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Abstract

Dense optical flow estimates where every pixel moves between two images. It
must be precise and robust. Both properties depend on two choices: which units
to match, and what evidence to match them with. Small units localize precisely
but carry weak evidence. Large units carry richer evidence but can mix motions
across boundaries. Recent work has strengthened the evidence with better features,
cost volumes, attention, and generative priors. The unit, however, is still a fixed
grid point. We propose DACE: Dense flow from Adaptive CorrespondencE, which
learns the units while keeping the evidence dense. A differentiable assignment
groups pixels into tokens, builds their descriptors from dense image features, and
maps token motion back to pixels as dense flow. Tokens can be large where motion
is coherent and small near boundaries and fine detail. Grouping and matching
are learned jointly from flow supervision: grouping makes matching easier, and
matching shapes grouping. DACE achieves the lowest zero-shot Sintel Final and
KITTI endpoint errors among published methods, with fewer MACs than most.
Controlled comparisons with fixed grids show that the gain comes from the adaptive
units, which make DACE both more precise near motion boundaries and more
robust where no match is visible, such as at occluded or out-of-frame pixels.

Input images Learned tokens Predicted dense flow

Figure 1: Dense flow from adaptive correspondence. DACE replaces fixed grid points with learned
matching units. White contours show how pixels are grouped into tokens: groups follow coherent
regions and stay sharp near boundaries. Token motion is mapped back to pixels, so the predicted flow
keeps sharp boundaries and thin structures. Color shows flow direction and magnitude.

1 Introduction

Visual correspondence asks which elements in different images refer to the same scene content. It
underlies optical flow [I} 2]], point tracking [3]], and multimodal alignment [4]. The shared question
is how to make correspondence both precise and robust across views and appearance change. We
study this question through two-frame optical flow, which estimates where every pixel moves in the
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Figure 2: Adaptive correspondence combines precision and robustness. (a) Why adaptive units
help, in an idealized example where only the matching units differ. The striped part of the object has
no visible match. (b) Zero-shot results of competitive methods with public checkpoints trained on
FlyingChairs and FlyingThings3D, the same training data as DACE.

next frame. Flow is widely used, from action recognition [3] and autonomous driving [6] to action
prediction in video world models [[7]]. It is also a cleaner testbed than long-range point tracking
[8L10], which often relies on semantics. For flow, precision means localizing motion exactly at
boundaries and thin structures. Robustness means estimating motion reliably where evidence is weak
or missing, such as at textureless, occluded, or out-of-frame pixels.

Precision and robustness are hard to achieve together, because both depend on two coupled choices:
which units to match, and what evidence to match them with. Small units, such as keypoints or
grid cells, support precise localization, but often carry weak evidence. Large units, such as image
regions or object parts, carry richer appearance, shape, and motion context. However, their boundaries
are harder to delineate, and their interior may not move as one. What helps localization may hurt
matching; what helps matching may hurt localization.

Progress in optical flow has mostly strengthened the evidence. PWC-Net uses pyramidal cost
volumes to handle large displacements [[I1]], and RAFT builds all-pairs correlations and recurrently
refines a flow field on a grid [12]]. Transformer-based methods improve global matching and context
aggregation [T4]). WAFT achieves high accuracy by iteratively warping features, without explicit
cost volumes [13]. Diffusion-based methods add learned priors for ambiguous regions: some treat
flow estimation as denoising [16} [17]], and others extract correspondence features from pretrained
diffusion models [[18,[19]. Yet the unit of correspondence has stayed the same: points on a regular
grid. The grid is a natural choice, because the desired output is itself a dense, pixel-accurate flow
field. A grid point may attend globally, be refined recurrently, or be guided by a generative prior, but
it is still the unit whose motion is estimated. The question is not whether a grid point has enough
context, but whether it should be the fixed unit of correspondence in the first place.

This fixed-unit recipe is so familiar that it is easy to miss how odd it is. The goal is correspondence
everywhere, yet motion is estimated only at fixed points. A single point is ambiguous in textureless
regions and suffers from the aperture problem along edges. A larger piece can be more informative,
as long as it does not span two motions. A sleeve or a car body may contain no single distinctive
point, yet each moves as a coherent whole. Once such a piece is matched, assigning motion inside it
becomes easier, even for parts that become occluded or leave the frame. Such a piece should also
transfer better to new datasets. A change in texture or lighting can mislead a single point, but a whole
piece is matched using evidence pooled over many pixels.

Our answer is that the matching unit should adapt. Dense output need not rely on dense grid points.
Sometimes the right unit is local and point-like, anchored by a clear visual cue. Sometimes it is
broader and irregular, held together by common motion, as in the Gestalt principle of common fate
[20, 21]. We illustrate why adaptive units help in Figure[2a] with an idealized example where only
the units differ. Large grid cells pool enough evidence to estimate the motion of a faintly textured
object, even where it has no visible match. But a cell straddling its boundary carries one motion
for both object and background, so the boundary blurs. Small grid cells keep the boundary but err
where the texture is faint and fail where no match is visible. Adaptive units, as many as the large
cells, follow the object, so they keep the boundary and still match reliably.



In practice, the object is not given. Appearance alone is an unreliable guide to common motion: a
white car can look like the bright road it drives on. Motion would be the right cue, but it is known only
after matching. The unit should thus come from a learned prior of what tends to move together. Pixels
should be grouped sharply at boundaries but can be shared among units inside coherent regions.

