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Abstract

Unsupervised optical flow methods typically lack reli-
able uncertainty estimation, limiting their robustness and
interpretability. We propose U2Flow, the first recurrent
unsupervised framework that jointly estimates optical flow
and per-pixel uncertainty. The core innovation is a decou-
pled learning strategy that derives uncertainty supervision
from augmentation consistency via a Laplace-based max-
imum likelihood objective, enabling stable training with-
out ground truth. The predicted uncertainty is further in-
tegrated into the network to guide adaptive flow refinement
and dynamically modulate the regional smoothness loss.
Furthermore, we introduce an uncertainty-guided bidirec-
tional flow fusion mechanism that enhances robustness in
challenging regions. Extensive experiments on KITTI and
Sintel demonstrate that U2Flow achieves state-of-the-art
performance among unsupervised methods while producing
highly reliable uncertainty maps, validating the effective-
ness of our joint estimation paradigm. The code is available
at https://github.com/sunzunyi/U2FLOW .

1. Introduction
Optical flow estimation [6, 42, 43] is a fundamental vision
task with broad applications [17, 22, 36, 58]. Recently,
deep recurrent models based on all-pairs correlation, such
as RAFT [5, 11, 28, 38, 39, 45, 47], have achieved state-of-
the-art performance in fully supervised settings.

However, obtaining large-scale, pixel-accurate ground-
truth optical flow is costly and often impractical [4, 10,
44, 53], motivating research on unsupervised and self-
supervised optical flow estimation [24–26]. Nevertheless,
due to the absence of reliable supervision, self-supervised
models often produce inaccurate estimates, especially when
facing intrinsic challenges such as occlusions [29, 32, 50],
textureless regions [15, 31], and large motion displace-
ments [46]. These estimation errors can be detrimental to
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Figure 1. Comparison between previous optical flow estimation
methods and our approach. (Left) Previous methods estimate only
optical flow. (Right) Our proposed U2Flow framework jointly es-
timates optical flow and its uncertainty, and further leverages the
predicted uncertainty to refine the flow estimation.

downstream tasks. In point tracking [21] and multi-view re-
construction [34], even small local optical flow errors can
accumulate and lead to failure. Moreover, erroneous flow
estimates often cause artifacts in depth recovery [27, 59]
or motion-based segmentation [56]. Consequently, it is not
enough for a model to predict what the motion is; it must
also quantify how confident it is in that prediction [51].

Despite its importance, uncertainty estimation in the
self-supervised setting remains largely underexplored, pri-
marily due to two core challenges: 1) The Absence of Direct
Supervision: Unlike supervised methods [12, 13, 16, 37],
which can be trained with ground-truth variance or likeli-
hood information, self-supervised models lack any explicit
“correct answer” for uncertainty. A fundamental difficulty
lies in teaching a model to assess its own reliability without
access to ground truth. 2) The Effective Integration of Un-
certainty: Even if uncertainty can be estimated, it is unclear
how to leverage it effectively during training to improve
flow accuracy, rather than treating it as a mere byproduct.

To address these challenges, we present U2Flow, the first
recurrent framework for the self-supervised joint estimation
of dense optical flow and its per-pixel uncertainty, as illus-
trated in Fig. 1. First, to overcome the lack of direct un-
certainty supervision, we derive a supervisory signal from
the model’s own predictive inconsistencies under data aug-
mentation. When the model yields inconsistent predictions
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under diverse spatial and appearance perturbations, it ex-
poses its own regions of low confidence, thereby providing
a powerful self-supervisory signal for uncertainty learning.
By enforcing consistency between flows predicted under
various perturbations, we derive a Laplace-based maximum
likelihood objective [8, 12] that learns uncertainty distribu-
tions, decoupled from the main flow loss.

Second, to effectively leverage the predicted uncertainty
during training, we design an uncertainty-aware recurrent
architecture. The predicted uncertainty is fed back into
the recurrent update block to guide adaptive refinement.
Concurrently, uncertainty is used to modulate the self-
supervision objectives, enabling the model to intelligently
down-weight unreliable signals.

