Dense Flow from Adaptive Correspondence

Cheng-Lin Hsieh Stella X. Yu
University of Michigan
{clhsieh,stellayu}@umich.edu

Abstract

Optical flow requires reliable matching from sufficient visual context and precise
motion at every pixel. Existing methods such as WAFT match and estimate flow on
the same coarse grids, then recover dense flow through learned upsampling, without
explicitly linking visual support for matching to dense flow reconstruction. Our
key insight is that dense pixel-level flow does not require equally dense matching.
We decouple correspondence scale from flow resolution by adapting the size and
shape of spatial supports to image structure for reliable matching, while reusing
these supports for precise dense flow reconstruction. We realize this in Flow from
Adaptive Token Estimation (FATE), whose token supports expand within coherent
regions and contract near motion boundaries. Shared pixel-to-token associations
pool features for matching and reconstruct pixel flow from token motions. Flow
supervision jointly trains pixel grouping, token matching, and flow estimation with-
out grouping labels, allowing FATE to anticipate which pixels are likely to move
together from appearance alone. Trained on FlyingChairs/FlyingThings3D, FATE
achieves the highest zero-shot accuracy on Sintel Final and KITTI, a critical setting
given scarce real-world flow labels. For visible pixels, FATE improves accuracy
within coherent regions, and more near motion boundaries. Its largest gains occur
where direct matches are unavailable: Occluded or out-of-frame pixels account for
roughly 10% of valid pixels but 50% of WAFT’s total error. Experiments show that
adaptive correspondence through pixel-to-token grouping enables reliable matching
and precise pixel-level flow, improving generalization to unseen real scenes.

1 Introduction

Visual correspondence asks which elements in two images refer to the same scene content; finding
these correspondences is called matching. We study two-image optical flow, which represents image
motion as displacement from each pixel in the first image to its corresponding location in the second,
even if it is occluded or outside the image [[1,[2]. This close relationship between matching and flow
estimation has led to a common design where both operate on the same spatial grid.

Yet matching and flow estimation have different demands: Reliable matching needs sufficient visual
context, while flow must be estimated precisely at every pixel. A distinctive corner is easy to match
across images, making its displacement easy to estimate. A pixel on a white wall, however, could
match many white pixels in the second image, making its displacement hard to pinpoint. Yet the wall
itself may be easier to identify. Similarly, when part of an object is occluded or leaves the image, its
motion may be inferred from the visible parts. In both cases, matching coarser structures can help
estimate precise pixel flow where direct matches are unreliable or unavailable. The challenge is that
broader spatial support can resolve ambiguous matches but risks mixing pixels with distinct motions,
while precise flow must distinguish pixels on opposite sides of motion boundaries [3| 14].

Modern flow methods address these demands in two stages. They aggregate information from larger
regions for reliable matching, but matching and flow estimation remain tied to the same fixed grid,
often at reduced resolution for efficiency [SH8]. Learned upsampling then recovers precise dense flow
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from coarse estimates using pixel-specific weights [3, 18]. Ideally, the pixels contributing to a match
should receive flow estimates from that match. Yet despite end-to-end training, these methods do not
explicitly link these pixels to the weights used for dense flow reconstruction. This raises the question
of whether their implicit relationship generalizes from synthetic training data to unseen real scenes.

Our key insight is that dense pixel-level flow does not require equally dense matching. We decouple
correspondence scale from flow resolution by adapting the size and shape of spatial supports to image
structure for reliable matching, while reusing these supports for precise dense flow reconstruction.
1) Correspondence should adapt to image structure, matching distinctive visual entities through
spatial supports that make them reliably identifiable. These matches provide flow estimates for dense
reconstruction. 2) The same grouping should govern which pixels contribute to each match and
how each match contributes to their flow estimates. This links matching and reconstruction without
requiring pixels in a group to move identically. 3) Grouping should anticipate common fate from
visual appearance. The Gestalt principle of common fate holds that elements moving together tend
to group together [9,[10]. Yet matching requires deciding what belongs together before knowing how
it moves. Prior work has used motion to learn appearance-based object segmentation [[11,[12]]. We
instead use flow supervision to learn appearance-based grouping for correspondence, allowing the
model to predict groups in unseen images for more reliable and precise flow estimation.

We realize these ideas in FATE, short for Flow from Adaptive Token Estimation. 1) Adaptive
correspondence tokens enable coarse-scale matching while retaining pixel-level flow prediction.
Each token is anchored to a coarse grid, but its spatial support adapts in size and shape to image
structure. As Fig.[T|shows, token supports expand within coherent regions and contract near motion
boundaries, following regions of common motion rather than fixed grid cells. Local attention further
enriches token descriptors with broader context, while iterative matching refines token flow [S]].
2) Pixel-to-token grouping connects matching and dense flow reconstruction through a shared
differentiable association matrix: Normalized over pixels, it pools features into token descriptors;
normalized over tokens, it combines token flows to reconstruct precise pixel flow. Each token predicts
one motion vector, but each pixel combines motions from multiple tokens, allowing distinct pixel flow
estimates within the same token’s spatial support. 3) Flow supervision teaches appearance-based
grouping. Pixel-to-token associations, token matching, and dense flow estimation are learned jointly,
without grouping labels. At test time, the model predicts these associations from appearance alone,
enabling more reliable and precise flow estimation in unseen images.

Image 1 Learned groups Token (RGB) GT flow + grid GT flow + groups Token (flow)
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Figure 1: FATE learns correspondence tokens whose spatial support adapts to image structure
and motion boundaries. Token supports spread within coherent regions and sharpen at motion
boundaries, following common motion rather than fixed grid cells. Learned groups trace slat edges
and a bent body outline, while fixed cells can straddle distinct motions. The same soft pixel-to-token
associations pool features for matching and combine token motions into dense flow. White contours
show dominant assignments and selected token supports; dashed squares mark nominal grid cells.
Selected supports appear against RGB images and ground-truth (GT) flow in the token panels. Gold
and blue boxes mark successive enlargements, with matching RGB and GT flow crops.
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These ideas deliver stronger zero-shot generalization, a critical need in optical flow estimation. Dense
flow labels are difficult to obtain in real scenes, so supervised models are often trained on synthetic
images and must transfer to unseen domains without fine-tuning. While visual appearance may
vary across domains, cues to which pixels are likely to move together may still transfer. Trained on
FlyingChairs and FlyingThings3D [[13 [14]], FATE achieves endpoint errors of 2.10 on Sintel Final
and 3.11 on KITTI, the lowest among published methods in our zero-shot comparison [[15,[16]. Its
largest gains occur where direct matches are unavailable: Occluded or out-of-frame pixels account
for only 6.4-13.9% of valid pixels, yet contribute 41.9-52.7% of the total endpoint error of WAFT[S].



