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Figure 1. Motivation for Long-Range Optical Flow Research. (a) As image resolution increases, the pixel displacement within the same

scene grows proportionally. With the increasing availability of high-resolution data, scenarios with large pixel displacements have become

more common, posing challenges for accurate optical flow estimation. (b) In addition to object motion, dynamic camera movements,

particularly rotational motion, can lead to significant pixel displacements between frames. This issue arises even in consecutive frames

when the motion is highly dynamic relative to the frame rate, making optical flow estimation more challenging.

Abstract

With advancements in sensor and display technologies,
high-resolution imagery is becoming increasingly prevalent
in diverse applications. As a result, optical flow estima-
tion needs to adapt to larger image resolutions, where even
moderate movements lead to substantial pixel displace-
ments, making long-range motion estimation more criti-
cal than ever. However, existing datasets primarily fo-
cus on short-range flow in low-resolution settings, limit-
ing the generalization of models to high-resolution scenar-
ios with large displacements. Additionally, there is a lack
of suitable datasets for evaluating model capacity in long-
range motion estimation, further hindering progress in this
area. To address this, we introduce RelayFlow-4K, high-
resolution 4K optical flow dataset designed to capture di-
verse motion patterns, including long-range intermediate
frame flows. While such datasets provide valuable train-
ing resources, long-range estimation remains challenging
due to increased matching ambiguity. Simply incorpo-
rating these datasets does not inherently improve perfor-
mance. To this end, we propose a novel training frame-

*Denotes equal contribution.

work that integrates matching cost distillation and incre-
mental time-step learning to refine cost volume estimation
and stabilize training. Additionally, we leverage the dis-
tance map, which measures the distance from unmatched
regions to their nearest matched pixels, improving occlusion
handling. Our approach significantly enhances long-range
optical flow estimation in high-resolution settings. Our
datasets and code are available at https://github.
com/Chohoonhee/RelayFlow-4K.

1. Introduction

Optical flow represents a dense motion field that maps

pixel correspondences between consecutive frames. While

recent advancements [7, 15, 72] have significantly im-

proved performance, challenges remain, particularly in

high-resolution and long-range motion scenarios. As sensor

and display technologies advance, high-resolution images

are increasingly common, amplifying pixel displacements

even for moderate movements and making long-range op-

tical flow estimation critical. For example, when captur-

ing a dynamically moving object with a handheld ego cam-

era, substantial pixel shifts occur due to camera and ob-
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Table 1. Overview of optical flow datasets with available images, ground truths for optical flow (OF), stereo disparity (ST), intermediate

flow (inter. flow), and a match map (match.). † : partially exist. More comparisons are provided in the Supple.

Dataset Venue OF ST #images #gt frames #pix inter. flow match. scenes source ph.realism motion

RelayFlow-4K (Ours) - � � 8428 37900 8.3M � � 35 CGI high realistic

CVO [70] ICCV’23 � � 83594 262724 0.3M � � 11942 CGI low random

Spring [46] CVPR’23 � � 5953 23812 2.1M � � 47 CGI high realistic

HS Sintel [24] CVPR’17 � � 4730 4704 1.8M � � 13 CGI high realistic

FlyingThings3D [45] CVPR’16 � � 24084 96336 0.5M � � 2676 CGI low random

HD1K [32] CVPRW’16 � � 1074 1074 2.8M � � 63 real high automotive

FlyingChairs [8] ICCV’15 � � 22872 22872 0.2M � � n/a CGI low random

KITTI 2015 [48] CVPR’15 � � 400 400 0.5M � � n/a real high automotive

MPI Sintel [2] ECCV’12 � � 1593 1593 0.4M � � 35 CGI high realistic

(a) Optical flow component (b) Optical flow component

Figure 2. Comparison of flow statistics between RelayFlow-

4K (blue), CVO [70] (purple), and Spring [46] (orange).

ject movements, necessitating long-range motion estima-

tion. Similarly, in video frame interpolation [5, 9, 13, 16,

27, 30, 59], accurate long-range optical flow [57] is es-

sential to synthesize smooth intermediate frames and pre-

vent ghosting artifacts, especially in high-resolution con-

tent. Specifically, as shown in Fig. 1 (a), increasing im-

age resolution leads to larger pixel distances even when

capturing the same scene. Additionally, Fig. 1 (b) illus-

trates that significant camera motion, particularly rotation,

induces long-range optical flow. In such cases, the absence

of intermediate frames or motion exceeding the frame rate

often requires inferring long-range flow from only the two

available frames during inference. A key challenge in high-

resolution long-range optical flow research is the lack of

suitable datasets for training and evaluation. While other

low-level vision tasks [35, 57] have long incorporated 4K

and higher-resolution data, most existing optical flow stud-

ies, as summarized in Tab. 1, remain confined to resolutions

below 1K. Furthermore, as shown in Fig. 2, conventional

datasets primarily contain flow displacements within 500

pixels, whereas the shift toward higher-resolution imagery

increasingly demands accurate flow estimation beyond this

range [35, 57]. This underscores the need for datasets that

accommodate the growing requirements of high-resolution

long-range optical flow research.

