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Abstract

Recent optical flow estimation methods often employ local
cost sampling from a dense all-pairs correlation volume.
This results in quadratic computational and memory com-
plexity in the number of pixels. Although an alternative
memory-efficient implementation with on-demand cost com-
putation exists, this is significantly slower in practice and
therefore many prior methods process images at downsam-
pled resolutions, missing fine-grained details.

To address this, we propose an algorithm for both mem-
ory and compute-efficient implementation of the all-pairs
correlation volume sampling, still matching the exact math-
ematical operator as defined by RAFT. Our approach out-
performs on-demand sampling by up to 92% while main-
taining equally low memory usage, and performs at least
on par with the default implementation with up to 99%
lower memory usage. As cost sampling makes up a sig-
nificant portion of the overall runtime, this can translate
to up to 63% savings for the total end-to-end model infer-
ence on high-resolution inputs. Our evaluation of existing
methods includes an 8K ultra-high-resolution dataset and
an inference-time extension of the SEA-RAFT method. With
this, we achieve state-of-the-art results at high resolutions
both in accuracy and runtime.

1. Introduction

Optical flow estimation is a classical low-level computer
vision problem that involves estimating dense correspon-
dences between video frames. It has found applications
in many downstream video tasks, including action recogni-
tion [26], video compression [1], video inpainting [15, 35],
and frame interpolation [21]. Many of these tasks are used
to process ultra-high-resolution (UHR) content, such as in
movie post-production, requiring high-quality flows at their
original resolution.

The vast majority of optical flow estimation methods use
cost matching between two input images [25, 34], with re-
cent methods adopting dense all-pairs correlation volume
sampling based on RAFT [28]. For correlation volume sam-
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Figure 1. Comparison of the top-performing optical methods on an
8K ultra-high-resolution dataset. We plot the lowest 1px error and
the respective runtime for each method across all inference reso-
lutions. Additionally, we show the runtime improvement achieved
by using our correlation sampling algorithm in RAFT-based meth-
ods with green arrows.

pling, RAFT either pre-computes the full 4D volume or uses
a memory-efficient on-demand cost sampling with a custom
CUDA implementation. Both options have been adopted
by many subsequent works [10—12, 20]. However, exist-
ing implementations encounter issues with high-resolution
inputs. The full volume computation complexity grows
quadratically with respect to the number of pixels, mak-
ing it prohibitive to store at high resolutions. In contrast,
the on-demand sampling achieves memory reduction at the
expense of inefficient computations thus resulting in worse
runtime performance. Due to this trade-off, several recent
methods have been proposed to avoid sampling from the
full volume [32, 39], or removing it [14, 30], but typically
do so at the expense of estimation accuracy.

In this work, we propose a novel all-pairs correlation vol-
ume sampling algorithm, based on computation and sam-
pling of a partial block sparse cost volume. By combin-
ing the strengths of both previous approaches, it eliminates
the need for approximations or trade-off between speed and
memory, and can be cheaply used even at very high in-
put resolutions. The algorithm design is motivated by our



analysis of the typical sampling patterns of the full corre-
lation volume in practical applications, where we observe
that only a small, regular part of the volume is sampled.
This enables us to only compute the necessary subsections
of the volume efficiently.

In isolation, the operation performs at least on par with
the default implementation, while having up to 99% lower
memory usage, and it outperforms on-demand sampling by
up to 92% while at equally low memory usage. When used
in RAFT as a drop-in replacement, it reduces the total end-
to-end runtime by up to 67% compared to existing methods
that are feasible to run with modern hardware. When ap-
plied to SEA-RAFT [31], which is already designed for ef-
ficiency, it provides approximately 33% runtime reduction.

Additionally, we generate a realistic 8K optical flow
dataset based on the BLENDER movie CHARGE and use
it to evaluate existing optical flow methods at ultra-high-
resolutions. Observing that estimating optical flow at high
resolutions improves fine-grained details at the expense of
not capturing large displacements, we propose a test-time
extension of the SEA-RAFT method to perform cascaded
inference. Without any additional training of the model, it
allows reducing the endpoint error for large motion. Com-
bined with our efficient correlation sampler, we achieve
state-of-the-art results at the Pareto front of accuracy and
runtime for 8K flow estimation (Figure 1).