We propose DACE: Dense flow from Adaptive CorrespondencE, which learns its matching units
together with their motion while keeping the evidence dense (Figure [T)). DACE groups pixels into
tokens, builds their descriptors from dense image features, matches the tokens between frames, and
maps token motion back to pixels as dense flow. Grouping and matching share features and are
learned jointly from flow supervision, so common fate works in both directions. A good grouping
makes motion easier to estimate, and learning to estimate motion teaches the model which pixels
should share a token and which should stay separate.

Following the standard protocol, we train DACE on the synthetic FlyingChairs and FlyingThings3D
datasets [22), 23] and evaluate zero-shot on Sintel and KITTI [24, 25]]. Zero-shot transfer matters
because dense motion labels are scarce in real scenes. DACE achieves the lowest Sintel Final
and KITTI endpoint errors among published methods, with fewer MACs than most. Figure 2b]
compares precision near motion boundaries and robustness on occluded and out-of-frame pixels with
competitive prior methods trained on the same data: DACE has the lowest errors in both regions on
KITTI, and is close to the far more expensive SAMFlow on Sintel Final.

Our main contributions are:

* We show that dense optical flow need not be estimated at fixed grid points: its matching
units can adapt to what tends to move together, while the image evidence stays dense.

* We introduce a differentiable pixel-to-token assignment that forms tokens from dense
features and maps their motion back to pixels, so grouping and matching are learned jointly.

* We achieve the best zero-shot accuracy on Sintel Final and KITTI among published methods.
Controlled comparisons with fixed grids, including one with four times as many units, show
that the gain comes from the adaptive units, which improve precision and robustness.

2 Related Work

Correspondence evidence on fixed grids. Deep optical flow has steadily strengthened matching
evidence. FlowNet2 stacks warping networks [26], and coarse-to-fine pyramids combine evidence
across scales [[11,27]. RAFT [[12] and its recurrent variants [28] refine flow with correlation lookups,
and DPFlow adapts its pyramid to the input resolution [29]]. Transformers support global matching
[L3] and cost-volume encoding [14}130]. Other methods use geometrically pretrained features [31]],
diffusion priors [[16} [17], or warping without cost volumes [15]. GMA [32] targets occluded and
out-of-frame pixels by propagating motion among grid points with similar context features. This acts
as an implicit grouping, learned only from flow supervision. Yet in all of these methods, the units
whose motion is estimated are grid points, each tied to the same block of pixels no matter what that
block contains. DACE instead groups pixels into tokens according to what the image contains, and
estimates motion for each token. A token can thus follow a coherent region and end at a boundary.

Learned superpixels. Superpixels partition an image into compact regions that follow image
boundaries [33} [34]]. SSN [35] and SpixelFCN [36] make this partition differentiable by softly
assigning each pixel to nearby superpixels, so per-pixel features or labels can be pooled into regions
and mapped back to pixels. Their goal is a good partition of a single image. They can also be trained
to preserve labels such as semantic classes or ground-truth flow, but they do not estimate flow. When
SpixelFCN is applied to stereo, superpixels downsample the input images, so matching starts from
region-averaged colors. DACE adopts the same local soft assignment for a different purpose. Its
tokens, with descriptors built from learned features, are the units matched between frames. Their
grouping is learned jointly with the matching, without an appearance objective.

High-resolution evidence and correspondence units. High-resolution features resolve fine struc-
ture and motion boundaries. WAFT [15] shows that matching at higher resolution improves flow
accuracy. Halving the grid spacing, however, quadruples the number of units whose motion must
be estimated and refined. We argue that the benefit comes largely from resolving boundaries, which
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Figure 3: DACE groups pixels into tokens, matches the tokens, and maps their motion back
to pixels. Shared image features feed the membership head and token description. The learned
assignment pools features into tokens, which gather local context before matching and iterative
motion refinement. The Image 1 assignment broadcasts token motion back to its pixels. Image 2
follows the same feature, membership, and description pipeline with shared weights.
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grouping can exploit without a finer grid. DACE therefore uses high-resolution features to place
token boundaries and build token descriptors, while estimating motion on fewer adaptive tokens.

3 Method

Overview. DACE learns what to group together with how it moves. Given Image 1, I;, and
Image 2, I, each of size H x W, DACE estimates every pixel’s displacement z — x + f(z), with

f e R2XH*W ‘Ingtead of estimating motion at fixed grid points, DACE groups pixels into tokens,
matches the tokens between the two images, and maps their motion back to pixels.

Figure [3|summarizes the pipeline. A shared backbone extracts dense features from each image. A
membership head predicts how strongly each pixel belongs to each nearby token. Pooling features
over each token’s pixels, followed by local attention, produces token descriptors. Matching and
refinement then estimate each token’s motion. Image 1’s memberships broadcast token motion back to
pixels, so the output stays dense although motion is estimated only per token. The same memberships
also define the training losses (Section [3.3). Because every step is differentiable, grouping and
correspondence are learned end to end from shared features.

3.1 Learning the correspondence unit

Pixel-to-token assignment. We predict each pixel’s soft memberships over nearby tokens from
the dense features (Figure f{a)). Tokens have fixed anchors ¢ on a lattice spaced S image pixels
apart. The lattice fixes how many tokens there are and roughly where they sit; the image determines
which pixels each token covers. Pixel « can belong to the tokens at the 3 x 3 anchors around its cell,
N(x) = {qi(x)}?_,, with local offsets §; € {—1,0,1}? in token-lattice units. A token therefore
draws pixels only from its own and neighboring cells.