Experiments show that U2Flow achieves state-of-the-art
performance among unsupervised methods on the KITTI
and Sintel benchmarks. Crucially, it also produces highly
reliable uncertainty maps, demonstrating the efficacy of our
joint estimation framework.

Our main contributions are summarized as follows:
• To the best of our knowledge, we propose the first re-

current unsupervised framework for jointly estimating
optical flow and uncertainty, which integrates an uncer-
tainty prediction head and an uncertainty-aware refine-
ment mechanism within the recurrent update block.

• We devise a decoupled uncertainty learning strategy
based on augmentation consistency for stable estimation.
Furthermore, we design an uncertainty-guided regional
smoothness mechanism that leverages confidence to im-
prove flow coherence.

• We propose an uncertainty-guided bidirectional flow fu-
sion mechanism that utilizes uncertainty from both for-
ward and backward flows to correct unreliable regions,
outperforming traditional occlusion-based strategies.

2. Related Work
Unsupervised Optical Flow: Unsupervised optical flow
estimation typically relies on photometric consistency
losses combined with spatial smoothness regularization [15,
29, 32, 35]. However, the photometric signal often becomes
unreliable in the presence of occlusions, motion blur, illu-
mination changes, or textureless regions [25, 26, 31, 46, 50].
Early works [32, 50] explicitly handled occlusions by de-
riving binary masks to remove geometrically inconsistent
pixels from the photometric loss.

Subsequent approaches, such as ARFlow [24] and SelF-
low [26], improved robustness through knowledge distilla-
tion and extensive data augmentation [25, 54, 55]. More
recent efforts, including SemARFlow [54] and UnSAM-
Flow [55], incorporated semantic cues to enhance motion
boundary preservation. Other methods [14, 41, 46] lever-
age multi-frame training to provide richer temporal context
and complementary motion evidence.

However, most models focus solely on point estimation
and ignore prediction uncertainty, limiting their ability to
differentiate between ambiguous and reliable regions.
Uncertainty Estimation: Quantifying model confidence
is crucial for building robust computer vision systems [1,
23, 49, 57]. Early optical flow approaches typically treated
uncertainty as a post-processing step [2, 19, 20, 30], esti-
mating confidence heuristically from image gradients [2]
or local flow energy [3] rather than integrating it into the
learning process. Subsequent works introduced probabilis-
tic formulations for joint estimation of optical flow and un-
certainty [7, 8, 12, 51, 52]. ProbFlow [51] uses variational
inference within a probabilistic framework to jointly esti-
mate flow and uncertainty. PDC-Net+ [48] jointly learns
dense correspondences and their associated uncertainties
under supervised synthetic data, while ProbDiffFlow [60]
outputs multiple flow hypotheses instead of a single result.
Abdein et al. [1] map the flow smoothness error to a proba-
bility distribution to model uncertainty.

Crucially, most existing optical flow uncertainty meth-
ods depend on full supervision [12, 13, 16, 37], tightly cou-
pling uncertainty learning with flow regression. This depen-
dency makes them incompatible with the self-supervised
paradigm where no such ground truth is available. More-
over, uncertainty is rarely leveraged to improve the flow es-
timation process itself during inference.

3. Method

Given two consecutive RGB frames I1, I2 ∈ RH×W×3, our
goal is to estimate the dense optical flow field F1→2 ∈
RH×W×2 along with its corresponding uncertainty map
σ2

1→2 ∈ RH×W .