At equal token counts, FATE outperforms fixed-grid alternatives, benefits more from local attention,
and better preserves pixel motion through pooling and reconstruction of ground-truth flow. With four
refinement steps, it also outperforms five-step WAFT at lower computational cost.

In summary, we make three contributions. 1) Adaptive correspondence tokens improve flow
accuracy with fewer matching locations through learned spatial supports. 2) Shared pixel-to-token
associations provide consistent visual grounding for matching and dense flow reconstruction. 3)
Strong zero-shot generalization is demonstrated across benchmarks and supported by controlled
analyses. These advances simultaneously enable reliable matching and precise pixel-level motion
estimation, while generalizing effectively to unseen real-world scenes. Project website: FATE.

2 Related work

Spatial grouping in classical optical flow. Classical optical flow uses spatial support to infer
motion from ambiguous local measurements. Lucas—Kanade [2] pools motion constraints within
neighborhoods, while Horn—Schunck [1] couples neighboring estimates through smoothness. Robust
estimation [3]] accommodates competing motions. Ren [4] uses contour-based soft affinities and
figure-ground organization to define spatially adaptive support for local affine motion estimation near
boundaries. FATE learns spatial support jointly with matching features from flow supervision, using
the resulting groups for correspondence and dense flow estimation.

Common fate and motion-guided grouping. The Gestalt principle of common fate holds that
elements moving together are perceived as a group [9,[10]. AMD [11] jointly learns appearance-based
segmentation and segment motion through video reconstruction, pooling motion features to predict
segment flow. RCF [[12] relaxes common fate by fitting flow with segment motion and within-segment
residuals, then refines grouping from appearance. These methods learn object segmentation from
motion, whereas FATE learns grouping for correspondence and dense flow. Its soft associations need
not follow object boundaries or impose uniform flow within a token.

Correspondence in deep flow networks. Modern two-frame networks largely match features
on regular grids. Learned pyramids and cost volumes [5, [17], global matching and cost-memory
encoding [6 [7]], and pretrained representations [[18, [19] strengthen features for matching. Recurrent
estimation and learned motion priors [20, 21] improve flow estimation. Source-image affinities
aggregate motion features [22], while feature similarity guides flow propagation [6]. Multiscale
processing and learned upsampling recover spatial detail [5 8] 23| 24]. In these methods, pixel support
for matching and the weights that distribute motion to pixels are linked only implicitly. Building
on iterative matching [8]], FATE learns adaptive correspondence tokens whose shared pixel-to-token
associations pool features for matching and combine token motions into dense flow.

Superpixels and differentiable grouping. Superpixel methods partition images into compact
regions following appearance boundaries [25} 26]. Learned variants make grouping differentiable
and adaptable to downstream tasks [27} 28]]. Unlike image segmentation, grouping in FATE serves
correspondence and dense motion estimation. Flow supervision jointly learns the associations and
matching features, without requiring pixel-group labels.

3 FATE: Flow from Adaptive Token Estimation

Overview. Given two images, FATE estimates dense optical flow by matching adaptive correspon-
dence tokens at a coarser resolution, then combining their motions into pixel-level flow (Fig.[2). The
model has three components. 1) Adaptive correspondence tokens are anchored to points on a coarse
grid, but their spatial supports are learned from image features. 2) Shared pixel-to-token associa-
tions pool each image’s dense features into token descriptors, enriched by local attention for broader
matching context. Iterative matching estimates token motion, which the same associations combine
into pixel flow in the first image. Since each pixel combines motions from several tokens, pixels
within a token’s support need not share identical flow. 3) Flow-supervised grouping jointly learns
associations, matching, and flow estimation from ground-truth pixel flow, without pixel grouping
labels. At test time, the model anticipates which pixels are likely to move together from appearance
alone, enabling reliable matching and precise pixel flow in unseen scenes.


https://chenglinh.github.io/FATE/
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Figure 2: Shared pixel-to-token associations connect token matching and dense flow estimation.
Learned associations A pool dense image features into adaptive correspondence tokens (center),
enriched with nearby context through local attention before iterative matching across images (right).
The same associations combine estimated token motions into dense pixel flow (bottom), allowing
each pixel to draw on multiple tokens. Image 2 (lighter branch) has its own associations but shares
network weights with Image 1. Dashed arrows indicate ground-truth flow supervision (Fig. E)
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Figure 3: Learned pixel-to-token associations adapt token support to motion structure. Left:
the original image and an enlarged view of the moving blade, with two marked regions: a
'motion boundary| and a [coherent region|. Arrows indicate ground-truth motion. Center and right:
Each region is shown from two perspectives. Pixel assignment shows how pixel = associates with
nearby tokens (a row of A); token support shows the spatial support of token ¢ (a column of A).
Dashed grid lines mark the coarse token lattice, black dots mark token anchors, and squares mark
pixels. Brown disks represent individual assignment weights A, with size indicating weight; purple
ellipses show predicted Gaussians, and brown shading shows token support. At the motion boundary,
x favors a blade token across grid-cell borders, allowing its support to align with the boundary. Within
the coherent region, x distributes its associations across several nearby tokens.

Adaptive correspondence tokens. For an image with IV pixels indexed by = and M tokens indexed
by g, we learn a pixel-to-token association matrix A € RNXM of soft assignments, where A,, > 0
measures how strongly pixel x is associated with token ¢. Each row describes a pixel’s associations
with tokens, while each column describes a token’s spatial support.

Predicting associations from appearance. Each pixel associates with the 3 x 3 token anchors
around its grid cell. Rather than predicting nine independent scores, a compact head predicts a
two-dimensional Gaussian over these anchors from dense image features. Its center determines
which nearby tokens the pixel favors, while its shape controls how widely the associations spread.
Evaluating the Gaussian at the candidate anchors and normalizing over them gives the corresponding
entries of A (Appendix [F). As Fig. [3 illustrates, the resulting token supports can follow motion
boundaries rather than fixed cell borders, while spreading more broadly within coherent regions.

Shared pixel-to-token associations. The same learned associations govern how pixels support
their token matching and how token motions are combined into dense pixel flow (Fig. ).



1) Pooling and broadcasting. The association matrix A connects pixel and token spaces in two ways:
Normalized over pixels (columns of A), it pools features into token descriptors; normalized over
tokens (rows of A), it combines token motions into pixel flow. Let D(B) = diag(B1) denote the
diagonal degree matrix of row sums. Omitting the dependence on A, we have two operators:

pixel-to-token feature pooling: P, = D(AT)"1AT, @)
token-to-pixel flow broadcasting: P, = D(A) ' A. 2)
The shared associations provide consistent visual grounding for matching and pixel flow.