The membership head predicts five parameters per pixel: a mean u(z) € R? and a lower-triangular
factor L(z) with positive diagonal, which defines the inverse covariance G(z) = L(z)L(z)". A

Gaussian with this mean and inverse covariance scores each candidate anchor, and a softmax converts
the scores to memberships:

ai(z) = =5 (8 — p(x)) " G(x) (6 — (),
exp a;(x) (D
> j=1expa;(z)
Here A;(z) is the probability that pixel = belongs to token g;(x), with Z?:l A;(z) = 1. The mean
shifts membership toward some anchors, and the inverse covariance sets how concentrated it is and

along which direction. A concentrated Gaussian puts a pixel on a single token, as needed at a motion
boundary; a broad one spreads it over several tokens, as inside a coherent region.

Pooling and broadcasting. The assignment A = {A;}?_; defines two operators: P4 pools pixel
values into tokens, and B4 broadcasts token values to pixels (Figure F_fkb,c)). For a dense map z,
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Gaussian scores define nine memberships. Normalize pixel contributions at each token. Blend token values using pixel memberships.
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Figure 4: One assignment connects membership prediction, pooling, and broadcasting. (a)
Gaussian scores a;(x) for pixel  are normalized into memberships A;(z) over its nine neighboring
anchors. (b) Incoming memberships define a weighted mean of pixel values at token g. (c) Each
pixel blends neighboring token values using the same memberships. Black dots denote fixed anchors,
spaced S pixels apart; only a few pooling links are drawn for clarity. All operations are differentiable.

(Paz)(q) is the weighted mean of all pixels that have ¢ among their candidates. The condition
gi(x) = g selects these links; their local index ¢ can differ across pixels:

Zx,i:qi(z):q AZ(SU)Z(QT)
Zx,i: qi(x)=q A1<x) +€ .

Here € stabilizes the denominator. Broadcasting blends the nine neighboring values of a token map «
using each pixel’s memberships:

(Paz)(q) = 2

9

(Bau)(x) =Y Ai(x)u(gi(x)). 3)

i=1

Both operators are differentiable, so grouping can be learned jointly with correspondence.

3.2 Describing and matching adaptive tokens

Token descriptors. Unlike standard pooling or patch merging, which combine features over fixed
spatial groups [37], DACE pools features over the pixels assigned to each token, so each descriptor
summarizes an image-dependent group of pixels. Each pooled feature T'(q) = (P4 F’)(q) then queries
the dense feature map F’ through local attention, with features in a window W(q) as keys and values:

T(q) = LocalAttn(T(q), Flw(qg) F|W(q)). 4)
The grouping defines what each token is; attention adds context from nearby dense features that helps

recognize it in the other image, without adding tokens whose motion must be estimated.

Matching and motion inference. We match the two images’ token maps 77, 75 by iterative warping
and refinement, following the recurrent update of WAFT [15]]. At step ¢, d;(q) is the displacement in
token-lattice units and h, is the recurrent state. Starting from dy = 0, warping bilinearly samples 75
at ¢ + d;(q), and the update module ¥ predicts a motion correction:

(Adt, ht+1) = \I’(Tl, W&I‘p(TQ, dt), ht, dt), dt+1 == dt + Adt (5)

The assignment is predicted once per image and reused across updates. Image 1’s memberships
broadcast token motion to pixels, with S converting it to image-pixel units:

fi(z) = (Ba(Sdy))(z). (6)

Refinement combines matching evidence and spatial context across tokens, and broadcasting passes
each token’s motion to all of its pixels. A pixel that becomes occluded or leaves the frame can thus
receive motion estimated from visible parts of the same structure.



3.3 Learning grouping and correspondence jointly

Three losses, all computed from ground-truth flow, train the model jointly. The token loss supervises
each token’s motion. Two further losses act on the assignment directly: one uses the predicted token
motions to teach each pixel which neighboring token moves like it, and the other uses ground-truth
flow alone to keep each token within a single motion. All three shape the grouping, so it is learned
from motion rather than from an appearance objective or segmentation labels.

Token motion supervision. For each token, the model predicts motion Sd(q) in image pixels and
an uncertainty, following the probabilistic loss of SEA-RAFT [28]]. The likelihood p,(-;0,) is a
mixture of Laplace distributions centered on the predicted motion; their scales and mixture weights
express the uncertainty, and ¢, collects all these parameters. The target is ground-truth flow f*
pooled over the token’s pixels. With ¢x11,(p, u) denoting the negative log-likelihood of target u under
prediction p, the token loss is

u* = sg(A)f*a ‘gtoken(q) = eNLL(pq('; 9‘1)7 u* (q)) . (7)

Here sg stops gradients through the pooled target *, which is recomputed as the assignment changes.
Without it, the assignment could lower the loss by moving the target toward the prediction. Gradients
through matching, refinement, and descriptors still reach the backbone and membership head, so this
loss also teaches the grouping which pixels provide useful matching evidence.

Assignment supervision. This loss teaches each pixel to favor the neighboring token whose motion
explains the pixel’s own flow. At an object boundary, a pixel’s flow may match a token on the object
but not one on the background. We mix the token likelihoods with weights R(z, q), the pixel’s
memberships renormalized over the neighboring tokens used in this loss. Holding each token’s
motion and uncertainty fixed, we evaluate the pixel’s flow f*(x) under this mixture:

Eassign(x) = ENLL Z R(%Q)pq(,Sg(eq)),f*(x) . (8)

qeN ()
Because the loss compares each token’s prediction with the pixel’s flow instead of averaging the
predictions first, it rewards putting weight on the token that moves with the pixel rather than on a

blend of motions. This encourages sharp grouping at motion boundaries. Detaching 6, sends this
loss only to the membership head and backbone; token motion is supervised by the token loss.