3.1. Network Overview
U2Flow inherits the core design of RAFT [47], as illustrated
in Fig. 2a. Given two consecutive frames I1, I2, we first ex-
tract deep feature representations f1, f2 ∈ RH′×W ′×D and
construct a 4D correlation volume C ∈ RH′×W ′×H′×W ′

,
which encodes pairwise similarities between all feature lo-
cations. This correlation volume is iteratively queried by a
recurrent update block that refines the optical flow estimate
F

(k)
1→2 through multiple iterations k = 1, 2, . . . ,K.
Following SMURF [41], we replace all batch normaliza-

tion layers with instance normalization to enhance training
stability and convergence under small-batch, unsupervised
settings. Furthermore, U2Flow introduces an additional un-
certainty head to estimate the flow uncertainty σ

2 (k)
1→2 at each

iteration. This naturally raises an important question: can
the estimated uncertainty be utilized within the network it-
self to further refine the optical flow?

To address this, we reformulate the original flow head
into an uncertainty-aware refinement module that leverages
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Figure 2. Overview of U2Flow architecture. (a) The overall recurrent structure follows RAFT [47]. (b) The uncertainty-aware refinement
module and the uncertainty estimation head respectively predict optical flow and per-pixel uncertainty in the recurrent update block.

the predicted uncertainty to guide the iterative flow refine-
ment process (see Sec. 3.2). Meanwhile, during training,
the refined flow supervises the uncertainty branch, progres-
sively enhancing its estimation accuracy (see Sec. 3.3). In
this way, U2Flow jointly learns optical flow and uncertainty
within a unified optimization framework.

3.2. Uncertainty Estimation and Flow Refinement
As depicted in Fig. 2b, after obtaining the hidden represen-
tation from the RAFT recurrent unit, U2Flow first applies
an uncertainty estimation head and then feeds its output into
our refinement module. Given the hidden feature represen-
tation h(k) at iteration k, we first decode an intermediate
flow feature and estimate its corresponding uncertainty as

f (k) = Cflow(h
(k)), α(k) = Cunc(h

(k)), (1)

where Cflow(·) and Cunc(·) denote convolutional layers for
flow feature extraction and uncertainty estimation, respec-
tively. To ensure strictly positive uncertainty values, the un-
certainty head predicts the logarithm of the flow variance:

α(k) = log
(
σ

2 (k)
1→2

)
, (2)

which improves numerical stability during training. During
inference, the actual flow uncertainty (i.e., the variance) is
recovered as σ2 (k)

1→2 = exp(α(k)).
To modulate the influence of uncertain regions, an uncer-

tainty weight map is obtained via a sigmoid transformation:

s(k) = ϕ(−α(k)), (3)

which acts as a reliability indicator for each flow vector.
The uncertainty-scaled flow feature is defined as

f̃ (k) = f (k) ⊙ s(k)∗, (4)

where ⊙ denotes element-wise multiplication, and (·)∗ rep-
resents a stop-gradient operation that prevents backpropa-
gation through the uncertainty branch.

Finally, the refined optical flow residual is obtained by
fusing the original feature, the scaled feature, and the un-
certainty map:

∆F
(k)
1→2 = C′

flow

(
concat

(
f (k), f̃ (k), α(k)∗

))
, (5)

where C′
flow(·) denotes the convolutional head that outputs

the flow residual ∆F
(k)
1→2 ∈ RH′×W ′×2.

This uncertainty-aware refinement mechanism enables
the model to dynamically use predicted uncertainty to mod-
ulate flow features, effectively suppressing the influence of
unreliable regions during refinement.

3.3. Uncertainty-Aware Unsupervised Loss
Unlike standard unsupervised optical flow methods, our
loss explicitly integrates predicted uncertainty to modulate
the training signal, enabling joint flow and uncertainty esti-
mation within a purely self-supervised framework.
Photometric Loss: During each refinement iteration k, the
input frames are warped by F

(k)
1→2 and F

(k)
2→1 to synthesize

a new view of the source frame. Similar to ARFlow [24],
the photometric loss ℓ

(k)
ph between each original image and

its warped counterpart is computed as a weighted combina-
tion of three terms: the pixel-wise ℓ1 distance, SSIM, and
the census loss [32]. The occlusion mask O