To address this, we introduce RelayFlow-4K, a new

high-resolution optical flow dataset providing a wide range

of pixel displacement and dynamic motion. In addition, it

offers stereo images with disparity data for stereo matching.

RelayFlow-4K dataset also provides a match map and a dis-

tance map, which measures the distance from unmatched

regions to their nearest matched pixels. This feature pro-

motes stable training by effectively handling occlusions.

Even with high-resolution and long-range datasets, long-

range flow estimation remains challenging. Recent high-

performing approaches [26, 61, 64] typically generate a cost

volume and refine it iteratively, which plays a crucial role

in determining the initial flow direction and overall per-

formance. A major challenge is the increased number of

matching candidates compared to local-range flow, causing

greater ambiguity in identifying correct matches. There-

fore, simply incorporating long-range datasets into training

does not inherently lead to performance improvements. Ad-

ditionally, as resolution increases, the cost volume grows,

leading to excessive memory use. To mitigate this, more

feature downsampling is often required, which reduces the

ability to capture fine details. Effective guidance during

training is therefore essential for stable learning and more

accurate flow direction discovery. Therefore, we propose

an effective approach using knowledge distillation [11, 55]

to utilize information from intermediate frames only during

the training process. By merging the cost volumes gener-

ated from the intermediate frames, we generate an aggre-

gated matching cost that is relatively clear and accurate.

Moreover, we adapt the curriculum learning strategy [1, 58]

for entire learning process, named incremental time-step

learning. With this learning strategy, the model is gradually

trained, beginning with frames exhibiting small displace-

ment distributions and progressing to frames with larger dis-

placements, ultimately resulting in robustness across all dis-

tributions. Additionally, our incremental time-step learning

approach complements our proposed cost volume distilla-

tion scheme exceptionally well, enhancing its effectiveness.

Finally, we leverage the distance map generated from the

match map, which measures the distance from unmatched

regions to their nearest matched pixels, enabling more ef-

fective training by improving occlusion handling.

2. Related works
Optical flow. Numerous approaches [8, 17–19, 34, 51, 62,

73, 79, 86] have been introduced to enhance the accuracy of

optical flow estimation using convolution layers. However,

these approaches struggled with coarse resolution errors

and missed small, fast-moving objects. To address these,
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RAFT [64] introduced a novel solution with a 4D correla-

tion volume and iterative updates. Building on RAFT, new

elements such as global motion aggregation [26], multi-

scale network [21, 23], super kernels [63], and on-going

researches [7, 15, 22, 29, 43, 50, 61, 81, 83] have been

introduced, advancing state-of-the-art performance in op-

tical flow estimation. In addition, there are several unsuper-

vised optical flow estimation methods [3, 14, 20, 28, 33, 39–

42, 44, 47, 52, 53, 60, 67, 68, 75, 76, 82, 84, 85] to break

down the fidelity of the ground truth data. Beyond two-

frame estimation, multi-frame methods leverage temporal

context [54, 56, 65]. [6] uses a memory buffer for motion

features, and [56] propagates auxiliary cues across frames.

However, both approaches overlook long-range motion.

Optical flow for large displacements. One approach to

addressing long-range motion involves leveraging an ac-

cumulation strategy derived from high frame rate optical

flow [37]. In line with this approach, SlowFlow [24] devel-

oped a synthetic dataset with an extremely high frame rate,

enabling the estimation of optical flow across frames. The

recent works attempt to solve large displacement connec-

tion by utilizing intermediate frames with per-pixel track-

ing [4, 10, 31], recursively backward accumulation [70],

and a memory bank [6]. However, depending on the situ-

ation, intermediate frames may need to be generated, or in

cases such as timelapse videos or rapidly moving motion

exceeds the frame rate, intermediate frames with smaller

pixel movements may be absent. Our work focuses on such

challenging scenarios to overcome these difficulties.