Flow-consistency supervision. Following the reconstruction loss of SSN [35]], we pool ground-
truth flow into tokens, broadcast it back, and compare the reconstruction f7 with the original flow
using a Charbonnier penalty ¢,¢.:

uz = PAf*, f:l :BAUTM gﬁow(x) :grec(f:\(x%f*(m))' (9)

Gradients reach the membership head and backbone through both operators. A token spanning two
motions reconstructs neither well, so this loss keeps each token within a single motion.

Combined objective. We apply the token and assignment losses at every refinement step and write
their averages at step t as Lioken,t and Lagsign,¢- Since the assignment is shared across steps, the
flow-consistency loss Lqy is added once. With T refinement updates, iteration decay -y, and weight
Aflow» the combined objective is

T
L= Z "YTit (‘Ctoken,t + £assign,t) + Aﬂowﬁﬂovw (10)
t=1
Each loss directly supervises motion or the assignment; all three shape the shared features.

4 [Experiments

We compare DACE with prior methods, then examine where it reduces error, whether adaptive tokens
drive the gains, which design choices matter, and how accuracy trades off against computation.



Experimental setup. We build DACE on WAFT [15], sharing its DINOv3 ViT-S backbone, feature
warping, and transformer-based recurrent update, with five updates in training and inference. We use
this backbone throughout the main paper and report Depth Anything V2 [38]] results in Appendix [A]
To isolate the benefit of adaptive tokens, we compare DACE with fixed-grid models. For an H x W
image, all models extract features at (H/2) x (W/2), and DACE estimates motion for tokens on an
(H/4) x (W/4) lattice. WAFT estimates motion on a fixed grid at the feature resolution. WAFT-H/4
differs only in estimating motion on a fixed (H/4) x (W/4) grid; we write H/2 and H /4 for these
resolutions. We also test WAFT-H/4 with the local attention that builds DACE’s token descriptors
(Eq. @)), so each grid point draws context from the dense features. The fixed-grid models use
convex upsampling [12]], whereas DACE broadcasts token motion to pixels through the memberships
(Eq. (6)). WAFT results use its released checkpoint. We train both WAFT-H/4 variants with WAFT’s
code and loss, and all models we train follow WAFT’s training data and optimization recipe.

We train on FlyingChairs and then FlyingThings3D, and evaluate zero-shot on the training splits of
Sintel and KITTTI. For in-distribution analyses, we also evaluate on the FlyingThings3D test split
(Things). Things and Sintel each have Clean and Final renderings, abbreviated C and F in tables.

Metrics. Endpoint error (EPE) is the distance in pixels between predicted and ground-truth flow,
averaged within each image and then over images. KITTT also reports Fl, the percentage of pixels
whose error exceeds both 3 pixels and 5% of the true motion. For regional analyses, we pool EPE
over all pixels in a subset, such as pixels whose target is occluded or out of frame (Appendix [B.T].
On Things we use image bounds only, so this subset contains only out-of-frame pixels. MACs count
multiply—accumulate operations for one 540 x 960 image pair.

Table 1: DACE achieves the lowest Sintel Final and KITTI EPE with fewer MACs than most
methods. Zero-shot results on the Sintel and KITTI training splits after training on FlyingChairs and
FlyingThings3D. Bold: lowest error in each column. —: not reported.

Method Sintel KITTI MACs

Clean Final EPE Fl (%) (G)
FlowNet2 [26] 2.02 3.14 10.10 30.4 230
PWC-Net [[1L1] 2.55 3.93 10.40 33.7 101
RAFT [12] 1.43 2.71 5.04 17.4 938
GMA [32] 1.30 2.74 4.69 17.1 1352
SKFlow [39]] 1.22 2.46 4.27 15.5 751
DIP [40] 1.30 2.82 4.29 13.7 3068
CRAFT [41]] 1.27 2.79 4.88 17.5 2274
GMFlowNet [42] 1.14 2.71 4.24 15.4 1094
FlowFormer [[14]] 1.01 2.40 4.09 14.7 1715
EMD-L [43] 0.88 2.55 4.12 13.5 1755
FlowFormer++ [30]] 0.90 2.30 3.93 14.1 1713
MatchFlow(G) [31] 1.03 2.45 4.08 15.6 1669
AnyFlow [44] 1.10 2.52 3.76 12.4 -
RPKNet [45]] 1.12 2.45 - 13.0 137
CCMR+ [46] 0.98 2.36 - 12.9 12653
SEA-RAFT(L) [28] 1.19 4.11 3.62 12.9 655
SAMFlow [47] 0.87 2.11 3.44 12.3 9717
FlowDiffuser [[17] 0.86 2.19 3.61 11.8 2466
DPFlow [29] 1.02 2.26 3.37 11.1 414
WAFT [15] 1.28 2.56 3.49 12.9 732
DACE 1.03 2.10 3.11 11.9 796

4.1 Zero-shot transfer

DACE achieves the lowest EPE in realistic settings. Training on synthetic data and testing on
unseen datasets measures transfer across data distributions. This is the most relevant indicator for
real-world use, where new domains rarely have flow labels. In Table E], DACE has the lowest EPE
on Sintel Final, which adds realistic effects such as motion blur, and on KITTI’s real driving scenes.
DACE also needs fewer MACs than most methods. The two methods closest to it on Sintel Final,
SAMFlow and FlowDiffuser, need 3 to 12 times as many.



Table 2: DACE lowers EPE where no match is visible and near motion boundaries. EPE is
pooled over the pixels of each region. Region (c¢) contains pixels within two pixels of a ground-truth
motion boundary and overlaps (a) and (b). Share: the region’s percentage of valid pixels.