2. Related Work

Optical Flow Estimation. Traditional optical flow meth-
ods have used variants of local and global cost volumes.
Here we only cover the methods most closely related to our
work and refer to the survey by Zhai et al. [37] for a more
complete overview.

FlowNetC [5] and PWC-Net [25] reintroduce the clas-
sical concept of cost volume computation for deep learn-
ing applications, but process a flattened local cost between
source and warped target images. Similarly, several other
methods employ cost volume processing but limit process-
ing to the local neighborhood [9, 36].

RAFT [28] revisits the construction of an all-pairs cor-
relation volume and combines it with recurrent iterative re-
finements that sample matching costs. It proposes two im-
plementations of 4D correlation volume sampling that re-
main commonly used to date. This approach has subse-
quently been adopted by many methods, improving estima-
tion of occluded regions [12], encoding matching costs [8,
22], diffusion-based flow updates[18], and other improve-
ments [16, 17, 23, 24, 27, 38]. SEA-RAFT [31] revisits the
original RAFT and introduces simple extensions to improve
the efficiency and quality.

Other methods [10, 11] distribute the flow updates over
multiple levels up to 1/2 resolution. Due to sampling match-
ing costs at high resolutions, the slower on-demand sam-

pling has to be used.

Little work has been done on optical flow estimation of
high input resolutions. Xu et al. [32] decompose optical
flow estimation into two 1-dimensional operations, enabling
processing up to 4K images and provide qualitative results
of 4K flow estimation. Similarly, DIP [40] targets efficient
inference at high resolution. The Spring benchmark [19]
increases the realism and resolution of optical flow eval-
uation but is limited to HD resolution (1920 x 1080px).
GMFlow [33] considers global motion but consequently be-
comes prohibitively expensive at high resolutions. Morim-
itsu et al. [20] target high resolution inference via an adap-
tive flow architecture and concurrently introduce quantita-
tive evaluations on a synthetic dataset up to 8K resolution.

Several works [6, 13, 32, 39] focus on reducing compu-
tational costs and memory usage by proposing architecture
changes that avoid sampling the dense correlation volume
but do so at the expense of estimation accuracy. More re-
cently, ReCoVEr [14] and WAFT [30] remove cost volumes
to avoid their time and memory complexity, and compen-
sate it with use of larger feature extraction backbones.

Unlike prior work, we propose an algorithm to improve
the efficiency of all-pairs correlation sampling, which is di-
rectly compatible with RAFT and its variants with no com-
promise in quality, and show that cost volumes can be used
without their commonly assumed computational and space
costs.

Operator Efficiency Improvements. Several prior
works have focused on improving the computational
efficiency of commonly used deep learning opera-
tors. FlashAttention [3, 4] proposes a memory-efficient
implementation of attention as introduced in the Trans-
former [29]. Neighborhood Attention Transformer [7]
provides an efficient implementation for local attention
computation and proposes a method utilizing the efficient
operator. In contrast, we not only propose a more effi-
cient implementation of the all-pairs correlation volume
sampling, matching the exact mathematical operator as
defined by RAFT, but also introduce high-level algorithm
improvements to the correlation sampling process.

3. Correlation Volume Sampling Analysis

In this section, we introduce the correlation sampling prob-
lem in more detail, present the default implementation, and
provide an analysis of access patterns of the full 4D cor-
relation volume, which form the foundation of our algo-
rithm. The terms cost and correlation volume are used in-
terchangeably.

3.1. Problem and Baseline Implementation

Given D-dimensional features F'1'2 € RTXWXD extracted

from two images, the visual similarity, or correlation, be-
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Figure 2. Overview of the correlation volume sampling. Given a map of correlation between the features of a single source pixel and the
features of every pixel in another image, bilinear sampling is used to extract local matching costs around a point of interest. When repeated
for every source pixel, the costs are stored in a dense all-pairs correlation volume, where each row and column correspond to a source and

target pixel, respectively. This is repeated on multiple levels of scale.

tween two pixels is defined as the dot product of their fea-
ture vectors.