(k)
i→j is com-

puted using a forward–backward consistency check [32] to
exclude regions without valid correspondences:

O
(k)
i→j(p) = ⊮

(∥∥F(k)
i→j(p) + F

(k)
j→i(p+ F

(k)
i→j(p))

∥∥
2
> δ

)
,

(6)
where δ represents an adaptive threshold, ⊮(·) is the indi-
cator function, (i, j) ∈ {(1, 2), (2, 1)} refers to the flow
direction, and p indicates the pixel coordinates.
Smoothness Loss: To encourage locally coherent flow
while preserving motion boundaries, we apply an edge-
aware smoothness regularization to the predicted flow F

(k)
i→j

at each iteration k, denoted as ℓ(k)sm . Building on the work of
UnSAMFlow [55], we also incorporate a regional smooth-
ness constraint based on homography estimation. For each
object region, a homography is estimated via RANSAC
from reliable correspondences derived from the current flow
prediction. The resulting homographies are then used to
generate regionally refined flow fields.

A key distinction of our approach lies in how reliable
correspondences are identified. While the original formula-
tion employs occlusion masks to exclude unreliable pixels,
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(c) Forward–backward consistency mask (d) Proposed reliability mask

(a) Reference frame (b) Error map

Figure 3. Comparison of different masks for indicating flow er-
rors. The masks are visualized as translucent green overlays on
the optical flow error maps, where correct estimations are shown
in blue, incorrect ones in red, and black pixels denote regions with-
out ground truth. As shown in (c), some high-error regions remain
unmasked, while certain low-error regions are incorrectly masked.
In contrast, our method (d) accurately identifies high-error regions,
providing more reliable cues for subsequent homography smooth-
ness (Sec. 3.3), flow fusion (Sec. 3.4), and other downstream tasks.

we introduce a more principled uncertainty-based reliability
mask. This mechanism leverages the model’s predicted un-
certainty, excluding pixels with uncertainty above a thresh-
old τhg (see Fig. 3). It ensures that only high-confidence
regions contribute to homography estimation and optimiza-
tion. Consequently, the smoothness regularization becomes
adaptive, directly guided by the model’s learned confidence.
It is worth noting that due to the stringent planarity assump-
tion of homography, this uncertainty-enhanced component
is applied exclusively to the KITTI [9, 33] dataset, which
contains predominantly planar rigid motions. The effective-
ness of this uncertainty-guided strategy is further validated
in our ablation studies (Sec. 4.5).

The homography smoothness loss is defined as the
ℓ1 distance between the predicted flow Fi→j and the
homography-refined flow FH

i→j :

ℓhg =
1

H ′ ×W ′

∑
p

∥∥Fi→j(p)− FH
i→j(p)

∥∥
1
. (7)

Augmentation and Uncertainty Supervision: In the ab-
sence of ground-truth, we generate a supervisory signal for
the uncertainty head through the principle of augmentation
consistency. The process begins by computing an initial
flow estimate, F1→2, for an image pair (I1, I2) in an ini-
tial forward pass. We then apply a set of strong appear-
ance and spatial augmentations to both the images and the
flow field, producing an augmented pair (Î1, Î2) and a trans-
formed pseudo-ground-truth flow F̂1→2. The network then
re-estimates the flow on the augmented pair, yielding a new
prediction F̂′

1→2. The ℓ1 distance between these flows,
D̂(k)(p) = ∥F̂1→2(p) − F̂

′(k)
1→2(p)∥1, serves as the self-

supervised target, as it captures the model’s predictive in-
consistency under perturbation.

This augmentation consistency introduces diverse ap-
pearance perturbations (e.g., color jitter, contrast adjust-

ment, Gaussian noise, random erasing) and spatial trans-
formations (e.g., translation, random rotation, rescaling),
thereby exposing the network to a wide range of uncertainty
conditions. To capture this uncertainty, we adopt a Maxi-
mum Likelihood Estimation (MLE) formulation. For each
augmentation iteration k, the objective is to minimize the
negative log-likelihood (NLL) of observing the target flow
F̂1→2 given the predicted distribution:

L(k)
unc = −Ep

[
log p

(
F̂1→2(p) | F̂′(k)

1→2(p),σ
2(k)(p)

)]
.

