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Fig. 1: MegaFlow excels at large displacement optical flow and point tracking.
(a) On the Sintel (Final) benchmark, MegaFlow consistently achieves the lowest End-
Point Error (EPE), with its advantage widening significantly on large displacements.
(b) MegaFlow also demonstrates superior zero-shot point tracking results on TAP-Vid.
(c) Visuals and inset error maps further illustrate our state-of-the-art results.

Abstract. Accurate estimation of large displacement optical flow re-
mains a critical challenge. Existing methods typically rely on iterative
local search or/and domain-specific fine-tuning, which severely limits their
performance in large displacement and zero-shot generalization scenarios.
To overcome this, we introduce MegaFlow, a simple yet powerful model for
zero-shot large displacement optical flow. Rather than relying on highly
complex, task-specific architectural designs, MegaFlow adapts powerful
pre-trained vision priors to produce temporally consistent motion fields.
In particular, we formulate flow estimation as a global matching problem
by leveraging pre-trained global Vision Transformer features, which natu-
rally captures large displacements. This is followed by a few lightweight
iterative refinement to further improve the sub-pixel accuracy. Extensive
experiments demonstrate that MegaFlow achieves state-of-the-art zero-
shot performance across multiple optical flow benchmarks. Moreover, our
model also delivers highly competitive zero-shot performance on long-
range point tracking benchmarks, demonstrating its robust transferability
and suggesting a unified paradigm for generalizable motion estimation.
Project Page: https://kristen-z.github.io/projects/megaflow/|
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1 Introduction
Optical flow estimation is a fundamental problem in computer vision, providing

dense pixel-level correspondences that are essential for a wide range of applications,
such as autonomous driving and 3D reconstruction [31,/59].
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Traditional methods typically formulate optical flow as an optimization
problem [16,[29,49|, but struggle with large motions and complex appearance
variations. Deep learning dramatically advances this field: early CNN-based
approaches [11,/40] demonstrate end-to-end optical flow prediction, while PWC-
Net [50] incorporates pyramid warping and cost volumes to handle large displace-
ments. RAFT [52] further establishes a powerful paradigm using local iterative
refinements, inspiring a family of variants emphasizing improved feature aggre-
gation and efficiency [18,/57,/58]. In parallel, global correspondence matching
emerges to complement local refinement [53,/634/64,67|, and Transformer-based
architectures demonstrate the potential of long-range feature representations for
accurate and robust optical flow estimation [17}/47].

Over the years, the field has advanced considerably, driven by dedicated
datasets [23,/33,[34] and increasingly sophisticated model designs [17}/46,51].
Despite these advances, existing methods face two distinct bottlenecks: (1) reliance
on task-specific features and domain-specific fine-tuning, which limits out-of-
distribution generalization. (2) an architectural vulnerability in resolving large
displacements, as iterative local search suffers from severe ambiguities across
massive spatial gaps. Consequently, developing a highly accurate and universally
generalizable foundation model for optical flow remains an open challenge.

In this paper, we propose MegaFlow, a general optical flow framework designed
for large displacement motion estimation and strong zero-shot generalization.
MegaFlow is inspired by large vision architectures [22,/54,/56], whose alternating
frame-wise and global-attention Transformer blocks have shown highly effective
at modeling cross-view relations. To extend these geometric priors trained on
static scenes to dynamic motion estimation, we design a simple yet powerful
architecture that builds a globally consistent representation for multi-frame
motion estimation. Crucially, this unified design is highly adaptable to diverse
vision foundation models and generalizes effectively to different tasks. Instead of
directly regressing flow vectors |25,59L/66], we first perform global matching to
establish accurate initial correspondences. These globally informed predictions
are then injected into a lightweight iterative refinement module that uses local
correlation to further improve accuracy while preserving fine-grained details.
MegaFlow achieves state-of-the-art zero-shot performance on various optical flow
and point tracking benchmarks, effectively bridging the gap between powerful
static geometric priors and dynamic, large displacement motion estimation.

Our main contributions are summarized as follows:

1. We introduce MegaFlow, a simple yet powerful framework for optical flow
that significantly improves large displacements and zero-shot generalization.

2. We effectively adapt static pre-trained vision priors to dynamic motion
estimation. Our architecture seamlessly integrates global matching with
lightweight iterative refinement to capture both large displacements and
fine-grained sub-pixel details.