2) Token features with local attention. Reliable matching requires both features pooled from each
token’s support and broader context to resolve ambiguity. Local attention contextualizes each token’s
pooled features with surrounding dense features, sharing network weights for both images.

3) Iterative flow refinement and broadcasting. Let F, and F;, denote token and pixel flow from the
first image to the second. Following the iterative matching framework of WAFT [8]], each refinement
step samples the second image’s token features at current match locations and updates the token flow.
Both images’ associations are computed once and reused throughout refinement. At step ¢, the first
image’s broadcasting operator produces dense pixel flow:

F) =Pp,F". ©)

Each token predicts one motion vector, but each pixel combines motions from multiple tokens,
allowing distinct pixel flow estimates within the same token’s spatial support.

Flow-supervised grouping. We jointly learn pixel-to-token associations and token-flow prediction
from ground-truth pixel flow, since no annotation specifies which pixels should be grouped for
correspondence (Fig. @). Three complementary losses supervise token matching, pixel-to-token
associations, and preservation of ground-truth pixel motion through pooling and reconstruction. Each
has the form £(X | Y'), training X with Y given.
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Figure 4: Matching in token space estimates flow in pixel space through shared associations
and flow supervision. Matching operates in coarse token space (top), while dense flow is formed
in pixel space (bottom), across both the image features (left) and flow predictions (right). Features
from Image 1 and Image 2 are pooled into adaptive tokens and matched across images (blue links).
On the right, predicted token flow F, is combined into pixel flow F},, while ground-truth pixel flow
Fg is pooled into pseudo-ground-truth token flow Fqgt. The probabilistic predictions F, include
token flow F,; and its uncertainty. We learn token matching and pixel-to-token associations using
only ground-truth pixel flow, through three complementary losses: Lioken (Fy | Py) trains token-flow
prediction against pooled ground truth, holding F; fixed in constructing the pseudo-ground truth;
Lassign (Px | Fy) trains associations to favor tokens that confidently explain pixel motion, holding
token-flow predictions fixed; and Lyecon (Py, Py | F2*) trains flow-preserving grouping by pooling
and reconstructing fixed ground-truth flow, independently of matching. Upper views enlarge the
boxed regions, token colors show pooled RGB, and flow maps share one color scale.

1) Token-flow prediction. Since matching operates at the coarse token level, we construct pseudo-
ground-truth token flow by pooling ground-truth pixel flow, provisionally assuming the current associ-
ations are correct. Following SEA-RAFT [20], the network predicts token flow F, and its uncertainty.



We denote these probabilistic predictions by F; and define NLL(P;Y) = — >, log pp, (Y;) as the
negative log-likelihood of targets Y under predicted distributions P:

t t
FE' = P,FE", @

‘Ctoken(]:q | Pq) = NLL(]:qa Fqgt) (5)
This loss primarily trains token matching, updating token features, local attention, iterative flow
refinement, and uncertainty prediction. It also trains pixel-to-token associations through gradients

from feature pooling. However, gradients are stopped when constructing pseudo-ground-truth token
flow, preventing the associations from shifting this supervision to reduce the loss.

2) Pixel-to-token associations. Near motion boundaries, neighboring tokens may predict different
flows. Averaging them with spread-out weights in Eq. (3) can produce a spurious intermediate flow.
To preserve distinct motions, we learn pixel-to-token associations based on how well each token’s
predicted flow explains the pixel’s ground truth, accounting for prediction uncertainty. Provisionally
holding token-flow predictions and uncertainties fixed, we evaluate the likelihood of each pixel’s
ground-truth flow under each neighboring token’s predicted distribution. The association weights P,
combine these likelihoods into a mixture, denoted by Mixp, [F,]. We minimize

Lassign (P | Fy) = NLL(Mixp, [F,]; F&") . (©)
Unlike averaging token flows, this mixture retains distinct predictions and uncertainties, encouraging

pixels to associate with tokens that confidently explain their motion. With token predictions fixed,
this loss updates the assignment head and its input features, not token matching or refinement.

3) Flow-preserving reconstruction. Ground-truth pixel flow should also be preserved when pooled
into coarse token flow and reconstructed back at pixel resolution. We therefore minimize the
reconstruction error, with an aggregated robust flow penalty D:

Erecon(PtpPZ ‘ Fft):D(Pﬁquzgt?Fa%t) (7)
As in superpixel learning [27], this loss updates the associations through both P, and P,, encouraging

the shared pixel-to-token associations to preserve distinct pixel motions. Since matching is bypassed,
the loss trains grouping independently of token-flow prediction.

4) Joint training. We optimize all three losses jointly, applying token-flow and association losses at
each refinement step and reconstruction loss once (Appendix [F). Together, they learn token flow and
pixel-to-token associations to achieve both reliable matching and precise pixel-level flow.

4 Experiments

Our experiments test whether consistent visual grounding improves dense flow estimation and its
transfer to unseen domains. We first compare zero-shot accuracy with published methods. We then
examine where errors arise and where FATE reduces them, focusing on two regions: occluded or
out-of-frame pixels, which lack a direct match and depend on shared evidence, and pixels near
motion boundaries, where distinct motions must be preserved. A comparison with a fixed-grid model
at the same token count isolates the role of adaptive grouping. Ablations test design choices, and
computation profiles show what fewer tokens make affordable.

Experimental setup. All compared methods are trained on FlyingChairs [13] followed by Fly-
ingThings3D (Things) [[14] and evaluated on two frames.

1) Models and training. We build FATE on WAFT’s iterative matching and refinement framework [§]]
with a DINOv3 ViT-S backbone [29]. For an H x W image, both extract dense features on an
(H/2) x (W/2) grid, abbreviated H/2. Released WAFT estimates flow on this grid, whereas FATE
estimates it for adaptive tokens anchored on an H /4 lattice, with a quarter as many tokens. FATE and
WAFT use five refinement steps in training and inference unless stated otherwise (Appendix [D).

2) Evaluation protocol. Things test results are in distribution, while results on the Sintel [15] and
KITTI 2015 [[L6] training splits are zero-shot, without target-domain flow training, as in real scenes
where dense flow labels are difficult to acquire. Things and Sintel each have Clean and Final versions.

3) Metrics. We report endpoint error (EPE), the Euclidean flow error in pixels averaged per image
and then over images, and KITTI Fl, the percentage of valid pixels whose error exceeds both 3 pixels
and 5% of the ground-truth motion. Regional analyses pool endpoint errors over pixels (Appendix [B).
Computation is given in GMAC:S, billions of multiply—accumulates, per 540 x 960 image pair.