A lookup is performed by bilinearly sampling at a local
grid around an interest pixel x, with sampling positions de-
fined as integer offsets within radius . More formally, the
sampled correlation at source pixel y is defined as

Cr(y,x) = {(Fy, FY ax)ldx € Z A [[dx][o <7}

See Fig. 2 for a visualization.

The default implementation of correlation sampling first
precomputes a dense 4-dimensional correlation volume
C e RHVWixHzx W "where H and W are the height and
width of both image features. This is achieved by flatten-
ing both images along spatial dimensions, as illustrated on
the right side of Fig. 2, and computing the full correlation
volume using a single matrix-matrix multiplication

C=F F2

where F1 € R XWixD F2  RIH2xWa]xD,

2

The output is then reshaped back to 4 dimensions, and bilin-
ear sampling is directly performed on the precomputed C.

In practice, RAFT constructs a 4-level pyramid by av-
erage pooling the last two dimensions of C and performs
a lookup on the pooled volumes to increase the perceptual
window.

Alternatively, a memory-efficient on-demand implemen-
tation computes the values of Eq. | directly for each source
frame pixel. This approach reduces computational and
memory complexity and does not require storing any in-
termediate values. However, in practice, it underperforms
compared to the baseline due to operations that are not
hardware-friendly and the lack of result reuse between it-
erations. We refer to RAFT [28] for more details on the
sampling procedure.

3.2. Correlation Volume Access Patterns

The lookup grid for each update is defined over a local
neighborhood around the current flow estimate. It ensures

that the number of sampled cells per row is limited to the
local grid size, i.e., (2r 4+ 1)? elements. During iterative up-
dates, the local neighborhood is shifted but remains close to
the previous iteration with a significant overlap of the sam-
pled region. Thus, across all flow update iterations, the total
number of sampled columns per single source pixel remains
low and does not increase with input size.

To empirically verify this, we run the default RAFT im-
plementation on the Sintel [2] optical flow training dataset,
while tracking which correlation volume cells are sam-
pled. In Fig. 3[a], we visualize the sampled cells for a
single image over all update iterations, represented as a
[H1 x W1] x [Hy x W] volume, where each row shows
all matches of a single source pixel. On average, over the
whole dataset, only 1.6% of the cells are being sampled.
This suggests that we can build a more efficient algorithm
that only computes the necessary elements.

However, keeping track of which values are required and
computing them efficiently is challenging. A straightfor-
ward way is to track them in a binary mask, but that would
consume as much memory as the full correlation volume,
thus becoming infeasible, while the computations would be
similar to that of on-demand sampling.

To improve that, we suggest representing C in a block
sparse format and making decisions on computations per
block rather than per pixel. As shown in Fig. 3[b], av-
eraging the number of sampled values per block slightly
increases the ratio of cells that need to be computed but re-
mains significantly lower than the full matrix for sufficiently
small block sizes. Full numerical results of the sampling
patterns are provided in the supplementary material.

Reshaped Cost Volume. As the local sampling grid is de-
fined over a 2D neighborhood, when flattened, the values
for each row are scattered over multiple column groups and
span over many blocks when averaged (Fig. 3[a,b]). This
can be improved by pooling the cost volume in a different
layout that groups cells based on 2D patches on both source
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Figure 3. Sampling patterns of a single image over all RAFT itera-
tions. Dark regions correspond to cells that have not been sampled
while lighter values indicate more sampled values per block.

and target images.

To this end, we reshape the input images into a patch-
major format, where each block is represented continuously
in memory, before computing the correlation volume. As
shown in Fig. 3[c,d], the block-aware layout significantly
increases sparsity without any computational overhead.

4. Efficient Correlation Volume Sampler

Based on our observations on sampling patterns made in
Section 3, we propose an efficient algorithm for all-pairs
correlation sampling.

An overview of the algorithm is shown in Fig 4. Inputs
are pre-processed once per given a pair of images and on ev-
ery iteration of RAFT-based flow updates (typically 4 — 32
iterations) we perform three main steps: a) determining re-
gions of the volume that will get sampled and setting the
computation mask; b) computing selected blocks with effi-
cient tiled matrix-matrix multiplications; c¢) sampling com-
puted blocks.