Knowledge distillation (KD) [11, 55, 66] is widely used

in low-level vision to reduce computational costs while

maintaining performance. KD has notably improved super-

resolution [71, 78] and depth estimations [66, 74]. In

flow estimation, KD helps create compact models and ad-

dresses occlusions and ambiguities by filling in unknown

regions [12, 25, 40, 60]. However, its potential to trans-

fer knowledge from simpler to more complex tasks remains

underexplored, highlighting an area for further research.

Curriculum learning structures training by moving from

simpler to more complex, enhancing model robustness and

efficiency. Bengio et al., [1] showed that curriculum strat-

egy improves generalization by allowing models to build

foundational knowledge first. Recent works [36, 49, 58,

69, 77] extend this framework to deep learning applications

across domains like object detection and language process-

ing, often integrating KD to guide complex tasks through

foundational knowledge from simpler pre-trained models.

3. RelayFlow-4K Dataset

3.1. Dataset creation

We created RelayFlow-4K using the open-source software

Blender. This dataset includes 8,428 frames at 4K reso-

0 skip

1 skip

2 skip

3 skip

4 skip

Figure 3. Optical flow with different skip levels. RelayFlow-

4K provides flows for adjacent frames (0 skips) and cross-frame

flows up to 4 skips, which are uncommon in standard datasets.

lution (3840×2160) from four animations, Charge, Agent

327, Spring, and Sprite Fright. In the case of the Spring

scene, some images partially overlap with the existing

Spring dataset [46]. However, instead of following the con-

ventional data generation method derived directly from the

original animation timeline, we applied temporal stretching

and compression, extracting flows and data from temporally

distant timestamps. Moreover, there is a significant differ-

ence in data resolution between our dataset and theirs (1K

Spring vs. 4K ours.) To increase data diversity, we con-

verted a single camera to stereo with 15 cm, 30 cm, or 45 cm

baselines, providing ground truth for depth and optical flow

over time, suitable for scene flow training and evaluation.

Consequently, we obtained data with large displacements in

a manner distinct from the existing dataset.

3.2. Dataset components
The demand for intermediate frames, which refer to the

frames between the start (t) and end (t + n) frames in a

sequence, has consistently been needed for reasons such as

optical tracking [4, 31] and accumulated approaches [70].

Wu et. al. [70] provides CVO dataset which provides opti-

cal flow annotations across frames; however, due to its small

image resolution, it lacks sufficient displacement magni-

tude between frames when compared to conventional opti-

cal flow datasets. In contrast, RelayFlow-4K offers diverse

motion, including large displacements, at 4K resolution,

and provides both intermediate frames and corresponding

flow annotations. More specifically, we provide optical flow

annotations between frames separated by larger intervals,

referred to as cross-frame flows. RelayFlow-4K’s optical

flow annotations include diverse flows between frames up to

five frames apart from a reference image, with skips rang-

ing from 1 to 4 frames (see Fig. 3.) This setup offers a

diverse set of flow annotations between the reference image

and multiple frames at varying intervals. All flow annota-

tions consist of both forward and backward directions.

In addition, RelayFlow-4K provide various masks to
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(a) Present image (b) Next image (c) Flow

(d) Depth map (e) Match map (f) Distance map

Figure 4. Sample data of RelayFlow-4K. All sample annotations

and maps here is aligned with the present image.

support flow research. A match map, derived by checking

whether forward warping followed by backward warping

returns a pixel to its original position, highlights regions

consistent across flows. This enables occlusion analysis

and facilitates flow model tuning based on reliably matched,

non-occluded areas. It can serve a similar role to the occlu-

sion mask in typical optical flow datasets; however, it pro-

vides more advanced information by detecting finer changes

in image pixels. We also include a distance map, which cal-

culates the Euclidean distance (unit: pixel) from occluded

regions to non-occluded areas, offering further insights into

occlusion dynamics. Figure 4 is a sample for our dataset

and more details are described in the supplementary details.

Overall, RelayFlow-4K provides left and right 4K resolu-

tion images captured from a stereo camera setup, along with

corresponding depth maps. Therefore, similar to the exist-

ing Spring dataset [46], it can be used for scene flow evalua-

tion. Moreover, since we provide both intermediate frames

and flow annotations, it can be utilized as data for high-

resolution and long-range optical tracking [4, 31].