(8)
Following [12], we assume a Laplace likelihood, which

aligns naturally with the ℓ1-based residual D̂(k). Under
the independence assumption across flow dimensions, this
leads to the numerically stable MLE objective:
ℓ̃
(k)
unc(p) =

√
2 exp

(
− 1

2α
(k)(p)

)
D̂(k)(p) + 1

2α
(k)(p),

ℓ
(k)
unc =

∑
p(1− Ô1→2(p)) ℓ̃

(k)
unc(p)∑

p(1− Ô1→2(p))
.

(9)
Here, α(k) = logσ2(k) denotes the predicted log-variance,
and Ô1→2 is the transformed occlusion map [24]. Unlike
prior works [12, 13, 16, 37] that tightly couple flow regres-
sion and uncertainty estimation via a single MLE objective,
our framework adopts a decoupled design, separating the
flow loss from the uncertainty loss. Consequently, we de-
tach D̂(k) from the MLE objective to prevent gradient leak-
age into the main flow estimation branch, which improves
the robustness and stability of self-supervised learning (see
Sec. 4.5 for ablations).

To ensure the flow estimation branch continues to ben-
efit from augmentation regularization, we retain the stan-
dard augmentation loss ℓ

(k)
ar , which operates on the same

residual D̂(k) with gradient flow enabled, and further in-
corporate semantic augmentations [55]. The augmentation
regularization loss is defined as the ℓ1 distance between the
transformed and predicted flows:

ℓ(k)ar =

∑
p(1− Ô1→2(p))D̂

(k)(p)∑
p(1− Ô1→2(p))

. (10)

A similar formulation applies for semantic augmenta-
tions, denoted as ℓ(k)sem [55].
Final Loss: The overall training objective integrates all loss
components as follows:

ℓTotal = λhg ℓhg +

K∑
k=1

ζK−k
(
ℓ
(k)
ph + λsm ℓ(k)sm + λar ℓ

(k)
ar

+ λsem ℓ(k)sem + λunc ℓ
(k)
unc

)
,

(11)

where ζ is an exponential decay factor that assigns smaller
weights to earlier iterations. The homography smoothness
term ℓhg is applied only to the final iteration output.
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Method
Sintel Clean Sintel Final KITTI 2012 KITTI 2015
train test train test train test train test
EPE EPE EPE EPE EPE Fl-all Fl-noc EPE EPE Fl-all Fl-noc

Su
pe

rv
is

ed

PWC-Net+ [43] (1.71) 3.45 (2.34) 4.60 (0.99) 6.72 3.36 1.4 (1.47) 7.72 4.91
RAFT [47] (0.77) 1.61 (1.27) 2.86 – – – – (0.63) 5.10 3.07
FlowFormer [11] (0.48) 1.16 (0.74) 2.09 – – – – (0.53) 4.68 2.69

VideoFlow [38]MF (0.46) 0.99 (0.66) 1.62 – – – – (0.56) 3.65 –
FlowDiffuser [28] – 1.02 – 2.03 – – – – – 4.17 2.82

U
ns

up
er

vi
se

d

UnFlow-CSS [32] – 9.38 (7.91) 10.22 3.29 – – – 8.10 23.27 –

SelFlow [26]MF (2.88) 6.56 (3.87) 6.57 1.69 7.68 4.31 2.2 4.84 14.19 9.65
UFlow [15] (2.50) 5.21 (3.39) 6.50 1.68 7.91 4.26 1.9 2.71 11.13 8.41
ARFlow [24] (2.79) 4.78 (3.73) 5.89 1.44 – – 1.8 2.85 11.80 –
UPFlow [29] (2.33) 4.68 (2.67) 5.32 1.27 – – 1.4 2.45 9.38 –