First, we describe a high-level algorithm, where compu-
tation mask and block sparse all-pairs correlation volume
is stored explicitly. Then, we present a fused implementa-
tion that avoids building the computation mask and stores
one block at a time, achieving linear O(n) time and space
complexity in the number of input pixels.

We only cover the single-level case, which is extended
to multi-level correlation volumes by computing every level

independently, taking average-pooled target features F'2.
More implementation details, pseudocode, and complex-
ity derivation are provided in the supplementary material.

4.1. Input Preprocessing

To minimize the number of blocks that need to be com-
puted, we store images in a patch-major format as described
in Sec. 3.2 with block height B. To simplify the algorithm
implementation, we only consider rectangular blocks and
use blocks of the same size across all steps.

At first, we pad inputs to a multiple of B, and split the
image into B2-sized tiles. Each tile is then independently
flattened in row-major order followed by all tiles being flat-
tened in row-major order. This is visualized in Fig. 4 with
different-colored arrows. The flattened image is then stored
in a contiguous memory block.

4.2. High-Level Implementation

Setting Computation Mask. First, we build a mask of
which cell blocks in the cost volume need to be computed,
such that all necessary values can be sampled. To this end,
we take the convex integer grid positions for the original
problem, as defined in Eq. 1, and then floor divide them
with the chosen block size B to obtain the cell indices in
the block mask. We then perform the reverse operation of
grid sampling - i.e. scattering - to set these cells as 1 in the
mask, while the rest is initialized with 0. By performing the
reverse operation of the sampling step, we ensure that all
sampled locations have been set to be computed.

Sparse Correlation Volume Computation. The mask is
used to compute all blocks of the dense correlation volume
that correspond to the non-zero entries of the mask, replac-
ing the dense correlation volume computation defined in
Eq. 2.

The computation is performed by a sampled block sparse
matrix-matrix multiplication, where only non-zero blocks
are stored in memory. As each block is produced by com-
puting the product of two B* x D matrices, it is well opti-
mized in hardware and thus can be computed efficiency.

Sparse Volume Sampling. In order to sample the sparse
correlation volume, for each looked up cost value, the block
index is computed as when setting the computation mask.
Then, we gather the block index in the memory, and com-
pute the coordinates relative to this block. Finally, the block
is locally sampled similar to the baseline.

4.3. Fused Implementation

All steps of the algorithm, described in Section 4.2, can be
implemented in a fused CUDA kernel, where each row of
blocks of the dense correlation volume is serially computed
and directly sampled in a single CUDA thread block, each
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Figure 4. Algorithm overview. It consists of input preprocessing and 3 steps per iteration: a) determining blocks that need to be computed;
b) computing selected blocks with block sparse matrix-matrix multiplication; ¢) sampling computed blocks.

thread sampling from one row, i.e. computing correlation
for one source pixel. This is visualized in the bottom part
of Figure 4. As all rows of blocks are independent, a thread
block can perform all steps of the algorithm without writing
any of the intermediate results to the global memory, but
instead storing them in the shared memory and registers.

Implicit Computation Mask. To avoid storing, setting,
and iterating over the full row of computation mask, we
build it implicitly through inter-thread voting of the next
non-zero cell.

First, similar to setting an explicit computation mask,
each thread computes indices of all blocks it needs to sam-
ple from. For commonly used parameters, it is no more
than 9 blocks, and we refer to the complexity analysis in
the supplementary for derivation. As the local grid is well-
structured, we can obtain their indices in a strictly increas-
ing order and store them in a register array.

Next, all threads vote for the next smallest block to be
computed within the thread block. The vote is implemented
via an atomic minimum operation to a scalar in the shared
memory, accessible to all threads in a block. After the vote,
all threads fetch the index of the block that needs to be com-
puted, and advance their local pointers to the next smallest
block if their vote matched the outcome.

Block Computation and Sampling. Having agreed on
the next tile of the block sparse correlation volume, all

threads fetch input values and jointly compute the correla-
tion values (Block Matrix Multiply in Fig. 4), similar to how
it is done in general matrix multiplications.