3. Extensive experiments show that MegaFlow sets a new state of the art for zero-
shot optical flow and demonstrates strong cross-task generalization through
robust zero-shot point tracking, while also delivering robust performance on
in-the-wild video sequences.
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2 Related Work

Optical Flow Estimation. Classical methods typically formulate optical flow
as an energy minimization problem [16,29], but they usually struggle with
complex appearance variations. Early deep learning models enable end-to-end
prediction via CNNs and pyramid-based cost volumes [11,/40,50|. Subsequently,
RAFT [52] establishes the dominant paradigm of iterative refinement, inspiring
many extensions targeting efficiency, aggregation, and memory [18}/57}58,(62}
69]. To better capture long-range dependencies, Transformer-based approaches
integrate global matching and the attention mechanism [17}/18,/47.(63}/64], while
alternative formulations explore using diffusion models [30}/43]. However, two-
frame methods inherently lack temporal context. To address this, multi-frame
architectures incorporate temporal windows [4,/46], memory buffers [10l26/51] or
accumulate correspondences over longer horizons |14L61]. Despite these advances,
both two-frame and multi-frame frameworks typically train task-specific feature
extractors and depend heavily on per-domain fine-tuning, which severely limits
their zero-shot generalization across diverse, real-world environments.

Vision Transformers for Optical Flow. Large pre-trained vision Transformers
capture exceptionally rich representations that transfer across diverse domains [22}
37,48./54160165]. For optical flow, existing approaches typically exploit these models
by either directly regressing flow via lightweight heads [43}/59}/66] or by designing
task-specific blocks to process local cost volumes and iterative updates [17}30),
47.[57,/70]. While these strategies improve feature robustness, confining powerful
static priors to the local search space or unconstrained regression inherently
bottlenecks their ability to resolve extreme displacements.

Tracking Any Point. The Tracking Any Point (TAP) task [8/42] evaluates a
model’s ability to maintain robust, long-range temporal correspondences. Tra-
ditionally, optical flow has served as a building block for multi-frame TAP
problems [9[361/68]. To better handle occlusions and out-of-frame motions, recent
methods [6}20,21] exploit correlations across multiple simultaneous tracks. Con-
currently, another emerging line of research demonstrates that leveraging the rich,
geometric-aware features from visual foundation models significantly enhances
long-term tracking robustness [1H3|. Pushing towards unified dense tracking,
recent models like AllTracker [14] and a concurrent method CoWtracker [24]
propose a single-model solution using iterative warping-based refinement. Yet,
their reliance on local search paradigms inevitably leads to error accumulation
and compromised pixel-level accuracy over time. In contrast, by leveraging gener-
alized global matching and local refinement, MegaFlow naturally excels at both
point tracking and optical flow within a single unified architecture.

3 Method
Given a sequence of T video frames {I1, I5, ..., IT}, our goal is to estimate the
optical flows {fi,..., fr_1} € REXW*2 between consecutive frames. Specifically,

our framework consists of three core components. First, all frames are processed
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Fig. 2: MegaFlow. Given an input sequence, a frozen DINO and a trainable CNN
extract dense patch tokens and local structural features. Alternating frame and global
attention, followed by feature fusion, process these tokens into a globally consistent
representation. Pair-wise global matching then computes initial flows. Finally, a recurrent
module iteratively refines the initial flows using spatial convolutions and temporal
attention for sub-pixel accuracy. Crucially, our design seamlessly processes variable-
length inputs without architectural modifications.
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by a shared feature extractor that integrates a trainable local CNN with a
frozen vision Transformer backbone. This produces multi-frame feature maps
{F1,..., Fr} that capture both fine-grained local structures and robust, globally
consistent representations. Second, we perform pair-wise global matching between
adjacent feature maps to compute an initial flow estimation. Finally, a recurrent
refinement module iteratively updates these flow fields using local correlation
and temporal attention, yielding accurate and temporally consistent optical flows.
An overview of the full architecture is shown in Fig. [2|

3.1 Feature Extraction and Fusion

Given an input sequence of T frames {I3,...,Ir}, we first extract per-frame
features using DINOv2 [37.48|. This produces a set of patch tokens {t;}X ;, which
are subsequently processed by a Transformer backbone composed of L alternating
frame-wise and global self-attention layers following VGGT [54].

To compensate for the loss of fine spatial details caused by patch tokenization,
we introduce a lightweight CNN encoder [15] to produce multi-scale feature maps
at 1/2 and 1/4 resolutions. The 1/4 resolution features are spatially compressed
using pixel unshuffle [45] and concatenated with the intermediate Transformer
tokens. A DPT-style fusion head [39] then aligns and merges the CNN features
with the Transformer feature space, producing the fused multi-frame feature
maps {F; € R7*7*P}T_ \where D = 128. These fused features retain strong
local details while encoding broad cross-frame context, serving as the input for
the global matching and refinement stages.