(a) Visible (b) Occluded/out-of-frame (c) Motion boundaries
Dataset WAFT DACE Share (%) WAFT DACE Share (%) WAFT DACE
Things C 2.14 1.37 6.4 23.03 16.61 9.3 13.40 9.24
Things F 2.09 1.40 64 2196 15.89 9.3 13.14 9.48
Sintel C 0.65 0.49 8.4 7.95 6.77 6.2 7.30 6.63
Sintel F 1.59 1.28 84 12.86 10.93 62 1192 1045
KITTI 2.01 2.05 13.9 13.65 11.05 13.6 9.97 8.51

Image 1 Ground-truth flow WAFT

¥

Image 2 Occluded / out-of-frame DACE (ours)

Image 1 Ground-truth flow WAFT

Image 2 Occluded / out-of-frame DACE (ours)
Figure 5: DACE recovers motion where no match is visible and preserves fine structure. (a) Sintel
and (b) KITTI examples. Both models are evaluated zero-shot after training only on FlyingChairs and
FlyingThings3D. In occluded/out-of-frame maps, blue marks these pixels, gray other valid pixels, and
black pixels excluded from evaluation. Ground truth and both predictions share one color mapping
per pair: hue shows direction and intensity shows magnitude.

4.2 Where DACE reduces error

Occluded and out-of-frame pixels concentrate flow error. Table 2|compares WAFT and DACE
on three regions: visible pixels, occluded or out-of-frame pixels, and pixels near motion boundaries.
The second region makes up 6.4-13.9% of valid pixels, yet causes 42.3-52.2% of WAFT’s EPE
(Appendix [B.T). Such pixels are more common in dynamic scenes and under large camera motion, as
in KITTI’s driving videos. With no visible match, their motion must be inferred from context.

DACE is more robust where no match is visible. A token covers many pixels, so its motion can
be estimated from those that stay visible and shared with those that do not. In Table 2 DACE lowers
EPE on occluded and out-of-frame pixels on every dataset. On Things and Sintel, these reductions
are six to nine times those on visible pixels. On KITTI, DACE’s visible-pixel EPE stays close to
WAFT’s (2.05 vs. 2.01), so DACE’s KITTI gain comes from occluded and out-of-frame pixels.

DACE is more precise near motion boundaries. Precision matters most at motion boundaries,
where a small misplacement gives pixels the motion of the wrong surface. We define boundary EPE
as the EPE within two pixels of ground-truth motion boundaries, found by thresholding the local flow
change at 2 pixels. In Table 2] these pixels make up 6.2-13.6% of valid pixels, and DACE lowers
their EPE on every dataset, although WAFT estimates motion for four times as many units. DACE’s



advantage also holds at thresholds of 3 and 4 pixels and against WAFT-H/4 with local attention
(Appendix [B.2). DACE’s tokens can end at a boundary instead of mixing the motions on both sides.

Qualitative comparison. In Figure 5(a), the blue mask marks where the cape has no visible
match. DACE recovers its motion and outline, which WAFT largely misses. In (b), DACE predicts
coherent motion where the road leaves the frame and keeps sharper outlines of the vehicle and trees.
Appendix [C] shows four additional examples with corresponding token and assignment-entropy maps.

4.3 Adaptive tokens versus a fixed grid

To isolate the effect of adaptivity, we compare DACE with both WAFT-H/4 variants, which estimate
motion on a fixed grid at DACE’s token resolution.

Table 3: Adaptive tokens outperform a fixed grid at the same resolution and gain more from
context. Attention gain is EPE without minus with local attention.

(a) Overall accuracy (b) Occluded/out-of-frame EPE
Things Sintel KITTI Things Sintel KITTI
System Attn. C F C F EPE Fl(%) System Attn. C F C F EPE
WAFT-H/4 - 293 2.72 1.08 249 396 133 WAFT-H/4 - 19.65 17.79 7.15 1291 14.87
WAFT-H/4 v 2.73 2.62 1.07 2.57 3.75 12.6 WAFT-H/4 v 1898 17.64 7.19 1290 14.09
DACE — 256 248 1.12 2.14 3.54 13.0 Attention gain 0.67 0.15 —0.04 0.01 0.78
DACE v 239 238 1.03 2.10 3.11 119 DACE _ 1749 1655 6.89 11.40 12.96
DACE v 16.61 1589 6.77 1093 11.05
Attention gain 0.88 066 0.12 047 191

Adaptive tokens outperform a fixed grid at the same resolution. In Table[3(a), DACE improves
every metric over both WAFT-H/4 variants. Without attention in either model, DACE is still better on
five of six metrics. Adding attention to the fixed grid helps on Things and KITTI but does not close
the gap, so the gain is not explained by added context alone.

Context helps adaptive tokens more where no match is visible. In Table 3(b), local attention
lowers occluded/out-of-frame EPE more for DACE than for the fixed grid on every dataset.

4.4 Design choices

Table A changes one design choice of DACE at a time.

Table 4: Every alternative is less accurate than DACE on most metrics. Each row changes one
design choice from DACE and keeps all other settings fixed.

Things Sintel KITTI
Local Flow Stop-
Variant Membership  attn.  consist.  gradient C F C F EPE Fl(%)
DACE Gaussian v v v 239 238 1.03 210 3.11 11.9
Direct logits Direct v v v 258 255 1.02 224 3.6 12.1
No local attention Gaussian - v v 256 248 1.12 2.14 354 13.0
No flow consistency ~Gaussian v - v 268 261 1.05 217 3.14 12.4
No stop-gradient Gaussian v v - 249 246 1.00 2.18 3.64 12.3

Gaussian memberships outperform direct logits. The direct-logit variant predicts the scores
a;(x) directly instead of from a Gaussian (Eq. (I)). The Gaussian improves Things, Sintel Final, and
KITTI, so a Gaussian shape helps the memberships, which still adapt to the image.