After computing the correlation tile, threads exchange
their register values through shared memory, such that each
thread stores all values corresponding to their source pixel.
These registers are directly sampled to obtain partial sam-
pled correlation values, adding residual to a global memory
buffer (Partial Correlation Update in Fig. 4). After iterat-
ing over the whole row of blocks, the output buffer contains
the correct and exact correlation values.

5. Isolated Sampling Evaluation

To evaluate the proposed algorithm, we first conduct exper-
iments in isolation by only considering the all-pairs corre-
lation sampling.

We run all methods on the final pass of the Sintel [2]
benchmark’s train set consisting of 1041 samples. The
isolated tests are performed by extracting the intermedi-
ate query centroids with RAFT at 's resolution and using
randomly-generated feature vectors. For different resolu-
tions, we upsample or downsample the input image. Un-
less otherwise noted, the experiments are run using PyTorch
2.2.2,CUDA 12 .2 and NVIDIA GH200 chip, equipped
with 576GB coherent memory and selected to perform
measurements at very high resolutions even for memory-
intensive methods. Throughout the experiments, we set the
block height B = 8. The fused kernel was implemented
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Figure 5. Runtime and peak memory consumption depending on the full correlation volume width. Standard deviation is displayed as
shaded area, and we show memory capacity of different hardware as dotted lines.

in NVIDIA CUTLASS CuTe DSL, targeted for Ampere mi-
croarchitecture using warp-level MMA tensor cores with
bfloat16 inputs and float32 accumulators.

The correctness was verified with unit tests and observ-
ing the endpoint error when used in RAFT. It achieves near-
zero 0.03% endpoint error difference compared to the offi-
cial implementation.

5.1. Isolated Correlation Sampling Results

We measure the runtime and the peak memory consump-
tion, as reported by PyTorch, by running each operation for
all dataset image pairs and report the mean and standard
deviation over all sample points. As we observe only negli-
gible variance between different runs with the same inputs,
we measure a single run per image.

The default setting uses 2048 x 896 input image resolu-
tion, with the correlation volume size of (256 x 112)2, 256
feature channels and 32 flow update iterations, matching the
official RAFT implementation.

5.1.1. Image Resolution

Primarily, we investigate the impact of the image resolu-
tion on the correlation computation and report the results in
Fig. 5. Asimages are scaled uniformly, increasing the input
width by 2, increases the number of pixels by 4x and the
size of the dense correlation volume by 16x.

It can be observed that the default implementation has
a quadratic memory increase and at 1024 x 448 resolution
already requires 719G B to store the dense correlation vol-
ume, becoming prohibitively large to compute. On the other
hand, on-demand sampling maintains low memory usage
but significantly underperforms in runtime.

Our method achieves linear increase of both runtime and
memory in the number of input pixels. Compared to prior
methods, with fixed memory usage, it achieves more than
90% reduction in runtime, or, at fixed runtime, it achieves
up to 99% reduction in memory usage.

The exact measurements are provided in the supplemen-
tary material.

5.1.2. Other variables

Additionally, we investigate the impact of the number of it-
erations, input feature dimensionality, as well as hardware,
on the runtime and memory of correlation sampling and
provide results in the supplementary document.

Similar to the results described in Section 5.1.1, they
show favorable runtime and memory trade-off, and all con-
sidered GPU models show results consistent with those
shown in Figure 5.

6. Ultra-High-Resolution Evaluation

To perform zero-shot evaluation and benchmarking of op-
tical flow estimation methods on UHR inputs, we render
several sequences from the BLENDER movie CHARGE with
rendered ground truth displacements. We then propose an
inference extension to the SEA-RAFT optical flow estima-
tion method and perform extensive evaluation of the exist-
ing methods. We perform these tests with an NVIDIA A100
80GB GPU.

6.1. Dataset

We follow the commonly used benchmarking approach [2,
19] of generating frames and motion vectors from pub-
licly accessible computer-generated movies. We choose
BLENDER movie CHARGE as a recent photo-realistic movie
that is not used in existing benchmarks. In total, we gen-
erate 335 frames at 8192 x 3432px resolution with super-
resolved rendered ground at 16K resolution, following
Mehl et al. [19]. Due to computational reasons, we only
consider forward flow. The dataset consists of 332 evalua-
tion pairs and tests for prediction of 9.3 B pixels. An exam-
ple of from the dataset can be seen in Figure 6.