Table 1: FATE achieves the lowest zero-shot Sintel Final and KITTI EPE among the compared
methods. All methods train on FlyingChairs and FlyingThings3D. Errors are EPE except KITTI Fl.
Bold: lowest error in each accuracy column; —: not reported.

Method Sintel Clean Sintel Final KITTI EPE KITTI F1 (%) GMACs
FlowNet2 [31]] 2.02 3.14 10.10 304 230
PWC-Net [17] 2.55 3.93 10.40 33.7 101
RAFT [5] 143 2.71 5.04 17.4 938
GMA [22] 1.30 2.74 4.69 17.1 1352
SKFlow [32] 1.22 2.46 4.27 15.5 751
DIP [33] 1.30 2.82 4.29 13.7 3068
CRAFT [34] 1.27 2.79 4.88 17.5 2274
GMFlowNet [35] 1.14 2.71 4.24 154 1094
FlowFormer [7] 1.01 2.40 4.09 14.7 1715
EMD-L [36] 0.88 2.55 4.12 13.5 1755
FlowFormer++ [37]] 0.90 2.30 3.93 14.1 1713
MatchFlow(G) [18] 1.03 2.45 4.08 15.6 1669
AnyFlow [24] 1.10 2.52 3.76 124 -
RPKNet [38] 1.12 245 - 13.0 137
CCMR+ [39] 0.98 2.36 - 12.9 12653
SEA-RAFT(L) [20] 1.19 4.11 3.62 12.9 655
SAMFlow [19] 0.87 2.11 344 12.3 9717
FlowDiffuser [21] 0.86 2.19 3.61 11.8 2466
DPFlow [23] 1.02 2.26 3.37 11.1 414
WAFT [8] 1.28 2.56 3.49 12.9 732
FATE 1.03 2.10 3.11 11.9 796

Table 2: FATE’s gain over WAFT is larger at occluded or out-of-frame pixels and near motion
boundaries than at coherent pixels. The categories partition valid pixels, with visible pixels split by
their distance to ground-truth motion boundaries (Appendix [B). Pixel and Error give percentages of
the pixels and of WAFT’s summed endpoint error; WAFT and FATE give pooled EPE, and Gain is
WAFT minus FATE. Bold marks the lower EPE in each pair.

Coherent Near boundary Occluded/out-of-frame
Dataset Pixel Error WAFT FATE  Gain Pixel Error WAFT FATE Gain Pixel Error WAFT FATE Gain

Sintel Clean 879 364 052 038 0.14 3.6 10.8 379 3.24 054 84 527 796 6.78 1.18
Sintel Final  87.9 46.7 135 1.05 0.29 3.6 107 751 6.63 0.87 84 425 12.88 1093 1.95
KITTI 778 36.8 172 1.76 —0.04 8.1 10.8 483 4.81 001 139 523 13.63 11.05 2.57

Things Clean 84.8 354 145 092 0.53 87 220 882 576 3.06 6.4 425 23.04 1656 6.47
Things Final 84.8 35.1 139 093 0.46 87 229 887 6.03 283 6.4 419 2196 1588 6.07

Zero-shot transfer and regional accuracy. We compare overall accuracy with published results
for prior methods and regional accuracy with the released WAFT checkpoint.

1) FATE achieves the lowest zero-shot EPE on Sintel Final and KITTI. In Table[T] FATE has lower
Sintel Final and KITTI EPE than every compared method and improves on WAFT in every accuracy
column. With a Depth Anything V2 backbone [30] instead of DINOv3, FATE again has lower EPE
than WAFT on both Sintel and KITTI (Appendix [A).

2) Pixels without direct matches or near motion boundaries carry most of WAFT’s error. In Table
occluded or out-of-frame pixels make up only 6.4—13.9% of the pixels yet account for 41.9-52.7%
of WAFT’s summed endpoint error. Near-boundary pixels likewise account for 10.7-22.9% of the
error from 3.6-8.7% of the pixels. Coherent pixels, the remaining 77.8-87.9%, account for only
35.1-46.7% of the error, so overall EPE reveals little about accuracy in the other two regions. Fig.[3]
illustrates three cases that make flow hard: a thin structure near motion boundaries, an occluded
background and misleading lighting. Fig. [§]shows more such cases over wider views.

3) FATE’s largest gains occur where direct matches are missing. Coherent pixels gain at most 0.53
pixels, versus 1.18-2.57 pixels for occluded or out-of-frame pixels on Sintel and KITTI and over
6 on Things, the largest gain in each row of Table[2] Without direct matches, these pixels’ motion
must be inferred from shared evidence, such as visible parts of the same moving region. In Fig.[5(b),
FATE recovers the motion of leaves hidden in Image 2, unlike WAFT; Fig. [6] shows similar cases
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Figure 5: FATE better handles fine structures, occlusion and misleading appearance. (a) A thin
protrusion moves unlike the surfaces on both sides; per-pixel assignments keep its motion distinct.
(b) Leaves hidden by a wing in Image 2 have no match; their tokens infer motion from surrounding
context. (c) Sunlight and shadows on a car change between frames; WAFT’s flow follows them,
while FATE’s tokens keep the whole surface’s motion coherent. Gold and blue boxes locate context
and detail crops; dashed boxes repeat Image 1 coordinates in Image 2. All predictions are zero-shot;
colors share a scale per example, and gray marks unlabeled GT.
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Figure 6: FATE recovers motion where matches are missing or ambiguous and preserves motion
boundaries. Matches are missing for an occluded cape (row 1) and a car leaving the frame (row 3),
and ambiguous for blurred hair (row 2); an approaching car’s motion must stay separate from the
road’s (row 4). Target visibility marks occluded or out-of-frame pixels in blue, other valid pixels in
gray, and excluded pixels in black. All predictions are zero-shot on Sintel (rows 1-2) and KITTI
(rows 3—4); each row shares a crop and color scale, and sparse KITTI labels are enlarged for display.

in rows 1 and 3. Each token pools evidence over its learned support, draws on local context, and
contributes its motion estimate to associated pixels; Table [B(b) tests the benefit of context at equal
token counts. Since these pixels are few, overall EPE dilutes their gain to 0.38 pixels on KITTI
(Table[T), suggesting greater benefit where missing matches are more common.

