79.7 90.3
CoWTracker [8] 65.5 78.0 92.1 85.4 92.8 94.9 60.9 73.1 91.5 73.2 83.4 94.7 71.3 81.8 93.3

Online
TAP-Net [21] 33.0 48.6 78.8 53.5 68.1 86.3 38.5 54.4 80.6 45.1 62.1 82.9 42.5 58.3 82.2
MFT [17] 47.3 66.8 77.8 – – – 39.6 60.4 72.7 – – – 43.5 63.6 75.3
DOT† [34] 53.3 67.8 85.4 61.3 75.3 86.5 45.3 58.0 81.4 51.9 62.9 79.9 53.0 66.0 83.3
Online TAPIR [33] 56.7 70.2 85.7 67.7 78.6 89.5 51.5 64.4 85.2 59.1 69.9 86.1 58.8 70.8 86.6
CoTracker3S=1 [5] 56.0 70.8 87.0 64.3 80.9 88.6 – – – 52.9 70.1 82.6 57.7 73.9 86.1
AllTrackerS=1 [7] 58.5 71.1 85.9 77.6 88.3 91.4 55.3 68.4 87.0 64.5 77.9 89.0 64.0 76.4 88.3
SPOT [36] 61.5 75.0 88.9 73.3 86.4 90.3 50.2 62.7 85.5 60.7 73.6 87.5 61.4 74.4 88.1
ReTracker [6] 63.7 77.5 88.2 68.2 80.7 85.8 54.5 67.0 86.4 65.5 78.1 89.9 63.0 75.8 87.6
DeMeTer 64.0 76.7 90.3 79.4 88.6 93.8 59.2 72.5 90.5 71.1 82.8 93.3 68.4 80.2 92.0

Table 2. Comparison with AllTracker on a broader evaluation set using δavg. AllTracker is evaluated offline, while DeMeTer
is fully online. Despite this constraint, DeMeTer achieves better average performance.

Method Cro. Dav. Dri. Ego. Kin. Rgb. Rob. Avg.

AllTracker (offline) 42.3 75.2 66.1 60.3 71.3 90.1 82.2 69.6
DeMeTer 42.1 76.7 68.4 62.1 72.5 88.6 82.8 70.5

(180) that could fit on an 80GB GPU. SPOT is relatively efficient (19.3 seconds) but
gradually loses point coverage during large motions, with many tracks disappearing from
the fox by the end of the sequence. ReTracker, a sparse tracker, preserves more point
identities but is substantially slower (40 minutes) and produces increasingly fragmented
tracks over time. CoWTracker produces high-quality dense tracks; however, without
approximations and implementation optimizations, its 79 GB VRAM requirement and
restriction to sequences shorter than approximately 1.5 minutes represent significant
practical limitations. By contrast, DeMeTer maintains dense and spatially coherent
tracks over the fox throughout the sequence, while completing full inference in 12.3
seconds (17.6 FPS) using only 4.2 GB of VRAM. Despite operating fully causally, the
visual quality of DeMeTer is comparable to that of the strongest offline method, while
being substantially more efficient and suitable for real-time deployment.

3.3. Optical Flow. DeMeTer is further evaluated on optical flow estimation by treating
each frame pair as a two-frame video. This evaluation is zero-shot: we use the same model
trained for point tracking without any flow-specific fine-tuning. Results are reported on
Sintel [45], KITTI [46], and Spring [47] using standard optical flow metrics. On Sintel,
Clean denotes simpler rendering, while Final includes realistic effects such as motion
blur, defocus blur, and atmospheric effects. End-Point Error (EPE) measures the average
distance between predicted and ground-truth flow vectors; Fl-all reports the percentage
of erroneous pixels on KITTI; and 1px error measures the percentage of pixels whose
flow error is greater than one pixel on the Spring dataset.

Table 3 reports the optical flow results, including the full AllTracker model trained
on Sintel and KITTI [7]. Without any flow-specific fine-tuning, DeMeTer transfers
reasonably well to dense two-frame correspondence on visible regions but still lags behind
specialized optical flow models trained directly for flow estimation. Compared with dense
point trackers, DeMeTer outperforms the Kubric-only AllTracker variant, showing that
global appearance matching provides a stronger correspondence signal for both sparse
and dense tasks.

The largest gap appears on KITTI, where the prediction error is evaluated also on
the invisible (occluded) points. This is expected because DeMeTer is trained to report
locations only for visible points. Consistent with this, performance improves substantially
on the non-occluded KITTI subset, where DeMeTer obtains 2.16 EPE and 9.79 Fl-noc.
Fine-tuning with optical-flow supervision would likely reduce this gap, as observed in
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Figure 3. Qualitative comparison of optical flow predictions on Sintel Final [45]. DeMeTer recovers coherent large-scale motion but produces noisier estimates near boundaries
and occlusion regions.

Table 3. Zero-shot optical flow results on Sintel [45], KITTI [46], and Spring [47]. We evaluate Sintel on matched/visible
correspondences, and KITTI and Spring on their training splits. DeMeTer is trained only with point-tracking supervision
and evaluated without flow-specific fine-tuning. It is competitive on visible correspondences but weaker on KITTI, which
evaluates occluded points.