Details on the dataset generation are provided in the sup-
plementary material.

6.2. Cascaded Inference

Our initial experiments indicated that evaluation at high res-
olutions degrade the performance of estimating large dis-



Best-Accuracy 1pxerror EPE LM - lpxerror LM-EPE Best Without Our
Input Width % 4 px % 1 px{ Runtime, s  Ours, s  Improvement

GMFlow [33] 1024 - 1/8 43.9 2.95 94.3 24.46 0.09 n/a
PWC-Net [25] 4096 - 1/2 24.4 3.26 61.4 57.14 0.21 n/a
Flow-1D [32] 4096 - 1/2 23.8 2.23 71.3 31.58 0.79 n/a
DIP [40] 8192-1h 19.8 4.00 51.2 85.62 11.57 n/a
FlowFormer [8] 8192 -1/ 16.9 3.22 56.4 58.16 16.57 n/a
FlowFormer++ [22] 8192-1/ 16.8 3.41 55.3 55.70 16.68 n/a
SCV [13] 4096 - 1/2 19.1 2.83 46.1 46.42 14.66 n/a
HCVFlow [39] 4096 - 1/2 17.9 2.08 54.4 32.92 1.09 n/a
ReCoVEr-CX [14] 4096 - 1/2 22.6 3.01 94.6 58.71 0.56 n/a
WAFT [30] 4096 - 1/2 15.3 2.74 62.6 65.14 8.47 n/a
MS-RAFT+ [11] 4096 - 1/2 14.5 1.92 34.6 32.03 4.15 5.51 —25%
RAFT [28] 4096 - 1/2 18.9 5.90 49.8 36.41 0.96 2.62 —63%
CCMR [10] 4096 - 1/2 15.8 2.16 39.7 42.86 4.39 5.23 —16%
DPFlow [20] 8192 -1/ 16.5 1.92 34.4 18.03 5.00 5.48 —9%
SEA-RAFT [31] 4096 - 1/2 16.8 4.94 39.8 39.83 0.42 0.62 —33%

4096 - 1/2 15.8 1.90 36.8 18.58 0.45 0.72 —37%
SEA-RAFT (Cascaded) g9, . 1§1 13.3 270 31.6 21.53 1.91 2.89 —34%

Table 1. Quantitative evaluation of optical flow estimation methods on a 8K dataset. For each method, we list the resolution that can be
run with 80G B of GPU memory and obtains the best 1px error. For a full comparison with other methods, we also list our 1/2 results.
We report the 1px outlier rate, endpoint-error (EPE), both metrics for pixels with large motion (LM, magnitude over 128px) and the best
runtime across all variants with and without our improvements. We highlight the best (in bold) and second-best (underlined) method.

placements. To mitigate it, we propose a simple cascaded
test-time extension of SEA-RAFT that requires no addi-
tional training.

Before applying any iterative flow updates, we recur-
sively initialize flows as a lower resolution estimate. More
formally, whenever the minimum input dimension is more
than 800pz, we bilinearly downscale inputs to !/4 reso-
lution, estimate the flow, and initialize the flows with 1/2
downscaled outputs (note that flows are updated at ! /s reso-
lution).

It is akin to a multi-resolution version of the warm-start
initialization used in RAFT, and unlike MS-RAFT+ [11], it
does not require training of multiple resolution modules.

6.3. Evaluation Results

We evaluate several methods on different levels of
processing scale by bilinearly downsampling inputs to
{1/8;1/4;1/2;1/1} of their resolution and bilinearly upscal-
ing the flow outputs.

Flow accuracy. Quantitative end-to-end evaluation re-
sults are reported in Table 1. For each method, we list
the processing level of scale with the lowest 1 pixel error
across all scales the method could be run with 80GB of
GPU memory, and report the lowest runtime across feasible
variants both with and without our improvements.