3.3. Dataset statistic
We illustrate the distribution of RelayFlow-4K with a his-

togram of flow magnitudes in Fig. 2, comparing it with re-

cent datasets, CVO [70] and Spring [46]. For a fair compar-

ison, we use only the forward flow from the left camera (if

stereo is available) in each dataset. Our dataset consistently

captures a wider range of larger movements, including suf-

ficient data for negative displacements in the u component.

4. Methods

Problem setup. Given two images, the per-pixel displace-

ment from one image Ii to another Ij is referred to as the

optical flow Vi→j = (V1,V2). This flow links the point

(u, v) of Ii to the point (u + V1(u), v + V2(v)) of Ij . The

long-range optical flow problem we aim to solve involves

cases where the values of V1(u) and V1(v) range from

small to large values (e.g., 1000 pixels). Unlike previous

approaches [38, 70] that rely on intermediate frames, we

address long-range scenarios where only the two images,

source and reference, are available.

High LowCorrelation
Time

Cost volume aggregation
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destination

Target frame
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destination

Source frame

IntermediateSource Target

Direct matching cost 

Aggregated matching cost 

(a) Direct method

(b) Aggregated method
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Figure 5. Motivation of matching cost distillation. (a): The di-

rect computation of matching cost between the two frames. (b):

The accurate long-range matching cost calculation using interme-

diate frames with relative short displacements only during training.

4.1. Matching cost distillation
As shown in Fig. 5 (a), when similar pixels exist in the target

frame relative to the source frame with large displacements,

direct methods often struggle to establish a clear matching

cost. In contrast, as shown in Fig. 5 (b), the cost volume

from intermediate frames contains locally matching pixels,

making accurate cost volume estimation easier. Previous

methods [6, 70] have addressed long-range flow by accumu-

lating intermediate flows, but they are limited by inference

time, memory usage, and practicality, as they require inter-

mediate frames during inference. To overcome these issues,

we utilize intermediate frames only during training, relying

solely on the first and last frames at inference. More specif-

ically, we propose cost volume distillation, which leverages

intermediate frames to improve matching accuracy. The

cost volume derived from adjacent frames is more precise

than that between frames with large displacements, as lo-

cal matching is more reliable. To distill this knowledge into

the long-range cost volume, we first generate an aggregated

cost volume, which serves as a foundation for transferring

knowledge to the long-range cost volume, improving accu-

racy in estimating large displacements.

Given a set of N images, I = {I1, I2, . . . , IN},

we first generate the intermediate cost volume set C =
{C1,2, C2,3, . . . , CN−1,N}. The cost volume [26, 64] is

computed as the correlation between features generated by

the feature encoder fθ, as follows:

Cijkh
m,n = 〈fθ(Im)ij , fθ(In)

kh〉 ∈ R
(H×W )×(H×W ), (1)

where H,W is the spatial dimension. This represents the

correlation between the features generated by the feature
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Figure 6. Cost volume aggregation using the match map. (a)

shows how valid cost volumes are created with a match map

(mask). (b) is the process of aggregation.

encoder fθ for two images Im and In. The cost volume

represents the spatial correlation between two features, so

ideally, we can generate the aggregated cost volume, Ĉ1,N ,

between the two end frames as follows:

Ĉ1,N =

N−1∏
t=1

Ct,t+1 ∈ R
(H×W )×(H×W ). (2)

This aggregated cost volume represents a clearer matching

correlation, but it has issues such as occlusion. While there

may be no occlusion between frames 1 and N , if an occlu-

sion exists between frames 1, 2, . . . , and N , the correlation

for those pixels could be relatively inaccurate.

To handle this, we propose a technique that uses a match

map to mask during the aggregation of the cost volume. As

shown in Fig. 6, we use a match map to apply a mask to the

features, assigning a lower correlation score to unmatched

regions when calculating the aggregated cost volume. This

masked cost volume can be calculated as follows:

C̃ijkh
t,t+1 = 〈M ij

t,t+1 · fθ(It)ij , fθ(It+1)
kh〉, (3)

where t ∈ {1, · · · , N − 1}. The aggregated cost volume

considering the matching region is as follows:

Ĉ1,N =

N−1∏
t=1

C̃t,t+1. (4)

Then, we apply the Kullback–Leibler divergence so that

the directly computed cost volume learns the distribution

Algorithm 1 Incremental time-step learning at Stage K

Batch input: Optical Flow Network F ,

Consecutive image set S = {It}Nt=1,

Match map set M = {Mt,t+1 | t ∈ [1, N − 1]},

Distance map/optical flow between the ends D1,N/Vgt
1,N .