3.2 Global Matching

With the fused feature maps {F;}7_,, we estimate an initial flow between each
adjacent pair (F;, F;+1). We formulate correspondence as a global matching
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problem. For each spatial location u in F;, we compare it against all locations in
F;+1 by computing an all-pairs correlation:

~=

Ci(u,v) = (Fy(u), Fi1(v)), C; e RTXFXTxT (1)

where (-, -) represents dot product, u,v denote pixels. Following [63}(64], we
apply a softmax normalization over v to obtain a probability distribution over
correspondence candidates:

M;(u,v) = softmaxy (C;(u,v)), (2)

Let G denote the coordinate grid of F;;;. The matched coordinate field is
then computed as an expectation over this distribution, and the initial flow is
simply the displacement between source and matched coordinates:

f) =) Mi(u,v) - G(v) — G(u). (3)

3.3 Local Recurrent Refinement

After obtaining the initial flows { fii“it}iTgll, we perform iterative refinement using
a lightweight recurrent module that jointly leverages local spatial correlations
and temporal dependencies.

For each adjacent frame pair (i,i+1), the initial flow is bilinearly upsampled
to the CNN feature resolution, fii“it, and used to sample the CNN feature of I; ;.
A local correlation volume is then constructed as:

Ciet(w) = (Fr(w), By (u+ f(w) + Au) ), (4)

where u denotes a pixel location at 1/4 resolution and Au € [—7,7]? enumerates
local offsets.
The refinement is performed iteratively for K steps, where each update follows:

fi(/c-‘rl) _ fz(k) + R (fi(k)’ C«%ocal’ Ficnna F’L) , (5)

with R denotes the refinement network and fi(o) — finit,

Specifically, R consists of two complementary components: (1) a ConvNeXt-
based convolutional branch aggregates local motion evidence from the correlation
and CNN features, and (2) a temporal attention branch correlates features across
the sequence. This hybrid formulation enables the model to capture both fine-
grained local motion and long-range temporal coherence, leading to robust flow
estimation under occlusions and appearance changes.

Finally, the refinement operates recurrently over all frames, enforcing spatial
consistency and temporal smoothness across the sequence. The design remains
agnostic to the number of input frames, allowing MegaFlow to generalize to
variable-length sequences without structural modification.
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3.4 Training Loss

The model is trained with the following objective for all T'— 1 output flows:

K
Lo = z\ £
=1

flnlt

il (6)

smooth

where f represents ground-truth optical flow, | lsmootn, denotes the smooth £;
loss, K is the iteration number, v = 0.9 is the weight. We apply exponentially
increasing weights [52] to supervise the iteratively refined flow.

3.5 Extension to Point Tracking

A key advantage of MegaFlow is that it seamlessly adapts to dense point tracking
without requiring any architectural modifications. Given a video sequence of
T + 1 frames, denoted as {Iy, I1,...,Ir}, we define I as the query frame and
the subsequent frames {I1, ..., I7} as the targets. Let x € R? denote a 2D pixel
location in image coordinate, and let P C R? represent the subset of query
locations we aim to track. We operate under the standard assumption that the
initial position is anchored at the query coordinate, such that po(x) = x.

Our objective is to estimate the corresponding location p;(x) € R? for every
query pixel x € P across all target frames Iy, where ¢t € {1,...,T}. To bridge the
task of dense tracking with our multi-frame flow formulation, we parameterize
the trajectories using the displacement field. Instead of calculating flow strictly
for adjacent frames, our global matching and local refinement stages explicitly
compute correspondences fy_,; between the first frame Iy and each target frame
I;. The tracked position of any pixel is directly derived as:

pe(x) = x+ fose(x)

In our dense tracking scenario, we define P to encompass the entire spatial
grid of the query frame, effectively tracking all points simultaneously. To optimize
the network using sparse point track supervision, we adapt our training objective
to directly penalize trajectory errors rather than dense flow fields. The tracking
loss is formulated as:

P’Jlnt Z Hpmlt pt”smooth Z e Z Hpt

k=

; (7)

where p; represents the ground truth tracked point coordinates at time step t.

To process long sequences, we employ an sliding window strategy with a
window size of 8. Specifically, we use the predicted trajectories from the current
window as the initialization for the next, sequentially repeating the inference
process following [14]. Unlike dedicated point trackers that depend on explicit
visibility heuristics and confidence scores, MegaFlow propagates tracks entirely
through its continuous displacement fields.
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Table 1: Zero-shot evaluation on Sintel (train) and KITTI (train). Most
methods are trained on the FlyingChairs and FlyingThings datasets by default. Note
that VideoFlow models |46] are not trained on FlyingChairs and UFM [66] are trained
on multiple dense correspondence datasets.