First, we observe a significant reduction in runtime,
achieving more than 30% improvement for the majority of

RAFT-based methods. Second, our proposed cascaded in-
ference achieves the best 1 pixel error, both overall and for
large-motion pixels. Third, the majority of prior methods
either cannot be run on the full 8K resolution inputs, or their
quality degrades. Overall, we show that with our improve-
ments, cost-volume-based methods can outperform prior ef-
ficient methods both in runtime and quality.

Additionally, we investigate the impact of resolution on
the prediction quality and provide a qualitative comparison
in Figure 6, showing that cascaded high-resolution infer-
ence allows estimating large motion while retaining fine-
grained details. Full quantitative measurements are pro-
vided in the supplementary material.

Runtime and Memory. In Table 2, we show the improve-
ment in runtime and peak memory usage of our method in
an end-to-end estimation, depending on the image resolu-
tion.

Across all methods and input resolutions, our method
achieves similar or better runtime as the default sampling
with improvement in memory, and similar memory as the
on-demand sampling with a significant improvement in run-
time.

Additional Datasets. As our performance improvements
are agnostic to the input data, we achieve comparable sim-
ilar results on other optical flow benchmarks, and provide
results in the supplementary material.
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Default On-Demand Sampling Ours
Method Input Width Runtime Runtime Memory Runtime = Memory
1024-1/s  0.07 (—16%) 3.42 (+6%) 0.56 (+559%) 3.23 0.09 3.23
RAFT 2048 - 1/a 0.25 (+2%)  8.78 (+115%)  0.89 (+261%) 4.08 (=) 0.25 4.08
4096 - 1/2 OOM 2.62 (+172%) 7.46 (=) 0.96 7.46
8192-1h OOM 10.47 (+206%) 20.96 (=) 3.43 20.96
1024 - /8 OOM 0.44 (+43%) 4.42 (-1%) 0.31 4.45
MS-RAFT+ 2048 - 1/4 0o0M 1.41 (+34%) 8.69 (—1%) 1.05 8.80
4096 - 1/2 OOM 5.51 (+33%)  25.78 (—2%) 4.15 26.21
1024 - 1/s 0.14 (—2%) 3.43 (+6%) 0.15 (+3%) 3.24 (=) 0.14 3.24
DPFlow 2048 - 1/a  0.40 (+12%)  9.53 (+146%) 0.41 (+15%) 3.87 (= 0.35 3.87
4096 - 1/2 OOM 1.41 (+10%) 6.57 (=) 1.27 6.57
8192-1/1 OOM 5.48 (+10%) 17.38 (=) 5.00 17.38
1024 - 1/s 0.03 = 3.47 (+7%) 0.09 (+200%) 3.24 3 0.03 3.25
2048 - /2 0.13 (+28%) 8.86 (+146%)  0.18 (+76%) 3.56 (—1%) 0.11 3.60
SEA-RAFT 4096 - 1/2 OOM 0.62 (+49%) 5.22 (=) 0.42 5.22
8192-1h OOM 2.63 (+48%) 11.82 () 1.78 11.82

Table 2. Runtime (s) and peak memory usage (GiB) of the full optical flow method end-to-end evaluation depending on the correlation
computation variant at different scales of the inputs. We report the relative difference compared to our method in parentheses. OOM
indicates that the method requires more than 80G B of memory and fails with an out-of-memory error.

7. Conclusion

In this paper, we propose an efficient all-pairs correlation
sampling algorithm, which allows to significantly improve
performance of RAFT-based methods. First, we analyze the
existing approaches for all-pairs correlation volume sam-
pling, their volume sampling patterns in a practical optical
flow application and propose an algorithm that utilizes these
observations to perform correlation sampling more effi-
ciently. In extensive experiments, we show that our method
achieves low memory consumption and runtime when com-
pared to previous solutions. Additionally, we evaluate exist-
ing methods on an 8K resolution dataset and achieve state-
of-the-art results on both in accuracy and performance.

In this work, we did not perform extensive low-level fine-
tuning, or architecture-specific optimizations for a fully op-
timized implementation. Additionally, we only consider
forward pass optimizations, as training is typically done
at lower resolutions due to memory requirements of other
parts of the method. However, the same optimizations can
be applied to the backward pass, and we leave it to future
work to investigate that.
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