4) FATE is more precise near motion boundaries with a quarter of WAFT’s tokens. Mixing motions
from different surfaces can give boundary pixels incorrect flow, a risk finer tokens should reduce. Yet
FATE’s near-boundary EPE is 0.54-3.06 pixels lower than WAFT’s on Sintel and Things, three to six
times its coherent gain, and matches WAFT on KITTL. In Fig.[5(a), WAFT assigns a thin protrusion
the background’s motion, whereas FATE keeps it distinct. Including occluded or out-of-frame pixels,
FATE lowers boundary EPE on every dataset at all three thresholds (Appendix [B.2} Fig. [6] row 4).
As Figs.[T]and 3] show, learned support follows moving surfaces across grid-cell borders, separating
pixels on opposite sides of motion boundaries.



Table 3: At the same token count, adaptive tokens improve accuracy, gain more from local
context and preserve more pixel motion. All systems estimate flow for H/4 tokens. (a) Overall
accuracy. (b) Occluded/out-of-frame EPE; attention gain is EPE without minus with local attention.
(c) EPE of ground-truth flow pooled into tokens and returned to pixels with each model’s image-
predicted weights, without retraining. Bold marks the best in (a) and (c) and the larger gain in (b).

(a) Overall accuracy ~ Things Sintel KITTI (b) Occluded/out-of-frame EPE

System Attn.  Clean Final Clean Final EPE Fl (%) Things Sintel  KITTI
WAFT-H/4 B 203 272 1.08 249 396 133 System Attn. Clean Final Clean Final EPE
WAFT-H/A4 v 2.73 262 107 2.57 375 126 ~ WAFT-H/4 - 19.65 1779 7.15 1291 14.87
FATE - 256 248 1.12 2.14 354 13.0 WAFT-H/4 v 1898 17.64 7.19 1290 14.09
FATE v 239 238 1.03 2.10 3.11 119 Attention gain 0.67 0.15 —0.03 0.01 0.78
(¢) Supplied-motion reconstruction EPE FATE - 1749 1655 6.89 1140 12.96
WAFT-H/4 v 0.50 0.53 0.21 0.39 1.52 - FATE v’ 16.56 1588 6.78 1093 11.05
FATE v 0.19 021 0.09 0.19 0.39 - Attention gain 093 0.66 0.11 046 1.90

Adaptive versus fixed-grid correspondence. FATE differs from released WAFT in the number of
tokens and how they are formed. To remove the first difference, we train WAFT-H/4, a fixed-grid
baseline that estimates flow on an H /4 grid with WAFT’s code and loss. It matches FATE’s token
count, backbone, dense-feature resolution, iterative framework, refinement steps and training recipe,
but its tokens are fixed grid cells. We train both with and without local attention and compare accuracy,
the use of context for pixels without direct matches and the preservation of pixel motion.

1) Adaptive tokens improve every reported accuracy result. In Table[3(a), FATE outperforms both
WAFT-H/4 variants on every reported accuracy result. With attention in both systems, it lowers Sintel
Final EPE from 2.57 to 2.10 and KITTI EPE from 3.75 to 3.11. Without attention in either, FATE
still improves every result except Sintel Clean EPE. FATE’s advantage over WAFT therefore does not
come from using coarser tokens or from local attention alone.

2) Adaptive tokens benefit more from local context. In Table[3(b), FATE has lower occluded/out-of-
frame EPE than WAFT-H/4 even without local attention, and adding attention widens this gap on
every dataset. Attention lowers FATE’s EPE by 1.90 pixels on KITTI versus 0.78 for WAFT-H/4, and
changes WAFT-H/4’s EPE on Sintel by less than 0.05 pixels. This supports our account of the gains
in Table[2} learned support defines which pixels share an estimate, so a token can draw on broader
context while its estimate remains tied to the pixels it represents.

3) Learned support preserves more pixel motion. Grouping pixels to share evidence should not
erase the motion differences among them. To measure how much pixel motion survives grouping,
independent of matching accuracy, we replace predicted token flow with pooled ground truth and
return it to pixels with each model’s image-predicted weights (Appendix [C). In Table [3(c), FATE
has lower reconstruction EPE than WAFT-H/4 on every dataset: 0.19 versus 0.39 on Sintel Final and
0.39 versus 1.52 on KITTI. At the same token count, learned support thus preserves motion that fixed
cells average away. Consistent with this, FATE also has lower EPE than WAFT-H/4 near motion
boundaries on every dataset at all three tested thresholds (Appendix [B.2).

Learning effective correspondence tokens. Table []tests how supervision, local context and the
assignment parameterization help tokens learn, changing one choice at a time and training each with
the same recipe. Each design choice improves at least five of the six reported results.

1) Training the grouping to preserve motion improves every result. Compared with training without
it, the reconstruction loss (Eq. (7)) improves every result, most on Things, where Clean EPE falls
from 2.68 to 2.39. Unlike the token and assignment losses, which act through predicted token flow, it
trains pooling and broadcasting directly on ground-truth flow, so the grouping learns which motion
differences to preserve independently of matching accuracy.

2) Local attention improves every result. Compared with a learned projection of pooled features,
local attention improves every result, most on KITTI, where EPE falls from 3.54 to 3.11. It lets each
token draw on nearby dense features, while the assignments still decide which pixels receive its flow.



Table 4: Each design choice improves at least five of the six results. Each variant changes one
choice of FATE and is trained with the same recipe. No reconstruction loss trains without Eq. (7).
No local attention forms token features by a learned projection of pooled features. End-to-end
assignment supervision lets the assignment loss (Eq. (6)) also update token flow and uncertainty;
pseudo-ground-truth token flow stays fixed. With independent assignment scores, the assignment
head predicts the nine candidate scores directly instead of through a Gaussian. Errors are EPE except
KITTI Fl. Bold marks the lowest error in each column.

Variant Things Clean Things Final Sintel Clean Sintel Final KITTIEPE KITTI Fl (%)
FATE 2.39 2.38 1.03 2.10 3.11 11.9
No reconstruction loss 2.68 2.61 1.05 2.17 3.14 12.4
No local attention 2.56 2.48 1.12 2.14 3.54 13.0
End-to-end assignment supervision 2.49 2.46 1.00 2.18 3.64 12.3
Independent assignment scores 2.58 2.55 1.02 2.24 3.16 12.1

3) Supervising assignments directly, rather than end to end, improves accuracy. FATE supervises each
module for its role (Fig. ). The token loss trains matching to produce each token’s correspondence,
and the assignment loss trains the assignments to decide which token should carry each pixel, given
the current probabilistic token-flow predictions. Applied end to end, the assignment loss also updates
these predictions, so it can be lowered by shifting a token’s flow or widening its uncertainty toward a
disagreeing pixel instead of reassigning that pixel. Direct assignment supervision improves every
result except Sintel Clean EPE, most on KITTI, where EPE falls from 3.64 to 3.11. Features, token
predictions and assignments are still learned jointly.