< Sintel (train) KITTI (train)

Method Frame

Clean| Final| Fl-epe] Fl-all]
PWC-Net [50] 2.55 3.93 104 337
RAFT [52] 143 271 504 174
GMA |18] 1.30 274 469 17.1
DIP [69] 1.30 2.82 429 13.7
RPKNet [35] 112 245 - 13.0
GMFlow [63] 1.08 248 11.20 28.7
FlowFormer [17] 9 1.01 240 4.09 14.7
Flowformer+—+ [47] 090 230 393 14.2
SEA-RAFT (L) [58] 1.19 411 3.62 129
AnyFlow [19] 1.10 2,52 3.76 124
SAMFlow [70] 0.87 211 344 123
FlowDiffuser 30| 0.86 2.19 3.61 11.8
WAFT-DINOv3-a2 [57] 1.28 256 349 129
UFM |[66] 1.15 2.01 2.96 11.0
MegaFlow 0.89 2.07 3.00 10.6

VideoFlow-BOF* [46] 3 1.03 219 396 15.3
VideoFlow-MOF* |46] 5 1.18 256 3.89 14.2
StreamFlow [51] 4 0.87 211 385 126
MemFlow [10] 3 0.93 2.08 388 13.7
MemFlow-T [10] 3 0.85 206 3.38 128
MegaFlow 4 0.85 1.83 3.20 10.7

4 Experiments

Datasets and Evaluation Protocol. We first train on FlyingChairs [11],
TartanAirV1 [55], and FlyingThings [32], following standard practices [4}52,/58,
63L|64]. Zero-shot evaluation is then conducted on Sintel [5] and KITTT [12] to
assess cross-domain generalization. In addition, we train on a mixed dataset
comprising FlyingThings [32], HD1K |[23], Sintel [5], and KITTI [12|, and report
results on online benchmarks of Sintel, KITTI, and Spring [33|. Importantly, we
do not perform dataset-specific fine-tuning for benchmark submissions.
Evaluation Metrics. We follow standard optical flow evaluation metrics. The
primary metric is End-Point Error (EPE), calculated as the average ¢5 distance
between the predicted and ground-truth flow. For KITTI, we additionally report
F1-all, indicating the percentage of outliers. For the Spring dataset, we include
1-pixel outlier rate (1px), percentage of flow outliers (F1), and weighted area under
the curve (WAUC) [12}33,|41]. To further analyze performance across motion
scales, we report EPE by flow magnitude: sg_10, S10—40, and s494 correspond to
flow magnitudes of 0-10, 10-40, and over 40 pixels, respectively.
Implementation Details. The Transformer backbone consists of L = 24
layers of alternating global and frame-wise attention following VGGT [54]. Local
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Table 2: Optical flow estimation across different motion magnitudes. MegaFlow
significantly reduces EPE on extreme large displacements (s40+ ).

Sintel (Clean) | Sintel (Final) |

Method

S$404+ S10—-40 S0—10 S40+ S10—40 S0—10
SEA-RAFT |58] 8.286 1.343 0.261 26.878 4.259 0.547
MemFlow-T [10] 5.239 0.980 0.211 13.670 2.224 0.371
SAMFlow [70] 5.117 1.029 0.215 13.575 2.429 0.396
UFM |66] 6.836 1.209 0.259 12.963 2.129 0.399
WAFT-DINOv3-a2 [57] 8.870 1.218 0.217 13.192 1.966 0.324
MegaFlow 4.729 0.909 0.314 11.175 1.941 0.480

features are extracted using the first two blocks of a ResNet [15] pretrained on
ImageNet [7], producing 1/4 resolution feature maps. The refinement module
comprises two ConvNeXt blocks [27]/58] and two temporal attention blocks. The
full model contains 936M parameters.

We implement our model with PyTorch [38] and optimize with AdamW [28].
The DINOv2 [37] image encoder, Transformer blocks and parts of the feature
fusion module are initialized with pre-trained VGGT [54] weights, and the
DINOvV2 is kept frozen during training. Training proceeds in 3 stages: (1) 20K
iterations on FlyingChairs; (2) 30K iterations on TartanAirV1; (3) 30K iterations
on FlyingThings, split into 15K iterations of 2-frame pretraining followed by 15K
iterations of multi-frame training; (4) 20K iterations on the mixed dataset. The
batch size is set to 128 for all stages. The refinement module uses 4 iterations
during training and 8 during evaluation. During multi-frame training, we randomly
sample between 2 and 6 frames from a random scene, encouraging the model to
handle variable temporal spans. By default, inference uses T' = 4 input frames.