SMURF [41]MF (1.71) 3.15 (2.58) 4.18 – 6.19 3.13 1.4 2.00 6.83 5.26

SemARFlow [54]† – – – – 1.28 7.35 3.90 1.5 2.18 8.38 5.43

UnSAMFlow [55]† (2.21) 3.93 (3.07) 5.20 1.26 7.05 3.79 1.4 2.01 7.83 5.67

M2Flow [46]MF (2.01) 3.38 (3.12) 5.01 1.09 6.24 3.95 1.2 1.95 7.37 5.73

U2Flow (Ours) (1.42) 2.83 (2.32) 4.16 1.19 6.37 3.48 1.4 1.83 6.13 4.56

U2Flow (Ours +FF)MF (1.36) 2.83 (2.29) 4.10 1.12 6.26 3.47 1.3 1.74 6.00 4.52

Table 1. Quantitative results on Sintel and KITTI online benchmarks. Metrics evaluated at “all” (all pixels), “noc” (non-occlusions). MF
denotes methods trained using multi-frame data. † denotes models with semantic inputs. “+FF” denotes our bidirectional flow fusion
module. Missing entries (–) denote unreported results. Parentheses indicate that training and testing are conducted on the same dataset.

3.4. Uncertainty-Guided Bidirectional Flow Fusion
We leverage the predicted uncertainty to guide a bidirec-
tional flow fusion process, enhancing the reliability of the
final estimate. Inspired by SMURF [41], we employ a
lightweight convolutional network to learn a mapping from
the backward flow Ft→t−1 to the forward flow Ft→t+1.
However, our approach fundamentally departs from prior
work in its supervisory signal. Instead of relying on heuris-
tic occlusion masks, we train the fusion network exclusively
in high-confidence regions identified by our learned uncer-
tainty. Specifically, a region is deemed high-confidence
only if both its forward and backward uncertainty estimates
are below a given threshold θ:

Mf = ⊮(σ2
t→t+1 < θ), Mb = ⊮(σ2

t→t−1 < θ), (12)

where Mf and Mb are the resulting reliability masks. Dur-
ing inference, this trained network corrects the initial for-
ward flow. The final fused flow Ffused

t→t+1 is computed by
adaptively fusing the original estimate with the prediction
F̄t→t+1, which is derived from Ft→t−1 via the lightweight
convolutional network:

Ffused
t→t+1 = Ft→t+1 ⊙ (1−Mfused) + F̄t→t+1 ⊙Mfused,

Mfused = (1−Mf)⊙Mb.
(13)

The fusion mask Mfused activates this correction pre-
cisely where the forward flow is uncertain (Mf = 0) but

the backward flow is confident (Mb = 1).
This uncertainty-based fusion strategy fundamentally

differentiates our approach from methods like SMURF,
which primarily focus on correcting flow within occluded
regions (often identified by forward-backward consistency
checks [32]). However, true occlusion does not always
equate to poor flow estimation, and conversely, non-
occluded regions can still yield highly unreliable flow pre-
dictions, as illustrated in Fig. 3. By leveraging the reliability
masks Mf and Mb, our method’s correction mechanism ex-
tends beyond strict occlusion handling. Furthermore, this
fusion operates as a lightweight refinement on U2Flow out-
puts, achieving multi-frame benefits without the extensive
retraining on large-scale datasets required by methods like
SMURF [41]. (See fusion ablation results in Sec. 4.5.)