4) Gaussian assignment scores outperform independently predicted scores. Compared with predicting
the nine candidate scores independently from the same head, Gaussian scores improve every result
except Sintel Clean EPE, including Sintel Final EPE, which falls from 2.24 to 2.10. The Gaussian
couples each pixel’s candidate scores through the anchors’ relative positions (Appendix [F), yet a
token’s support can still take an irregular shape (Fig. [3).

Accuracy and computation. FATE predicts assignments at image resolution but matches and
refines fewer tokens. Appendix [D]profiles how this allocation affects accuracy and cost.

1) Fewer tokens make wider refinement and local attention affordable. In Table [/} with a quarter
as many tokens, FATE refines with twice WAFT’s recurrent-state and refinement width at similar
refinement cost, 453.9 versus 425.8 GMACs, whereas widening WAFT the same way would more
than double its refinement cost. Local attention of the same width likewise costs 20.6 GMACs over
FATE’s H /4 tokens versus 57.0 GMACs over WAFT’s H/2 grid.

2) With four refinement steps, FATE outperforms five-step WAFT at lower cost. In Table[8] four-step
FATE has lower error than five-step WAFT on every reported result while using 706.1 versus 732.4
GMACs. Our five-step default costs more than WAFT, 796.8 GMACs, and further lowers error on
five of the six reported results. A narrower FATE with WAFT’s width costs 636.3 GMACs and has
lower error than WAFT on every reported result except KITTI EPE.

5 Conclusion

Optical flow requires reliable matching from sufficient visual context and precise motion at every
pixel. FATE reconciles these demands by decoupling correspondence scale from flow resolution
while maintaining consistent visual grounding. Learned pixel-to-token associations adapt the size and
shape of correspondence support to image structure, pooling features for matching and combining
token motions into dense pixel flow. Flow supervision learns these associations without grouping
labels, allowing the model to predict them from appearance alone.

FATE achieves the lowest zero-shot Sintel Final and KITTI EPE among compared published methods.
Its largest gains occur at occluded or out-of-frame pixels, with further gains near motion boundaries.
At equal token counts, adaptive grouping outperforms fixed-grid alternatives, benefits more from
local attention, and better preserves pixel motion. With four refinement steps, FATE also outperforms
five-step WAFT at lower cost. These results show that adaptive correspondence support enables
reliable matching and precise pixel-level flow, with strong generalization to unseen real scenes.
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Common setting. Unless stated otherwise, we evaluate the DINOv3 systems from Section
FATE, released WAFT, and the fixed-grid WAFT-H/4 baseline with local attention, all trained on
FlyingChairs and FlyingThings3D. The fine-tuned results in Appendix [E]are the exception.

A Zero-shot transfer across backbones

In Table 5] FATE lowers zero-shot EPE on Sintel and KITTI with both DINOv3 and Depth Anything
V2 (DAV2) [30], compared with WAFT’s published results [8]]. KITTI Fl also improves with DINOv3,
and with DAv2 the two models tie at the reported precision.

Table 5: FATE lowers EPE with both backbones. Zero-shot results on the Sintel and KITTI training
splits. Bold: lowest error within each backbone, including ties at the reported precision.

Sintel KITTI
Backbone Method Clean Final EPE Fl (%)
DINOv3 WAFT [8] 1.28 256 3.49 12.9

FATE 1.03 210 311 11.9
DAv2 WAFT [8] 1.01 249 328 10.9
FATE 097 230 293 10.9

B Regional evaluation

The regional analyses test accuracy where direct matches are unavailable, at occluded or out-of-frame
pixels, and where neighboring motions differ, near motion boundaries.

B.1 Occluded and out-of-frame pixels

Pixel sets. A pixel is out of frame if its ground-truth endpoint = + F&'(z) falls outside Image 2.
On Sintel and KITTI, we combine these pixels with those whose targets are marked occluded by
the dataset annotations. On Things, we use endpoint bounds only, so in-frame occlusions are not
identified and visible means in frame. All sets are restricted to the valid pixels used for standard EPE.

Sintel’s official invalid mask further excludes pixels from visibility analysis, even when they remain
valid for standard EPE. Table 2] partitions the remaining population: visible-boundary pixels lie in the
boundary neighborhoods defined below, visible-coherent pixels are their complement among visible
pixels (coherent does not imply constant flow), and the third group is non-visible.

Regional EPE and error share. Let I be the pixels eligible for visibility analysis, pooled over
all evaluated image pairs, R C V one of the three categories, and e(x) = || F(z) — F$*(z)||2 the
endpoint error at pixel x. Table [2]reports the regional EPE and, as a percentage, WAFT’s error share

i  Yaerel@)
BPER =g 2 o) Sa= 200

®)

Unlike standard EPE, which averages within each image first, both weight every pixel equally. The
pixel and error shares of the three categories therefore each sum to 100% before truncation.

B.2 Accuracy near motion boundaries

Defining the evaluation region. To test accuracy where neighboring motions differ, we measure
EPE over a region we define around ground-truth motion boundaries. We identify these boundaries
from local changes in ground-truth flow 8¢, with strength

s(z) = [|ALFE (@) ]|2 + |82 FF (2) ]2, ©)

where each A takes the difference to the next pixel along one image axis. A difference contributes
only when both pixels have valid labels. For threshold 7, pixels with s(x) > 7 seed the boundary

14



region, which contains valid pixels in a 5 x 5 window around any seed. We pool endpoint errors over
this region. We evaluate 7 = 2, 3, 4 pixels; Table 2] uses 7 = 2 intersected with the visible set on
Sintel and KITTI, or the in-frame set on Things. The threshold study in Table[6]includes both visible
and non-visible pixels. At 7 = 2, this full boundary region covers 9.3% of valid pixels on Things,
6.2% on Sintel and 13.6% on KITTIL

Boundary precision improves across the tested thresholds. In Table[6] FATE has lower EPE in
this region than both fixed-grid models on every dataset at all three thresholds.

Table 6: FATE has lower EPE near motion boundaries at all tested thresholds. EPE is pooled
over the boundary region, including non-visible pixels; the threshold sets how large a local flow
change must be to count as a boundary. WAFT estimates motion for four times as many tokens as
FATE, and WAFT-H/4 with attention for the same number.