Local attention improves every metric. The grouping defines each token, and attention adds
nearby context that helps recognize it in the other image, especially on KITTI (3.54 to 3.11 EPE).



The flow-consistency loss improves every metric. Without this loss (Eq. (9)), the grouping is
trained only through the token and assignment losses. Asking each token directly to stay within one
motion complements what the grouping learns from matching.

The stop-gradient in the assignment loss helps. Removing the stop-gradient on 6, in Eq. (§) lets
the assignment loss also update token motion and uncertainty. This hurts Things, Sintel Final, and
KITTI, and helps only Sintel Clean. Token motion is better learned from the token loss alone, leaving
the assignment loss to train the membership head and backbone.

4.5 Accuracy and computational cost
With a quarter as many units as WAFT, DACE can afford more computation per unit.

Table 5: Fewer units leave room for richer processing. Costs are GMACs for one 540 x 960 image
pair; errors are EPE except KITTI Fl. {: profiled only, not trained.

Cost (GMACs) Things Sintel KITTI
System Resolution Updates Attention Refinement  Total C F C F EPE Fl (%)
WAFT-64 [15] H/2 5 - 4258 7324 354 344 128 256 349 12.9
WAFT-128 + attn. T H/2 5 57.0 9439 13132 - - - - - -
DACE-64 H/4 5 20.6 293.8 6363 255 248 1.03 224 352 12.5
DACE-128 H/4 4 20.6 363.1 706.1 244 243 1.03 215 3.18 12.2
DACE-128 (main) H/4 5 20.6 4539 796.8 239 238 1.03 210 3.11 11.9

Model variants. Suffixes in Table [5] give the channel width of the recurrent state h; and its
refinement layers. WAFT-64 is the released WAFT, and DACE-128 is our main model. DACE-64
halves the state width. WAFT-128 widens WAFT’s state and adds attention of the same width.

Fewer units leave room for richer processing. Widening WAFT more than doubles its refinement
cost (425.8 to 943.9 GMACs). On DACE’s coarser lattice, local attention of the same width costs
about a third as much (20.6 vs. 57.0 GMACs). DACE-64 costs 13% less than WAFT and is more
accurate on five of six metrics, all but KITTI EPE. Run with four updates instead of five, DACE-128
is also cheaper than WAFT and more accurate on all six (Appendix [DJ.

5 Conclusion

DACE learns the units of correspondence for dense optical flow. A differentiable assignment groups
pixels into tokens and maps their motion back to pixels, so grouping and matching are learned jointly.
Motion is estimated on coarser tokens, while image evidence stays dense. DACE achieves the lowest
zero-shot Sintel Final and KITTI EPE among published methods, with fewer MACs than most. Even
against a fixed grid with four times as many units, DACE lowers EPE on every dataset, is more robust
where no match is visible, and is more precise near motion boundaries. DACE also improves every
metric over a fixed grid at its own resolution, which isolates the benefit of adaptivity. Learning the
units to match complements learning the evidence used to match them.

6 Limitations

DACE’s zero-shot advantage does not yet carry over to target-specific fine-tuning. Fine-tuned with
WAFT’s recipe, it matches WAFT on Sintel Final but trails it on Sintel Clean, KITTI, and Spring
(Appendix [E). Improving how DACE adapts to a target domain remains future work.
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Appendix overview. Appendix [A|repeats the zero-shot comparison with a second backbone. Ap-
pendix [B] defines the occluded/out-of-frame and motion-boundary regions used in Section[4.2]and
extends their analysis to more thresholds and large displacements. Appendix [C] adds qualitative
examples, and Appendix [D]reports accuracy and cost per number of updates. Appendix [E|reports
fine-tuned benchmark results, and Appendix [F]tests how well DACE’s tokens can represent motion.

Common setting. Unless stated otherwise, results use the DINOv3 models of Section@ DACE, the
released WAFT, and WAFT-H/4 with local attention, all trained on FlyingChairs and FlyingThings3D.
We evaluate them on the Things test split and, zero-shot, on the Sintel and KITTT training splits.

A Zero-Shot Transfer with Another Backbone

Setup. Table[6]compares DACE and WAFT with two backbones: DINOv3, used throughout the
main paper, and Depth Anything V2 (DAv2) [38]]. WAFT results are from its paper [15]]. All models
are trained on FlyingChairs and FlyingThings3D and evaluated zero-shot.

DACE’s advantage holds with both backbones. With each backbone, DACE lowers EPE relative
to WAFT on both Sintel renderings and on KITTIL.

Table 6: DACE lowers EPE with both backbones. Zero-shot results on the Sintel and KITTI
training splits after training on FlyingChairs and FlyingThings3D. Bold: better of each pair.

Sintel KITTI
Backbone  Method Clean Final EPE Fl (%)
DINOv3 WAFT [I15] 1.28 256 3.49 129
DACE 1.03 210 3.11 11.9
DAv2 WAFT [15] 1.01 249 3.28 10.9
DACE 097 230 293 10.9

B Occlusion, Motion Boundaries, and Large Displacements

We examine three properties of a pixel: whether its target is visible in Image 2, whether its neighbors
move differently, and how far it moves. Each region’s EPE is pooled over its pixels.