4. Experiments
4.1. Implementation Details
Dataset: To ensure a fair comparison, we evaluate our
method on the KITTI [9, 33] and Sintel [4] datasets, follow-
ing the training data schedule of prior works [26, 46, 55].
Training: Our model is trained using Adam [18] (β1 = 0.9,
β2 = 0.999) with a batch size of 4. The training first
runs for 100k iterations on raw data with a fixed learn-
ing rate of 2 × 10−4, followed by fine-tuning on the orig-
inal dataset using the OneCycleLR scheduler [40] with
a maximum learning rate of 2.5 × 10−4 (100k iterations
for KITTI and 50k for Sintel). Augmentation regular-
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Method
Sintel KITTI

AUSE ↓ CC ↑ AUSE ↓ CC ↑
FB Check [32] 0.19 0.57 0.21 0.53

PDC-Net+ [48] 0.18 0.45 0.16 0.50

Smoothness [1] 0.26 0.43 0.23 0.45

U2Flow (Ours) 0.11 0.66 0.12 0.64

Table 2. Comparison of uncertainty estimation performance on the
Sintel (final, clean) and KITTI (2012, 2015) training sets.

ization (appearance and spatial transformations) is intro-
duced after 50k iterations, while the edge-aware smooth-
ness term ℓsm is deactivated. The homography smoothness
loss ℓhg and semantic augmentation loss ℓsem are activated
after 50% of the fine-tuning iterations. The hyperparame-
ters are set to K = 12, [λhg, λsm, λar, λsem, λunc, τhg] =
[0.1, 55, 0.02, 0.05, 0.005, 2], and θ = 45 for Sintel and 35
for KITTI.

For data augmentation, we follow ARFlow [24], apply-
ing appearance transformations (brightness, contrast, satu-
ration, hue, Gaussian blur, etc.), as well as random flipping
and swapping. All input images are resized to 256×832 for
KITTI and 448× 1024 for Sintel.

4.2. Benchmark Testing

We evaluate our method using standard optical flow metrics,
including the average endpoint error (EPE) and the percent-
age of erroneous pixels (Fl). Comparisons are conducted
against both supervised and unsupervised approaches on
the KITTI and Sintel benchmarks. As summarized in
Tab. 1, our methods, U2Flow and U2Flow (+FF), achieve
highly competitive results, surpassing all existing unsuper-
vised methods on both KITTI-2015 and Sintel benchmarks.
Specifically, on KITTI-2015, U2Flow attains Fl-all=6.13%,
significantly outperforming the previous state-of-the-art un-
supervised two-frame method UPFlow [29] (9.38%). On
KITTI-2012, our method achieves a comparable EPE of
1.4. Furthermore, U2Flow even surpasses approaches that
exploit additional information on KITTI-2015, including
the multi-frame methods M2Flow [46] (Fl-all=7.37%) and
SMURF [41] (Fl-all=6.83%), as well as the semantics-
guided methods SemARFlow [54] (Fl-all=8.38%) and Un-
SAMFlow [55] (Fl-all=7.83%).

The enhanced variant, U2Flow (+FF), further improves
performance to an Fl-all=6.00% on KITTI-2015, validating
the effectiveness of our bidirectional flow fusion module.

Similarly, on the Sintel benchmark, both U2Flow and
U2Flow (+FF) achieve strong results, consistently outper-
forming prior unsupervised methods across both the clean
and final passes.
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Figure 4. Sparsification curves for uncertainty evaluation. Lower
AUSE (shown in parentheses) is better.

4.3. Uncertainty Evaluation
We evaluate the reliability of our uncertainty estimates by
measuring their correlation with the ground-truth flow er-
ror (EPE) [12, 51]. A high-quality uncertainty prediction
should correspond strongly to a large estimation error. To
this end, we employ two standard quantitative metrics: the
Area Under the Sparsification Error curve (AUSE) [12] and
Spearman’s Rank Correlation Coefficient (CC) [51].

The AUSE evaluates how well predicted uncertainty
serves as a proxy for true error. It is derived from a sparsi-
fication process that compares the error curve when remov-
ing pixels by predicted uncertainty versus by ground-truth
error. Consequently, a lower AUSE indicates a better un-
certainty estimation. Spearman’s CC directly measures the
monotonic relationship between predicted uncertainty and
true error, with higher values denoting stronger correlation.