1: Let stage K, then 2 ≤ N ≤ K + 1
2: Copy F̂ ← F for distillation

3: for each epoch do
4: for each batch do
5: Obtain C1,N ,V1,N using F , I1, IN
6: Obtain Ĉ1,N using F̂ ,S,M with Eq. (4)

7: Calculate LKD using C1,N , Ĉ1,N with Eq. (5)

8: Calculate Ldis using D1,N , V1,N with Eq. (6)

9: Update F to minimize Ltotal with Eq. (8)

10: end for
11: if convergence then
12: Proceed to the next stage, K + 1
13: end if
14: end for

of the aggregated cost volume. To prevent comparisons in

masked regions, we exclude those areas from the computa-

tion. Additionally, for KD computation, we apply softmax

to each cost volume before performing the calculations, and

the equation is as follows:

LKD = KL
(

Softmax(Ĉ1,N )||Softmax(C1,N )
)

where Ĉijkh
1,N �= 0

(5)

4.2. Incremental time-step learning
Long-range optical flow is challenging not only because of

non-local matching but also because the supervision loss

has a large scale, which can make learning the motion of

all distributions unstable. Therefore, we propose a strat-

egy where the motion of all distributions is learned sequen-

tially rather than learning them all at once. As mentioned in

Sec. 3.2, RelayFlow-4K provides frames with various skips

and corresponding optical flows. Therefore, the larger the

skip in the frames, the more it corresponds to long-range

optical flow, which means more challenging sets.

Therefore, we train on smaller skip scenarios and grad-

ually progress to flow estimation learning in larger skip sit-

uations. We define training with 0-skip data up to K-skip

data as Stage K. In Stage 0, training proceeds as in stan-

dard flow estimation, only using 0 skip frames with adja-

cent flow GT. In subsequent stages, as larger skip cases are

introduced into the training data, intermediate frames nat-

urally emerge from Stage 1 onward. Beyond simply ini-

tiating each stage’s training from the output of the previ-

ous stage, we also employ the matching cost distillation de-

scribed in Sec. 4.1. This approach provides additional priors

for learning large displacements at each stage. To prevent
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Table 2. Quantitative results on the RelayFlow-4K test set, showing total EPE, EPE by flow magnitude, and 1px/5px outlier rates. ∗-Relay
indicates our method. Best values are in bold, second-best are underlined. Lower is better.

Method
All Match Unmatch

EPE s0-40 s40-160 s160+ 1px 5px EPE s0-40 s40-160 s160+ 1px 5px EPE s0-40 s40-160 s160+ 1px 5px

SKFlow [63] 29.48 4.84 77.14 585.89 53.14 35.10 19.56 4.73 75.76 491.75 51.95 33.40 250.01 9.25 85.75 743.45 79.57 72.81

CRAFT [61] 22.58 1.82 29.25 542.50 41.12 13.80 12.77 1.53 25.29 434.02 38.94 11.12 240.64 13.57 53.88 724.07 89.44 73.45

RAFT [64] 18.54 1.37 12.16 466.83 25.90 8.15 9.31 0.99 8.16 342.76 23.24 5.65 223.82 16.45 37.08 674.50 84.91 63.60

RAFT-Relay 9.81 1.39 6.17 230.32 12.96 5.07 3.29 0.69 2.99 107.50 10.20 2.97 154.83 29.72 25.97 435.89 74.27 51.89

GMA [26] 22.08 1.18 21.25 557.18 21.70 8.32 12.00 0.82 17.81 444.62 18.89 5.80 246.43 15.70 42.64 745.60 84.20 64.56

GMA-Relay 7.96 1.45 8.28 173.57 16.27 5.07 2.23 0.74 1.99 55.62 13.74 3.04 135.18 29.63 28.77 371.01 72.50 50.08
GMFlowNet [80] 25.24 3.10 45.34 559.94 50.08 25.91 15.32 2.91 41.30 454.90 48.57 23.73 245.95 10.59 70.47 736.79 83.71 74.46

GMFlowNet-Relay 13.24 1.23 9.94 324.93 19.37 7.83 5.51 7.36 6.48 193.66 16.82 5.55 184.96 20.96 31.48 544.66 76.23 58.56

GMFlow [72] 15.44 1.99 15.43 358.95 39.93 10.69 7.53 1.46 11.49 240.93 37.83 8.25 191.29 23.22 39.99 556.51 86.70 64.94

GMFlow-Relay 8.92 2.28 14.30 170.26 55.27 10.10 3.96 1.80 10.20 77.10 53.84 7.84 119.17 21.73 39.80 326.19 87.11 60.39

instability, the model used to generate the aggregated cost

volume for LKD is a copy of the model trained in the previ-

ous stage. When each stage starts, the initial learning rate is

halved, and this approach is repeated up to Stage 4. Algo-

rithm 1 shows the detailed incremental time-step learning at

stage K. Ldis will be discussed in the following section.