B.1 Occluded and out-of-frame pixels

Definition. A pixel is out of frame if its ground-truth endpoint = + f*(x) falls outside Image 2. On
Sintel and KITTI, a pixel also belongs to this region if the dataset’s ground truth marks it as occluded
in Image 2. On Things we use image bounds only, so its region contains only out-of-frame pixels.
All regions are restricted to valid pixels. On Sintel, pixels in the dataset’s invalid masks are left out
of both the visible and the occluded/out-of-frame regions but still count as valid, so the two regions
need not cover all valid pixels. Region shares always divide by all valid pixels.

Share of EPE. EPE in the main tables averages errors within each image first, so a share of it must
weight each image’s errors the same way. For N image pairs, let V; be the valid pixels of pair 4,
O; C V its occluded/out-of-frame pixels, and e;(x) = || f;(2) — f(z)||2 the endpoint error. With E
the EPE over the N pairs, the share of EPE from this region is

N

_ 1 Z&l’eoi 61(1')
Bo‘ﬁ;im . (11)

For WAFT, 10080 is 43.0% and 42.7% on Things Clean and Final, 52.2% and 42.3% on Sintel
Clean and Final, and 51.9% on KITTI. These values give the 42.3-52.2% range in Section 4.2}
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B.2 Motion boundaries

Definition. A unit that spans a motion boundary mixes evidence from two differently moving
surfaces, which can blur the predicted flow. To test whether DACE keeps such motions apart, we
measure EPE near ground-truth motion boundaries. The boundary strength of pixel z is

s(@) = [|A1f"(@)ll2 + | A2 f* (@)]]2, (12)

where A; and A, take the flow difference to the next pixel along each image axis; each difference
requires valid labels at both pixels. For each threshold of 2, 3, or 4 pixels, pixels whose s exceeds it
are boundary pixels, and the region holds the valid pixels in a 5 x 5 window centered on any of them.
Table 2] uses the 2-pixel threshold, and Table[7|reports all three.

DACE is more precise near boundaries at every threshold. Table[7|compares DACE with WAFT,
which estimates motion for four times as many units, and with WAFT-H/4 with local attention, which
uses a fixed grid at DACE’s resolution. DACE has the lowest boundary EPE on every dataset at all
three thresholds. DACE is thus more precise near boundaries than a fixed grid with four times as
many units, and its advantage holds when the grid points also draw context through local attention.

Table 7: DACE has the lowest boundary EPE at every threshold. EPE pooled over valid pixels
within two pixels of a ground-truth motion boundary. The threshold sets how large a local flow
change must be to count as a boundary. WAFT estimates motion for four times as many units as
DACE, 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 13.40 13.14 7.30 11.92 9.97
WAFT-H/4 + attention  10.77 10.65 697 1140 11.75
DACE 924 948  6.63 1045 8.51
(b) Boundary threshold: 3 pixels
WAFT 12.50 1237  7.38 12.52  12.84
WAFT-H/4 + attention  10.08 10.07  7.02 1190 1530
DACE 856 877 6.64 11.03 10.65
(¢) Boundary threshold: 4 pixels
WAFT 1229 1226 775 13.38 15.75
WAFT-H/4 + attention  10.02 999 734 1273 18.87
DACE 840 8.63 6.85 11.78 12.76

B.3 Occluded/out-of-frame pixels with large displacements

Setup. A large displacement makes matching harder, because the target lies farther away. We
test whether DACE’s advantage on occluded/out-of-frame pixels holds when these pixels also move
far. Following Sintel’s s40+ speed category [48], we keep the occluded/out-of-frame pixels whose
ground-truth displacement exceeds 40 pixels and apply this cutoff on every dataset.

DACE’s advantage holds at large displacements. In Table 8] DACE has lower EPE on these
pixels than both WAFT and WAFT-H/4 with local attention on every dataset. DACE’s robustness
where no match is visible thus also extends to large displacements.

C Qualitative Comparisons

Setup. Figure[6|adds two Sintel Clean pairs and two KITTI pairs from the training splits to Figure[3]
using the same zero-shot checkpoints of DACE and the released DINOv3 WAFT. Each method’s
label gives its EPE on the pair. The token and entropy panels visualize DACE’s Image 1 memberships.
Ground truth and both predictions share one fixed color mapping within each comparison, so the
same flow vector is rendered identically across panels. All flow maps use the standard Middlebury
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Table 8: DACE improves occluded/out-of-frame flow even at large displacements. EPE pooled
over pixels whose target is occluded or out of frame and whose ground-truth displacement exceeds
40 pixels. Pixel share: this subset’s percentage of valid pixels.

Things Sintel KITTI
System Clean Final Clean Final EPE
WAFT 33.03 3141 19.19 29.00 15.34
WAFT-H/4 + attention ~ 27.19 2525 17.25 2748 15.81
DACE 23.77 2273 16.16 24.08 12.36
Pixel share (%) 4.4 4.4 2.7 2.7 12.2
- / | .
Image 1 Ground-truth flow WAFT, EPE 24.97 ’ Adaptive tokens
(a) ~— ' -
] "'1 E g - v
Image 2 Occluded / out-of-frame DACE (ours), EPE 1.63 Assignment entropy

(b) Image 1 Ground-truth flow WAFT, EPE 105.30 Adaptive tokens
. -
Image 2 Occluded / out-of-frame DACE (ours), EPE 6.49 Assignment entropy

WAFT, EPE 5.45 Adaptive tokens
-
DACE (ours), EPE 2.74 Assignment entropy

. 202020

(d) Image 1 Ground-truth flow WAFT, EPE 9.38 Adaptive tokens

Image 2 Occluded / out-of-frame DACE (ours), EPE 3.76 Assignment entropy
Figure 6: DACE preserves fine motion detail in additional examples. (a, b) Sintel Clean and (c,
d) KITTI examples using the same zero-shot models as Figure [5] DACE preserves the thin limbs
crossing the dragon’s wing (a), motion variation across the cloth (b), the vehicle leaving the right
edge (c), and car silhouettes near image boundaries (d). Each pair includes its Image 1 token map
and assignment entropy, where yellow marks pixels shared among tokens.

color wheel. On Sintel, a flow of magnitude m is drawn at wheel radius log(1 + m)/6; on KITTI,
the radius grows linearly up to the largest valid ground-truth magnitude.