The full training process runs on 64 NVIDIA GH200 GPUs over four days.
We employ gradient norm clipping with a threshold of 1.0 to ensure stability,
and leverage bfloat16 precision and gradient checkpointing to improve memory
usage and computational efficiency. All attention layers are accelerated using
FlashAttention-3 [44]. Additional details are provided in the supplementary.

4.1 Zero-Shot Generalization

We evaluate the zero-shot performance of MegaFlow on the Sintel and KITTI
training sets after the third stage training. As shown in Tab. [T, MegaFlow
establishes a new state-of-the-art, outperforming both two-frame and multi-frame
architectures. On Sintel, while maintaining a highly competitive Clean EPE of
0.85, MegaFlow significantly advances the Final EPE to an unprecedented 1.83.
Because the Sintel Final pass introduces severe motion blur, atmospheric effects,
and complex occlusions, this substantial margin demonstrates the exceptional
robustness of MegaFlow against extreme appearance changes.

Furthermore, on KITTI benchmark, MegaFlow achieves the best overall Fl-all
error of 10.7 and a highly competitive Fl-epe of 3.00. Notably, MegaFlow overall
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Table 3: Zero-shot and fine-tuned point tracking comparison on TAP-Vid (8|
benchmarks. We evaluate d,.¢ using an input resolution of 384 x 512. Note that the
optical flow models are trained solely on mixed optical flow datasets, while point
trackers are trained on tracking datasets. Despite this, our zero-shot flow model achieves
competitive performance comparable to dedicated trackers. After fine-tuning (‘Flow —
Kubric’), MegaFlow establishes state-of-the-art results.

Method Training DAVIS 71 Kinetics T RGB-Stacking 1 Mean 1
PIPs++ [68] PointOdyssey 62.5 64.2 70.4 65.7
LocoTrack |6] Kubric 68.0 70.0 80.3 72.8
BootsTAPIR [9] Kubric+15M 67.9 70.6 81.0 73.1
CoTracker2 [21] Kubric 70.9 65.8 73.4 70.0
CoTracker3-Kub [20]  Kubric e 70.6 83.4 77.1
CoTracker3 [20] Kubric+15K 77.1 71.8 84.2 77T
AllTracker-Kub [14] Kubric 75.2 71.3 90.1 78.9
AllTracker [14] Kubric+mix 76.3 72.3 90.0 79.5
MegaFlow Flow — Kubric 77.6 70.2 91.1 79.6
RAFT [52] Flow mix 48.5 64.3 82.8 65.2
SEA-RAFT [58| Flow mix 48.7 64.3 85.7 66.2
AccFlow [61] Flow mix 23.5 38.8 63.2 41.8
MemFlow-T [10] Flow mix 61.7 64.9 85.2 70.6
WAFT-DINOv3-a2 [57] Flow mix 53.9 61.0 84.0 66.3
MegaFlow Flow mix 65.6 65.5 89.6 73.6

Table 4: Benchmark comparison of optical flow methods on the Spring test set.

Method Frames EPE | F1 | WAUC 1 1px |
PWC-Net [50] 2 2.288 4.889 45.670 82.265
RAFT [52] 2 1.476 3.198 90.920 6.790
GMA [1§| 2 0.914 3.079 90.722 7.074
FlowFormer [17] 2 0.723 2.384 91.679 6.510
w/o Fine-tune RPKNet [35] 2 0.657 1.756 92.638 4.809
MemFlow [10] 3 0.627 2.114 92.253 5.759
StreamFlow [51] 4 0.606 1.856 93.253 5.215
MegaFlow 2 0.403 1.451 93.502 4.432
MegaFlow 4 0.349 1.261 93.738 4.521
CrocoFlow [59] 2 0.498 1.508 93.660 4.565
SEA-RAFT (M) [58] 2 0.363 1.347 94.534 3.686
w/ Fine-tune MemFlow [10] 3 0.471 1.416 93.855 4.482
StreamFlow [51] 4 0.467 1.424 94.404 4.152
WAFT-DINOv3-a2 [57| 2 0.325 1.246 95.051 3.289

outperforms recent models with similar vision priors like UFM [66], despite
UFM was trained on significantly more diverse dense correspondence datasets.
Overall, the zero-shot evaluation confirms that our approach balances precision
and generalization, effectively handling diverse motion dynamics across both

synthetic and real-world benchmarks.
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Reference Frame SEA-RAFT (M) MemFlow-T WAFT-DAv2-a2 MegaFlow

0.03125 0.0625 0.125 0.25 . 32
Fig. 3: Qualitative comparison of optical flow. Visualization of SEA-RAFT ,
MemFlow , WAFT-DAv2-a2 , and our method on the Spring benchmark. The
colorbar indicates endpoint error. Our approach outperforms prior methods, demon-
strating that our method generalizes well to Full HD resolution while preserving both
local and global motion details.