4.3. Matched-region distance loss
In supervised optical flow estimation, gradients are ap-

plied uniformly across matched and unmatched regions.

Unmatched areas, often caused by motion, become more

prevalent in dynamic scenes and significantly impact long-

range flow loss. Simply excluding them from loss calcula-

tion improves performance in matched regions but degrades

accuracy in unmatched areas, necessitating a more adaptive

optimization approach. Motivated by the observation that

optical flow networks infer the flow of unmatched regions

using nearby matched regions [2], we propose a novel loss

function, matched-region distance loss (Ldis). Specifi-

cally, the reliability of a flow prediction at an unmatched

point (u, v) is determined by its Euclidean distance to the

nearest matched region. By weighting the loss based on

this distance, our approach enables effective learning from

both matched and unmatched areas, improving flow estima-

tion in large-displacement scenarios. The matched-region

distance loss is formulated as follows:

Ldis(u, v) =
∥∥Vgt − V∥∥1

(u,v)

(
1− β

D(u, v)

ζD

)
(6)

D(u, v) = max(‖(u, v)− (x, y)‖2 , ζD) (7)

where (x, y) is a position of the nearest non-occluded re-
gion, Vgt is the ground truth flow, β is a hyper-parameter,
and ζD is a threshold for the maximum value. A weight
of 1 is applied to pixels in matched regions, equivalent to
the original supervised loss. If the pixel is located in an
unmatched area, instead of assigning a loss of 0, a reduced
loss based on distance is applied. If the distance exceeds
this threshold, only 1 − β of the loss is assigned. Since
optical flow networks [26, 61, 64] typically apply loss itera-
tively, we also define a distance loss, Ldis,i, at each iteration

i. Finally, combined with the KD loss, the total loss in our
training strategy is calculated as follows:

Ltotal = Ldis + α · LKD =

M∑

i=1

γM−iLdis,i + α · LKD. (8)

5. Experiments
5.1. Experimental settings
We train and evaluate all methods on RelayFlow-4K. We

construct the test set by separating 8 scenes from the entire

dataset. For evaluation, the test data includes flow between

adjacent frames (0-skip) as well as flow between frames that

are further apart (from 1-skip to 4-skip), providing a com-

prehensive assessment. During inference, the resolution of

both the images and flow ground truth is 4K (3840×2160).

We compared several leading methods, including

RAFT [64], GMA [26], GMFlow [72], SKFlow [63], GM-

FlowNet [80] and CRAFT [61]. We evaluated the perfor-

mance of our method by applying it to multiple models,

adopting RAFT, GMA, GMFlowNet, and GMFlow.

5.2. Experimental results
Table 2 presents the performance evaluation on RelayFlow-

4K, not only for all regions but also for matched and un-

matched regions. We assessed performance using the com-

monly used optical flow metric, End-Point Error (EPE), cat-

egorized by flow magnitude as follows: magnitudes up to

40px (s0-40), regions of medium-size displacements with

magnitudes of 40-160px (s40-160) and regions of even

larger displacements exceeding 160px (s160+). Addition-

ally, we evaluated 1-pixel and 5-pixel outliers.

Although other methods represent recent leading ap-

proaches, they face challenges on RelayFlow-4K due to

the dataset’s diverse range of flow displacements, encom-

passing both small and large motions. In contrast, our

method, Relay, significantly improves performance across

all regions for every baselines, reducing errors by over

40% in long-range scenarios, s160+. The observed perfor-

mance improvements primarily come from improvements

in matching regions. For instance, with RAFT, the EPE de-

creases by 6.02 and the 1px error rate by 13.04%.
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Figure 7. Qualitative comparison on the test set of RelayFlow-4K. ‘Stat.’ represents the distribution of optical flow in each sample.

Table 3. Generalization performance finetuning evaluation using

our dataset and our method. “OOM” refers to the out-of-memory

issue on an NVIDIA A6000 (48 GB). Ours(Relay) uses the pro-

posed module only when R is input, not C or T.