Things Sintel KITTI
System Clean Final Clean Final EPE
(a) Boundary threshold: 2 pixels
WAFT 1340 13.14 7.30 11.92 9.97
WAFT-H/4 + attention  10.77 10.65 697 1140 11.75
FATE 924 948 6.63 10.45 8.51
(b) Boundary threshold: 3 pixels
WAFT 1250 1237 7.38 1252 12.84
WAFT-H/4 + attention  10.08 10.07  7.02 11.90 15.30
FATE 856 8.77 6.64 11.03 10.65
(c) Boundary threshold: 4 pixels
WAFT 1229 1226  7.75 1338 1575
WAFT-H/4 + attention  10.02 999 734 1273 18.87
FATE 840 8.63 6.85 11.78 12.76

C Supplied-motion reconstruction protocol

This diagnostic measures how much pixel motion each model preserves when flow is pooled into
tokens and returned to pixels, independent of its token-flow accuracy. Table [3[c) reports the results.

Substituting pooled ground-truth flow. We first predict each model’s weights from the input
images and keep them fixed; neither model is retrained. For FATE, P, pools ground-truth flow into
tokens and P, broadcasts it back through the same assignments A. This is the ground-truth round
trip used by reconstruction supervision (Eq. (7)) and illustrated in Fig. @] For WAFT-H/4 with local
attention, we average ground-truth flow within each fixed cell and upsample it with the predicted
convex weights. Pooling and evaluation use valid ground-truth pixels. We report reconstruction EPE,
averaged within each image and then over images, rather than the robust training penalty D in Eq. (7).

What the reconstruction measures. Lower reconstruction EPE means that less pixel motion is
lost in the round trip. The comparison evaluates pooling and the return to pixels together; it does not
isolate their effects or decompose the end-to-end prediction error.

D Accuracy and computation

Computation is measured per 540 x 960 image pair with model-specific padding. Counts include
feature extraction, token matching features, all refinement steps and the final per-pixel flow output.

Fewer tokens make wider refinement and local attention affordable. In Table[/] suffixes give
recurrent-state and refinement widths: WAFT-64 is released WAFT, and FATE-128 is our main model.
At WAFT’s width, refinement over FATE’s tokens costs 293.8 versus 425.8 GMACs. Widening
WAFT to FATE-128’s width, profiled without training, raises its refinement cost to 943.9 GMACs.
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Table 7: Fewer tokens make wider refinement and local attention affordable. Resolution denotes
the token lattice; suffixes give recurrent-state and refinement widths; Steps counts refinement steps.
Costs are GMACs per 540 x 960 image pair; errors are EPE except KITTI Fl. Bold marks the lowest
refinement cost, total cost and error in each column. }: profiled only, not trained.

Cost (GMACs) Things Sintel KITTI
System Resolution Steps Attention Refinement  Total Clean Final Clean Final EPE Fl (%)
WAFT-64 [8] H/2 5 - 4258 7324 354 344 128 256 349 12.9
WAFT-128 + attn. ' H/2 5 57.0 9439 13132 - - - - - -
FATE-64 H/4 5 20.6 2938 6363 255 248 1.03 224 352 12.5
FATE-128 H/4 4 20.6 363.1 706.1 244 243 1.03 215 3.18 12.2
FATE-128 (main) H/4 5 20.6 4539 7968 239 238 103 210 3.11 11.9

Fewer refinement steps retain a favorable accuracy—computation trade-off. Table[§|evaluates
FATE and WAFT, both trained with five refinement steps, with one to five steps at inference and no
retraining. At the same number of steps, FATE has lower error than WAFT on every reported result
but uses more computation. Three-step FATE improves on five-step WAFT on every reported result
except KITTI Fl, at 16% lower computation (615.3 versus 732.4 GMACs).

Table 8: FATE has lower error than WAFT at every number of refinement steps. Both are trained
with five steps and evaluated with one to five without retraining. FATE-64 is separately trained with
64-dimensional recurrent-state and refinement features. Errors are EPE except KITTI Fl.

Things Sintel KITTI
System Steps Clean Final Clean Final EPE Fl(%) GMACs
WAFT 1 6.70 644 220 3.50 8.47 37.1 391.8
FATE 1 501 484 154 267 830 36.9 433.8
WAFT 427 415 149 288 4.67 18.5 477.0
FATE 291 284 1.10 229 4.09 17.1 524.5
WAFT 378 366 134 270 3.81 14.0 562.1
FATE 255 249 1.06 222 338 13.2 615.3

FATE 244 243 1.03 215 3.18 12.2 706.1

WAFT 354 344 128 256 3.49 12.9 732.4
FATE 239 238 1.03 210 3.11 11.9 796.8

FATE-64 255 248 1.03 224 352 12.5 636.3

2
2
3
3
WAFT 4 3.61 3.51 1.29 256 3.56 13.1 647.3
4
5
5
5

E Target-specific fine-tuning

The zero-shot advantage does not carry over to the current fine-tuned models. Table[9]compares FATE,
fine-tuned with WAFT’s recipe and submitted to the benchmark servers, with WAFT’s published
DINOV3 results [8] on the hidden test sets of Sintel, KITTI 2015, and Spring. FATE matches WAFT’s
reported Sintel Final EPE and trails it on Sintel Clean, both KITTI Fl variants, and all four Spring
metrics. Extending the transfer gains to target-specific fine-tuning remains open.

Benchmark metrics. Sintel reports EPE. KITTI reports FI over all labeled pixels (Fl-all) and
non-occluded pixels (Fl-noc). Spring provides four ground-truth values per image pixel and measures
error against the closest one. Its 1px metric is the percentage of pixels with endpoint error above one
pixel, and WAUC summarizes accuracy across error thresholds.
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Table 9: After fine-tuning, FATE matches WAFT on Sintel Final but trails it elsewhere. Bench-
mark test results for FATE and DINOv3 WAFT. Lower is better except WAUC (7).

Sintel KITTI 2015 Spring
System Clean Final Fl-all (%) Fl-noc (%) 1px (%) EPE Fl (%) WAUC 1
WAFT 0.94 2.02 3.56 2.13 3.18 0.33 1.25 95.05
FATE 1.06 2.02 3.67 2.35 343 035 1.30 94.86

F Assignment parameterization and training objectives

We specify the assignment scores and training objectives summarized in Section[3} The operators and
flow fields retain the same pixel/token subscripts. Matrix entries select an individual pixel or token
and flow component; for example, [F}],.. is component c of token ¢’s flow. Both transformations in
the loss signatures are determined by the shared assignments A.