Input frames 7 SEA-RAFT MemFlow-T AllTracker MegaFlow

Fig. 4: Qualitative comparison of long-range point tracking. Visualization of
SEA-RAFT , MemFlow and AllTracker and our method on the DAVIS
benchmark. The first column shows the input frames (spanning 90 frames). The top row
visualizes long-range dense point tracking, while the bottom row shows the corresponding
optical flow between the first and last frame. Our method produces more accurate and
temporally consistent tracks and flow estimates over very long sequences.

4.2 Large Displacement Optical Flow

To explicitly assess robustness against extreme motion, we evaluate MegaFlow
in a zero-shot setting across different flow magnitude intervals on the Sintel
dataset (Tab. . Following the evaluation protocol from Sec. we compare
our approach against state-of-the-art two-frame methods and the
multi-frame architecture MemFlow-T .

As illustrated by the error curves in Fig. [[[a), the End-Point Error (EPE) of
baseline methods escalates rapidly as motion magnitude increases. The quanti-
tative breakdown in Tab. [2] further confirms this vulnerability: although recent
iterative-based baselines perform competitively on minor displacements (so—1¢),
their accuracy degrades severely in the extreme s404 regime. While multi-frame
models like MemFlow-T attempt to mitigate this by accumulating sequential
memory, they remain inherently bottlenecked by localized search paradigms. In
contrast, MegaFlow effectively flattens this error curve and establishes a signifi-
cant margin of improvement on extreme displacements, driving the s494 error
down to a remarkable 4.729 on Sintel (Clean) and 11.175 on Sintel (Final).
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4.3 Long-Range Point Tracking

To assess representation robustness on long-range correspondences, we evaluate
MegaFlow on TAP-Vid [§] benchmarks (including Kinetics, DAVIS, RGB-Stacking
datasets) without architectural modifications. For zero-shot evaluation, we applying
the procedure in Sec. [3.5to all flow-based baselines. To establish our architecture’s
full tracking potential, we evaluate a variant fine-tuned on Kubric [13] for 20K
iterations after trained on mixed flow dataset. Notably, our sliding window
approach processes up to 600-frame sequences on a single GH200 GPU.

Following standard protocols, we evaluate all models at 384 x 512 resolution
using the dayg metric [141/20L21], which averages d; = 100 - 1[||p — p||2 < k] across
k€ {1,2,4,8,16}. Baselines include state-of-the-art trackers [6}9}/2021}/68] and
flow-based methods [10}/52,/57.|58}/61].

As shown in Tab. 3| and Fig. (b)7 MegaFlow exhibits exceptional cross-task
transferability. In the strictly zero-shot setting, it achieves a 73.6% average
accuracy, significantly outperforming all flow baselines and surpassing dedicated
trackers like PIPs++, LocoTrack, and CoTracker2. On RGB-Stacking, our zero-
shot model exceeds nearly all task-specific architectures. Fine-tuned solely on
Kubric (‘Flow — Kubric’), MegaFlow establishes a new state-of-the-art average
of 79.6%, decisively outperforming CoTracker3 and AllTracker despite their
exposure to more extensive tracking datasets.

Qualitatively (Fig. , MegaFlow consistently yields accurate, coherent dense
tracks. Unlike local search methods (e.g., SEA-RAFT) that produce unstable
trajectories on long-range motions, or MemFlow which suffers from boundary
artifacts around articulated limbs, our global matching architecture remains
robust. Furthermore, while AllTracker achieves reasonable coherence on dense
grids, it lacks pixel-level accuracy. Conversely, MegaFlow maintains sharp local
structures across extended sequences, successfully bridging long-range stability
with high-fidelity flow estimation.

Ultimately, our unified flow formulation generalizes exceptionally well to
long-range tracking. The zero-shot performance proves that foundation vision
priors and global matching transfer effectively without tracking-specific supervi-
sion, while fine-tuning confirms MegaFlow as a highly capable architecture for
generalized dense motion estimation. Additional in-the-wild visual results are
provided in the supplementary material.