Train Scale Method Sintel (train) KITTI-15 (train) RelayFlow (test)
Data Clean Final F1-epe F1-all All Match Unmatch

C+T 1/8 RAFT 1.43 2.71 5.04 17.4 OOM OOM OOM

C+T+R 1/8
RAFT 1.41 2.72 4.93 17.18 OOM OOM OOM

RAFT-Relay 1.26 2.65 4.77 17.11 OOM OOM OOM

C+T 1/8 GMA 1.30 2.74 4.69 17.1 OOM OOM OOM

C+T+R 1/8
GMA 1.26 2.54 4.53 15.94 OOM OOM OOM

GMA-Relay 1.23 2.45 4.06 15.19 OOM OOM OOM

C+T 1/16 RAFT 1.86 3.16 7.52 26.52 16.99 8.32 210.00

C+T+R 1/16
RAFT 1.81 3.13 7.06 25.96 19.39 10.54 216.32

RAFT-Relay 1.67 2.86 5.60 21.77 15.64 7.39 199.04

C+T 1/16 GMA 1.86 3.12 8.13 27.75 17.20 8.44 212.01

C+T+R 1/16
GMA 1.90 3.14 7.75 27.55 17.31 8.41 215.34

GMA-Relay 1.74 3.00 6.30 24.21 14.75 6.59 196.11

As shown in Fig 7, we present two examples with differ-

ent motion ranges, which are not observed in other datasets,

demonstrating that our method consistently predicts accu-

rate flow regardless of object movement. Our approach pre-

cisely captures the main object’s long-range motion, out-

performing existing methods. While improving accuracy

for one range often compromises the other, our method

achieves high accuracy for both long- and short-range mo-

tion in high-resolution images, as shown with the red box

(large displacement) and blue box (short-range) examples.

5.3. Generalization performance
To show the generalization performance about our proposed

method and our dataset, we do test using the conventional

optical datasets and ours together. Table 3 shows the perfor-

mance on Sintel [2], KITTI [48], and RelayFlow-4K using

the baseline methods (RAFT [64] and GMA [26] trained

on FlyingChairs [8] and FlyingThings3D [45] with down-

sampling scales of 1/8 and 1/16. While a 1/8 scale allows

training on RelayFlow-4K with cropping, inference requires

full-size inputs, leading to memory constraints. We finetune

the pre-trained models on our train set using the baseline

methods, both with and without our proposed strategy. The

results indicate that incorporating our dataset while train-

ing alone improves performance. Moreover, applying our

proposed method further enhances overall performance.

6. Comparison with other approaches

6.1. Experiment settings
For long-range optical flow estimation, several studies

leverage intermediate frames through accumulation [24, 70]

during the training and inference process. To compare our

method with accumulation-based approaches, we conduct

experiments on the HS-Sintel [24] and CVO [70] datasets,

which provide intermediate frames. We follow the stan-

dard protocol [70], incorporating our proposed techniques:

matching cost distillation and incremental time-step learn-

ing. Note that our method does not require intermediate

frames while the inference.

6.2. Experiments results
Table 4 presents a performance comparison with other

methods. The 1st column shows results on HS-Sintel,

where our method achieves the highest accuracy in non-

occluded regions and the second-best overall performance.
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Table 4. Experiments on additional benchmark datasets. We eval-

uate our approach on the HS-Sintel [24] and CVO [70] datasets.

Note that Acc [70] and Lim [38] use intermediate frames during

inference to accumulate flow, denoted separately as (MF).

Method
HS-Sintel CVO (Clean) CVO (Final)

ALL NOC OCC ALL NOC OCC ALL NOC OCC

RAFT [64] 2.567 1.426 7.717 4.445 1.948 11.73 4.537 2.003 11.70

+ Ours 1.574 0.652 6.907 4.310 1.598 11.24 4.301 1.560 11.43

+Lim(MF ) 3.657 1.611 12.36 23.34 6.543 32.90 13.02 7.033 33.82

+Acc(MF ) 1.383 0.930 4.546 2.634 1.155 7.302 2.707 1.249 7.295
GMA [26] 2.520 1.469 7.600 4.638 2.342 11.33 4.633 2.114 11.36

+ Ours 1.615 0.819 6.223 4.189 1.566 10.85 4.512 1.762 11.22

+ Lim(MF ) 3.306 1.381 11.70 11.39 5.833 31.28 11.68 6.130 31.35

+Acc(MF ) 1.434 0.950 4.770 2.732 1.181 7.438 2.808 1.261 7.495

Table 5. Comparison of computational cost. We compare ours and

AccFlow [70]. Unit of time and memory are ms and GB.