Gaussian assignment scores. For pixel x, the anchor of its lattice cell defines the local origin. Its
candidate anchors ¢ € N (x) have offsets d,, € {—1,0,1}2. The five predicted parameters are a
mean offset i, € R? and three entries of a lower-triangular factor L, with positive diagonal, which
defines the inverse covariance G, = LIL;,F. The scores and normalized assignments are

Qzq = _%(5wq - Mw)TGw((Sa:q — fiz), Apg = M'

ZTEN(Q:) €XP Qgr
Entries outside A/ (x) are zero. Since a,, is the log-density of a Gaussian with mean j, and
covariance G 1 up to a constant that cancels in the softmax, A, is that density at d,,, normalized
over N/ (z). The parameterization couples each pixel’s candidate scores through their relative spatial
positions; it does not constrain a token’s collected support to a Gaussian shape.

(10)

Probabilistic token-flow predictions. The probabilistic flow field f(gt) comprises a distribution for

each flow component of each token. We write its density as pét)c( f). Following SEA-RAFT [20], it is
a two-component Laplace mixture centered on the corresponding flow estimate:

(11)
t
bfb}c

2
1
PYL(f) = Wét;)cﬁ exp (
k=1 2bq,k

Here ¢ € {1,2} indexes the flow components, and 77((;,)9 are softmax-normalized mixture weights.
Both mixture components share the flow center. The implementation bounds the first log-scale
to [0, 10] and fixes the second to zero; scales and mixture weights are shared across the two flow
components. These mixture weights are distinct from pixel-to-token assignments. Image inputs and
model parameters are suppressed in the notation.

Valid labels and pseudo-ground truth. Let V' denote the valid training pixels. Write PqV (A) for
weighted pooling restricted to valid labels. The pseudo-ground-truth token flow is F§t = PqV (A)Fgt,
and the validity weight w, = [P,(A)1v], is the fraction of a token’s support with valid labels. The
pseudo-ground truth and validity weights are recomputed from the current assignments and held fixed
for token supervision. Feature pooling and matching remain differentiable through the assignments.

Mixtures of neighboring flow predictions. The pixelwise mixture Mixp, []—'ét)] in Eq. (6) has

component density pSL Since [Py]zq = Aqg. its weights come from the pixel assignments. For the
assignment objective, let S(x) denote the candidate tokens included in the training mixture. Their
assignment weights are renormalized within this set:
Ay
)= 2 s pin(). (12)
qES(l‘) TES(:E) T

Token-flow and uncertainty predictions are held fixed for this objective; the assignments and their
shared features learn through the mixture weights. The end-to-end assignment supervision variant
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in Table ] removes this restriction while keeping the pseudo-ground-truth token flow fixed. Mixing
is performed separately for the two flow components, rather than forming a likelihood around an
averaged flow vector. Dense inference still uses all nine assignment weights in F, = P, F.

Loss reductions and joint training. The NLL operator in Eqgs. (3) and (6) takes a predicted
distribution first and a target second. It averages over flow components and aggregates over tokens or
valid pixels. With pseudo-ground truth and validity weights fixed for token supervision, and token
predictions fixed for assignment supervision, the two objectives are

Ligen = 22 m quZlogp“) (1) (13)
L=~ Q‘V‘ZZIngM (FS,.) . (14)
z€V c=1

For motion preservation, we recompute F8% = P.(A)P) (A)Fg" with both transformations differen-
tiable. With p(z) = \/||z]|3 + 106 — 1073, the reconstruction objective, specifying D in Eq. (7),

is - |V| Z (th — [FEY,, ) (15)

This branch does not reuse the fixed pseudo-ground-truth token flow. Training numerators and
denominators pool entries across the minibatch; these training reductions are distinct from benchmark
evaluation conventions.

The first two objectives supervise every refinement step, while reconstruction is added once:

T
L= Z 7T7t ( token + Egsmgn) + AreCOnLrecorp (16)
t=1

Weuse T' = 5, 7 = 0.85, and A\econ = 1. All objectives are optimized jointly. Holding the stated
predictions fixed within one objective separates its direct gradient paths; it does not freeze the shared
features or introduce alternating optimization.

G Code and model availability

The training code and the main checkpoint are available at github.com/chenglinh/FATE,
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction state the paper’s central claim: learning adaptive
correspondence tokens, whose shared pixel-to-token associations pool features for matching
and combine token motions into dense flow, improves zero-shot optical flow. The method,
ablations, zero-shot results, and benchmark comparisons are aligned with this scope.

Guidelines:

e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Appendix [E] discusses the limitation that FATE’s zero-shot advantage does
not consistently transfer to target-specific fine-tuning. With WAFT’s fine-tuning recipe,
FATE matches WAFT on Sintel Final but trails it on the other reported benchmark metrics;
improving target-specific fine-tuning remains an open direction.

Guidelines:

» The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper does not present theoretical theorems or formal proofs. The
mathematical content defines the model, assignment parameterization, reconstruction, and
training objective.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper describes FATE’s architecture, training objectives, experimental
setup, and evaluation protocols. The training code and the checkpoint of our main model are
available at https://github. com/chenglinh/FATE; see Appendix

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The experiments use public datasets. The training code and the checkpoint
of our main model are available at https://github.com/chenglinh/FATE; see Ap-

pendix [G]
Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https !
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: The paper describes the datasets, feature backbones, ablation configurations,
metrics, and evaluation protocols. The remaining training settings, such as optimizer
parameters, learning-rate schedules, batch sizes, and augmentations, are specified in the
released training code; see Appendix [G]

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
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Justification: The paper reports deterministic benchmark metrics and controlled ablations
but does not report error bars or statistical significance tests, due to the high computational
cost of training multiple optical-flow models for each setting.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:

Justification: The paper reports per-pair computation in GMACs (Appendix [D)) but not the
hardware, memory, runtime, and total-compute information required by this question.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conforms to the NeurIPS Code of Ethics. It uses public optical-
flow datasets and does not involve private data, human subjects, or data collection from
users.

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
o If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.
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* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

11.

12.

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:

Justification: The paper focuses on optical-flow methodology and benchmark evaluation; it
does not include a dedicated discussion of broader societal impacts.

Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible

release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release high-risk generative models, scraped datasets, or
models with obvious dual-use risks requiring special safeguards. The work is an optical-flow
estimation method evaluated on standard public benchmarks.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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13.

14.

Answer: [Yes]

Justification: The paper credits the datasets, pretrained backbones, and baseline methods
used in the experiments. FATE code is released under the BSD 3-Clause license; pretrained
DINOv3 weights and other third-party assets retain their respective licenses and terms of
use.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The new assets are the training code and the checkpoint of our main model,
which are available with usage instructions at https://github.com/chenglinh/FATE;
see Appendix

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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15.

16.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: The paper does not involve human-subject research and therefore does not
require IRB approval.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]

Justification: LLMs are not used as part of the core method, experiments, or scientific
contribution. Any use for writing, editing, or formatting does not affect the methodology or
results.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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