4.4 Benchmark Results

Spring. Without fine-tuning, MegaFlow achieves state-of-the-art zero-shot per-
formance on the Spring benchmark, obtaining the lowest EPE and Fl-all scores
in Tab. [l Notably, it surpasses most models specifically fine-tuned on high-
resolution (1080 x 1920) data, demonstrating robust generalization despite being
trained solely on standard-resolution datasets (432 x 960). This scalability stems
from our global initialization, which provides a strong cross-frame prior, and a
hybrid refinement module that effectively integrates spatial and cross-frame cues
across varying resolutions. While WAFT [57] exhibits marginally higher accu-
racy through high-resolution supervision, MegaFlow remains highly competitive
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Table 5: Benchmark results on Sintel (test) and KITTI (test). Methods are
separated into two-frame and multi-frame models. We explicitly report results on large-
displacement motions (s404) for the Sintel benchmark.

Sintel (Clean) | Sintel (Final)| KITTI |

Method

EPE S40+ EPE S404 Fl-all
PWC-Net |50] 3.86 25.29 5.04 31.07 9.60
RAFT [52] 1.61 9.28 2.86 16.37 5.10
GMA |18] 1.39 7.60 2.47 13.50 5.15
SEA-RAFT (L) [58] 1.31 7.90 260 1571  4.30
FlowFormer [17] 1.16 6.44 2.09 11.67 4.68
RPKNet [35] 1.32 7.28 2.66 16.00 4.64
CrocoFlow [59] 1.09 6.30 244 15.21 3.64
DDVM [43] 1.75 12.22 2.48 16.55 3.26
AnyFlow [19] 1.21 7.32 244  14.20 4.41
SAMFlow |70] 1.00 5.25 2.08 11.28 4.49
FlowDiffuser |30] 1.02 5.57 2.03 10.93 4.17

WAFT-DINOv3-a2 57| 0.95 5.52 2.02  12.49 3.56
VideoFlow-BOF |46] 1.01 5.61 1.71  9.42 4.44
VideoFlow-MOF [|46]  0.99 5.48 1.65 8.80 3.65

StreamFlow [51] 1.04  6.00 1.87 10.68  4.24
MemFlow-T [10] 1.08 602 1.83 983  3.88
MegaFlow 0.91 4.84 243 1550  3.71

without any dataset-specific adaptation, underscoring its inherent architectural
scalability.

Qualitative results (Fig. |3) show that MegaFlow produces sharper motion

boundaries and preserves finer details than prior methods, particularly for thin
structures such as tree branches and slender objects.
Sintel and KITTI. As shown in Tab. [5] MegaFlow achieves competitive per-
formance using a single, unified model without dataset-specific fine-tuning. On
Sintel (Clean), we reach a state-of-the-art EPE of 0.91 and exhibit superior
robustness on extreme displacements (sg04) with an EPE of 4.84. While many
specialized methods rely on per-benchmark adaptation, our approach prioritizes
the general-purpose motion representations inherent in foundation models. Con-
sistent with [43]/57], we observe that the ‘Ambush 1’ sequence in Sintel (Final)
remains a significant outlier. As detailed in the supplementary material, excluding
this anomalous sequence reveals that MegaFlow outperforms recent architec-
tures such as WAFT and MemFlow, while achieving results fully comparable
to the VideoFlow framework. This confirms our model’s superior capability in
handling complex, occluded motion. On KITTI, MegaFlow yields a competitive
Fl-all. This performance is primarily influenced by the fixed-patch tokenization
of the Transformer backbone, which is sensitive to KITTI’s specific resolution
and aspect ratio. Unlike baselines employing exhaustive multi-scale inference or
specialized padding, we maintain a zero-shot-style evaluation to verify intrinsic
transferability. In this context, MegaFlow remains on par with other architectures
with pretrained prior [57,59}/70|, effectively balancing high precision with broad
generalization. See supplementary for more qualitative benchmark results.
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Table 6: Ablation of Pre-trained Priors and Architecture. Evaluated zero-shot
using 2 input frames. The inference latency is measured on an RTX 4090 at 540 x 960.

Variant Param( M) Latency (ms) Memory (GB) S-Clean | S-Final | K-epe | K-all |
6 layers 256 140.4 2.43 2.05 2.46 9.71 17.9
w/0 Pre-train 12 layers 483 189.5 3.56 2.13 3.31 11.70  19.8
Conv embedder 632 262.1 4.95 1.05 2.38 4.89 15.4
6 layers 256 140.4 2.43 1.22 2.30 7.14 16.1
12 layers 483 189.5 3.56 1.11 2.23 6.76 14.4
w/ Pre-train Freeze transformer 936 323.9 6.08 1.22 3.17 5.13 14.7
w/o feat fusion 935 321.1 5.81 1.02 2.11 4.71 13.9
Full Model 936 323.9 6.08 0.89 2.08 3.00 10.9