Image Size 1280× 720 2560× 1440 3840× 2160
Cost Time Mem. Time Mem. Time Mem.

RAFT [64]
50.10 1.97 137.71 4.90 310.26 15.47

+ Ours
+Acc(MF ) 355.02 2.81 1567.30 9.41 OOM OOM

The 2nd and 3rd columns display results on the CVO

dataset, where our approach ranks second overall. Notably,

the CVO dataset involves random object movements, and

our method achieves higher flow estimation accuracy by

utilizing only the reference and target frames without in-

termediate frames during inference. Comparing the base

models (e.g., GMA and RAFT) with Relay (Ours) reveals

that our method significantly improves performance in non-

occluded regions. This consistent trend across all datasets

highlights the generalization ability of our method.

6.3. Computational costs
We compare our method with optical flow methods tar-

geting long-range displacement in runtime and memory

usage during inference, using RAFT [64] as the base-

line. AccFlow [70] uses 7 frames (5 intermediate), while

our method and the baseline use only 2 frames. Table 5

shows runtime and memory usage across image sizes on an

NVIDIA A6000. Our method matches the baseline, while

AccFlow’s intermediate frames and additional modules sig-

nificantly increase computational cost, causing OOM issues

for 4K images. Details are in the Supplementary.

7. Ablation studies and discussions
Analysis of our proposed strategy. To study the effective-

ness of the proposed module, we incrementally added each

module to the base model for evaluation in Tab. 6. Each

module operates independently and contributes to perfor-

mance improvement on its own. When combined, they fur-

ther enhance performance beyond individual use. Notably,

incremental time-step learning and LKD yield the best syn-

ergy, and using all proposed methods together ultimately

achieves the highest performance.

Table 6. Ablation study of the proposed methods with RAFT [64].

‘Incre.’ denotes the incremental time-step learning.

Method All Match Unmatch

Ldis Incre. LKD EPE 1px EPE 1px EPE 1px

18.54 25.90 9.31 23.24 223.82 84.91

� 15.36 17.71 6.89 14.79 203.73 82.58

� 13.16 15.50 5.11 12.56 192.07 80.91

� 12.70 16.79 4.96 13.83 184.85 82.53

� � 12.52 14.85 5.04 12.07 178.95 76.48

� � 11.69 15.52 4.08 12.64 181.01 79.58

� � 11.16 15.07 3.97 12.17 171.06 79.73

� � � 9.81 12.96 3.29 10.20 154.83 74.27

Table 7. Per-stage results of Incremental Time-Step Learning

Stage
All

EPE s0-40 s40-160 s160+

0 14.04 1.50 12.98 335.67

1 12.82 1.48 8.71 308.59

2 12.40 1.33 7.48 302.68

3 11.08 1.31 7.14 266.95

4 9.81 1.39 6.17 230.32

Table 8. Effect of masking while cost volume aggregation

Method
All Match Unmatch

EPE 1px EPE 1px EPE 1px

w/o mask 12.10 13.71 4.92 10.91 171.82 75.87

w/ mask (Ours) 9.81 12.96 3.29 10.20 154.83 74.27

Stepwise performance improvement. We hypothesized

that as the model progresses from smaller to larger time-

step stages, its performance would gradually improve, with

gains reflected across all flow distributions. To validate

this, we present the performance at the end of each stage

in Tab. 7. Stepwise improvements are observed across

nearly all metrics, with particularly notable and consistent

gains in long-range cases, such as s160+.

Valid mask of the cost volume. As mentioned in Fig. 6

and Eq. (3), we propose a masking approach to perform

weighted cost aggregation that accounts for unmatched re-

gions. In Tab. 8, we conducted an ablation study of cost

volume masking. We observed that applying masking led

to performance improvements across all evaluation metrics.

By suppressing the influence of inaccurate pixels during

cost volume aggregation, our approach preserves precise

positional relationships between distant pixels, resulting in

more accurate flow estimation.

8. Conclusion
We address the core challenges in optical flow estima-

tion with large displacements and dynamic motions by in-

troducing a novel training strategy that uses intermediate

frames. To support long-range flow tasks, we present the

RelayFlow-4K dataset, offering high-resolution flow data

with diverse displacements. This work enhances optical

flow accuracy in complex scenarios and provides a foun-

dation for future work in areas such as video frame interpo-

lation, object tracking, and action recognition.
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