Reading the figure. In flow maps, hue encodes motion direction and color intensity encodes
displacement magnitude; near-white indicates little motion. In the occluded/out-of-frame maps, blue

17



Table 9: Four-update DACE outperforms five-update WAFT at lower cost. Both models are
trained with five updates and run here with one to five. DACE-64 halves the recurrent state width.

Things Sintel KITTI
System Updates Clean Final Clean Final EPE Fl(%) MAC s (G)
WAFT 1 6.70 644 220 350 847 37.1 391.8
DACE 1 501 484 154 267 830 36.9 433.8
WAFT 2 427 415 149 288 4.67 18.5 471.0
DACE 2 291 284 1.10 229 4.09 17.1 524.5
WAFT 3 378 366 134 270 3.81 14.0 562.1
DACE 3 255 249 106 222 338 13.2 615.3
WAFT 4 3.61 351 1.29 256 3.56 13.1 647.3
DACE 4 244 243  1.03 215 3.18 12.2 706.1
WAFT 5 354 344 128 256 3.49 12.9 7324
DACE 5 239 238 1.03 210 3.11 11.9 796.8
DACE-64 5 255 248 1.03 224 352 12.5 636.3

marks these pixels, gray other valid pixels, and black pixels excluded from evaluation. Compare each
method’s flow with ground truth at the blue pixels. Black in ground-truth flow denotes missing labels,
and sparse KITTI labels are enlarged for display only. White contours outline the regions formed by
assigning each pixel to its strongest token; DACE itself uses soft memberships. Assignment entropy
H(A)/log9 € [0,1] is dark blue where a pixel belongs mostly to one token and yellow where its
membership is spread across tokens. It measures assignment ambiguity, not motion uncertainty.

D Accuracy—-Compute Trade-offs

Setup. Table[9|runs the trained DACE and WAFT checkpoints with one to five updates at inference.
Both were trained with five updates, and their weights stay fixed across the sweep. DACE-64, which
halves the width of the recurrent state (Section , is evaluated with five updates. MACs are for one
540 x 960 image pair with model-specific padding. They include feature extraction, token description,
all updates, and the upsampling or broadcasting to full resolution.

DACE is more accurate at every number of updates. At each update count, DACE improves all
six metrics over WAFT. With four updates, DACE is more accurate than five-update WAFT on every
metric at lower cost (706.1 vs. 732.4 GMACs). With three, it is more accurate on five of six metrics,
all but KITTI Fl, with 16% fewer MACs. DACE-64 is more accurate than five-update WAFT on five
of six metrics, all but KITTI EPE, while costing 13% less in total.

E Target-Specific Fine-Tuning

Table @] compares DACE, fine-tuned with WAFT’s recipe and submitted to the benchmark servers,
with WAFT’s published DINOv3 results [[15]. Scores come from the hidden test sets of Sintel, KITTI
2015, and Spring under each benchmark’s own protocol. Unlike in the rest of the paper, these models
are also trained on data from the target benchmarks.

Sintel reports EPE. KITTI reports FI over all labeled pixels (Fl-all) and over non-occluded pixels
(Fl-noc). Spring provides four ground-truth values per image pixel and measures each error against
the closest one. Its 1px metric is the percentage of pixels with error above one pixel, and WAUC
summarizes accuracy across error thresholds. Section [6]discusses these results.

F How Accurately Tokens Represent Motion

Setup. We test how accurately each model’s units could represent dense motion if their motion
were known. We pool ground-truth flow into DACE’s tokens and broadcast it back through the same
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Table 10: After fine-tuning, DACE matches WAFT on Sintel Final but trails it elsewhere.
Benchmark test results for DACE and DINOv3 WAFT. Lower is better except WAUC (1).

Sintel KITTI 2015 Spring
System Clean Final Fl-all (%) Fl-noc (%) lpx (%) EPE Fl (%) WAUC 1
WAFT 094 2.02 3.56 2.13 3.18 033 1.25 95.05
DACE 1.06 2.02 3.67 2.35 343 035 1.30 94.86

Table 11: DACE’s tokens represent motion more accurately than a fixed grid. EPE after pooling
ground-truth flow into each model’s units and mapping it back to pixels, without retraining. Lower
values mean the units can represent the true motion more accurately.

Things Sintel KITTI
System Clean Final Clean Final EPE
WAFT-H/4 + attention 050 053 021 0.39 1.52
DACE 019 0.21 0.09 0.19 0.39

memberships (Egs. (2) and (3)). For WAFT-H/4 with local attention, we average ground-truth flow
within each fixed cell and upsample it with its predicted convex weights. Memberships and convex
weights are predicted from the images, without retraining. We compare the resulting EPE with that
of each model’s own predicted flow, reported in Table [3(a).

DACE’s tokens could represent motion far more accurately than its current predictions do. In
Table[TT} DACE’s EPE with ground-truth token flow is about 2 to 4 times lower than the fixed grid’s
on every dataset, so its tokens group pixels whose motions are compatible. This EPE is also about 8
to 13 times lower than that of DACE’s predicted flow. Most of DACE’s remaining error thus comes
from estimating token motion, not from the grouping, so further gains lie in token matching.
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