4.5 Ablation Study

To analyze the contributions of the pretrained vision prior, architectural adapta-
tions, and temporal reasoning, we conduct comprehensive ablations evaluated
zero-shot on Sintel and KITTI. All variants are trained under identical zero-shot
settings above to ensure fair comparisons. We also report parameter counts, la-
tency, and peak memory to provide full transparency on computational trade-offs.
The Role of Priors and Scale. Tab. [f] shows that scaling transformer depth L
from 6 to 12 layers from scratch actually degrades zero-shot performance. This
indicates that without proper initialization, increasing model capacity exacerbates
optimization difficulties on large displacements. However, introducing the VGGT
pretrained prior effectively regularizes the training and unlocks the ability to
scale up the architecture, enabling our 24-layer full model to fully leverage
its massive capacity and achieve optimal performance. Meanwhile, the image
encoding strategy impacts motion estimation. While a standard convolutional
embedder provides reasonable local features, it lacks the aligned semantic space
inherent in foundation models.

Feature Fusion and Fine Tuning. Freezing the backbone or removing the
CNN feature fusion causes severe performance drops (e.g., Fl-all 10.9 to 14.7).
While the prior provides a global geometric information, fine tuning and structural
fusion remain essential to recover the local details.

Multi-Frame Consistency and Temporal Attention. As shown in Fig. 5]
evaluating frames in isolated pairs (middle row) yields temporally inconsistent
predictions and localized artifacts around occluders. By leveraging multi-frame
context (bottom row), MegaFlow ensures highly stable flow estimations. Tab.
quantifies this advantage. On the complex Sintel benchmark, expanding the
context window to 4 frames drastically reduces the Final EPE from 2.08 to 1.83.
Crucially, this improvement strictly relies on our temporal attention module.
Without it, the network struggles to effectively aggregate the extended context,
yielding marginal gains.

Conversely, KITTI performance degrades as frame count increases. KITTT
features rapid forward ego-motion where objects quickly exit the field of view. In
these extreme scenarios, extended temporal windows introduce boundary occlu-
sion artifacts rather than useful structural priors. Consequently, our architecture
elegantly supports flexible inputs, defaulting to a 4-frame context for complex
general motion while maintaining an optimal 2-frame setup for rapid ego-motion.



14 Dingxi Zhang, Fangjinhua Wang, Marc Pollefeys, and Haofei Xu

2 Frames
Inference

4 Frames
Inference

f1-2 f2-3 f3a EPE

Fig.5: Impact of multi-frame context on temporal consistency. Top row:
Consecutive input frames. Middle row: Optical flow estimated from isolated frame pairs.
Bottom row: Flow estimated jointly (T" = 4). Processing isolated pairs leads to temporal
inconsistencies and occlusion artifacts, particularly around the moving subject (red
boxes) and background structures (blue boxes). In contrast, our expanded multi-frame
context produces highly stable and accurate motion boundaries.

Table 7: Ablation of Temporal Attention. Evaluated zero-shot across varying
input frame counts (7' € {2,4,6}). Expanding the context window to T' = 4 optimally
resolves complex motion blur on Sintel, while a standard 2-frame setup avoids occlusion
noise on the fast, forward-driving KITTI dataset.

Sintel Clean | Sintel Final | KITTI Fl-epe |
2 4 6 2 4 6 2 4 §

w/o temporal attn  0.88 0.95 0.98 2.09 1.99 2.04 3.12 4.22 456
w/ temporal attn ~ 0.89 0.85 0.94 2.08 1.83 1.92 3.00 3.44 3.86

Method

5 Conclusion

We presented MegaFlow, a unified architecture designed for large displacement
motion estimation. Our approach demonstrates that integrating pretrained foun-
dation vision priors with a synergistic global and local feature formulation
effectively addresses the challenge of large displacements. Extensive evaluations
show that MegaFlow achieves state-of-the-art zero-shot performance in optical
flow. Crucially, this robust representation exhibits remarkable cross-task trans-
ferability. Without any architectural modifications, MegaFlow delivers zero-shot
point tracking that rivals dedicated pipelines, and establishes new state-of-the-art
results after fine-tuning on point tracking.

Limitations and Future Work. While MegaFlow demonstrates strong gen-
eralization, dense multi-frame modeling inherently increases the computational
overhead for longer sequences. Future work will focus on improving sequence-
level efficiency and exploring unified pre-training paradigms to jointly optimize
dense optical flow and long-range tracking. Ultimately, MegaFlow represents a
promising step toward building a robust and generalized foundation for extreme
motion estimation across diverse real-world applications.
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