Sintel (matched) KITTI (train) Spring (train)

Method Clean↓ Final↓ EPE↓ Fl-all↓ EPE↓ 1px↓

Optical Flow models
RAFT [14] 0.62 1.40 1.53 7.81 0.45 4.79
SEA-RAFT-L [16] 0.44 1.20 1.60 8.26 0.41 4.06

Dense Point Trackers
AllTracker [7] 0.65 1.74 – – – –
AllTracker (Kub) [7] 2.38 3.36 20.15 43.93 1.14 9.20
CoWTracker [8] 0.78 1.48 1.04 4.87 – –
DeMeTer 1.32 2.41 10.72 21.68 0.96 14.97

prior work [7].
Figure 3 visually compares optical flow predictions on Sintel Final. DeMeTer captures

the dominant motion structure but produces less sharp flow near object boundaries and
occlusions than specialized optical flow models. A training objective that supervises
occluded correspondences would likely improve optical-flow transfer. However, tracking
occluded points does not naturally fit the global matching setup used in our model, and
our point-tracking results suggest that explicit occluded-point supervision is not necessary
for strong causal tracking performance.

Table 4. Architectural ablation results on our evaluation suite. Global matching is the most important component, while
appearance and motion memories provide complementary temporal information.

Ablation δavg ↑

Default 66.1

w/o global matching 53.5
Learned queries 58.1
FIFO appearance memory 65.8
w/o appearance memory 65.4
w/o motion memory 65.3
w/o both memories 63.6

3.4. Ablations. We ablate the main architectural choices of DeMeTer by evaluating each
variant on a combined benchmark suite and reporting δavg, averaged across datasets
with weights proportional to the number of sequences in each dataset. Specifically, we
use CroHD [41], DriveTrack [42], TAPVid-DAVIS [21], TAPVid-Kinetics [21], RGB-
Stacking [43], RoboTAP [33], and EgoPoints [44]. The ablated models are trained for
100k steps on two GPUs with a learning rate of 1.5 × 10−4 and a reduced sequence length
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of 16. We use this reduced setup to compare design choices under the same training
regime and evaluate the final model separately in the main experiments.

Individual components. Table 4 ablates the main components of DeMeTer. Remov-
ing global matching causes the largest degradation, reducing δavg by 12.6%, showing that
explicit dense matching provides a strong initialization signal for refinement. Replacing
reference-frame features with learned queries also reduces performance by 8.0%, suggest-
ing that query-frame appearance is important for preserving point identities. Removing
appearance memory or motion memory individually leads to smaller drops of 0.7% and
0.8%, respectively. Removing both memories results in a larger drop of 2.5%, suggesting
that appearance and motion memories provide complementary temporal information.

Table 5. Effect of iterative refinement on our benchmark set. Global matching alone provides a coarse but meaningful
initialization, while refinement improves localization and temporal consistency. DeMeTer achieves its best performance
after four refinement steps.

δavg ↑

Step AllTracker DeMeTer

Global Matching – 46.5
Refiner Step 1 66.2 60.8
Refiner Step 2 68.9 61.8
Refiner Step 3 69.1 68.3
Refiner Step 4 69.6 70.2

Refinement steps. Table 5 analyzes the effect of global matching and iterative
refinement. The global matching stage alone provides a useful dense initialization, and
performance improves substantially after the first refinement step. Additional steps yield
incremental gains, with performance saturating after three to four iterations. DeMeTer
uses four refinement steps in the final model. For time-critical applications, fewer
refinement steps can be used with only a moderate loss in accuracy. Unlike AllTracker,
DeMeTer starts from an explicit global match and then refines locally, rather than relying
primarily on refinement from a propagated estimate, resulting in a higher final average
accuracy.

Table 6. Memory size ablation results. Appearance memory is robust to moderate changes in size, while motion memory
requires sufficient temporal history; Reducing motion memory to a single slot causes a large drop because at least two
recent states are needed to reconstruct a local motion trend.

Ablation
Appearance

mem.
Motion
mem.

δavg ↑

Default 6 16 66.1

Appearance memory size
Appearance mem. = 4 4 16 66.1
Appearance mem. = 2 2 16 66.4
Appearance mem. = 1 1 16 66.4

Motion memory size
Motion mem. = 8 6 8 66.1
Motion mem. = 4 6 4 66.0
Motion mem. = 2 6 2 65.9
Motion mem. = 1 6 1 56.8

Memory size. Table 6 examines the effect of appearance and motion memory size.
Reducing the appearance memory does not degrade performance, suggesting that the
static reference appearance and a small set of recent reliable appearances are sufficient for
matching. In contrast, reducing the motion memory has a stronger effect: performance
decreases gradually with fewer memory slots and drops sharply when only one slot is
used. We interpret this drop as evidence that the refiner benefits from multiple recent
motion states, which provide a short-term motion prior for regularizing predictions when
visual information is weak.

4. Conclusion

We introduced DeMeTer, a dense online point tracker that decomposes point location
estimation into two stages: (i) global visual matching for robust re-detection and (ii) local
motion-based refinement. Both stages exploit a novel memory-based approach, preserving
long-term point identities while leveraging recent motion context to refine ambiguous

Ðoković L. BMA-UI | Master’s thesis | 2025/26 | 9



predictions. Across seven point-tracking benchmarks and three flow-estimation datasets,
DeMeTer demonstrates strong online performance, achieving state-of-the-art results on
point tracking and improving average δavg by 4.1% over the strongest online dense tracker.
The ablations show that appearance memory enables robust initial localization, while
motion memory provides a short-term motion prior that acts as regularization when
visual evidence is weak. DeMeTer also remains competitive with offline trackers while
operating online, which is crucial for long sequences and reactive systems, and provides
strong dense flow estimates despite never being trained on optical flow. We hope this
work encourages future long-term trackers to preserve explicit re-detection as they scale
to dense, efficient, and accurate online tracking.
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