Tab. 2 reports uncertainty estimation on the Sintel and
KITTI training sets. U2Flow consistently achieves lower
AUSE and higher CC than all baselines, outperforming
heuristic methods [1, 32] as well as the model-based PDC-
Net+ [48], despite the latter being trained on dense synthetic
ground-truth data and fine-tuned on real-world sequences.

The sparsification curves in Fig. 4 provide further in-
sight. They show that U2Flow produces a more robust and
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Figure 5. Qualitative results on the KITTI test set (sample frames #5 and #9) and the Sintel (final pass) test set (samples: ambush 3, frame
23; cave 3, frame 16), compared with SMURF [41]. Additional examples can be found on the official benchmark website.

globally consistent ranking of flow errors on both Sintel and
KITTI. While PDC-Net+ slightly outperforms us in the ini-
tial portion on KITTI due to real-data fine-tuning, U2Flow’s
curve remains closer to the oracle across a wider range of
removed fractions, resulting in lower final errors and con-
firming that our predicted uncertainty reliably reflects over-
all flow quality.

These results demonstrate that U2Flow, guided by aug-
mentation consistency in self-supervised training, effec-
tively captures diverse uncertainty patterns arising from ap-
pearance variations and geometric ambiguities.

4.4. Qualitative Results
Qualitative samples from the Sintel and KITTI datasets
are presented in Fig. 5. Compared with the state-of-the-
art competitor [41], our method generally achieves supe-
rior performance, particularly around motion boundaries.
Moreover, the predicted uncertainty maps effectively cap-
ture and reflect the magnitude of estimation errors.

4.5. Ablation Study
Ablation experiments were performed to assess the contri-
bution of each proposed module, with all models trained un-
der identical conditions except for the ablated components.
Main Components: The effectiveness of our key compo-
nents is validated through the ablation study summarized in
Tab. 3. Introducing only the Uncertainty Estimation (UE)
module without a decoupling strategy (row 2) degrades per-
formance across all metrics. This highlights the challenge
of joint optimization, where the uncertainty learning objec-
tive can interfere with the primary task of flow estimation.

This issue is resolved by incorporating our Decoupling
(Dec.) strategy (row 3). By separating the learning objec-
tives for flow and uncertainty, we observe consistent im-
provements on both Sintel and KITTI. This confirms that
decoupling is crucial for preserving the stability of self-

supervised learning while still benefiting from the regular-
izing effect of uncertainty supervision. Further adding the
Flow Refinement (FR) module (row 4) continues this trend,
demonstrating the benefit of using uncertainty to guide the
network’s inference process.

UE Dec. FR ℓhg FF
Sintel KITTI 2015

Final Clean EPE Fl-all

- - - - - 2.46 1.56 1.98 6.82

✓ - - - - 2.57 1.65 2.18 7.72

✓ ✓ - - - 2.41 1.44 1.98 6.87

✓ ✓ ✓ - - 2.32 1.42 1.95 6.85

✓ ✓ - ✓ - 2.52 1.48 1.87 6.69

✓ ✓ ✓ ⃝ - 2.32 1.42 1.83 6.59

✓ ✓ ✓ ⃝ ✓ 2.29 1.36 1.74 6.30

Table 3. Ablation study on key components. We evaluate the
impact of Uncertainty Estimation (UE), Decoupling of flow and
uncertainty learning (Dec.), Flow Refinement (FR), uncertainty-
enhanced ℓhg, and Flow Fusion (FF). The ⃝ symbol indicates that
ℓhg is applied only on the KITTI dataset.

The uncertainty-enhanced homography loss (ℓhg) offers
dataset-specific benefits (rows 5 and 6). On KITTI, where
scenes frequently involve substantial planar rigid motion,
this provides a significant boost in performance. However,
on Sintel, which features complex, non-rigid motion, high
uncertainty often correlates with dynamic objects where
the homography assumption is fragile. Applying this loss
can therefore be detrimental. Consequently, we only apply
uncertainty-enhanced ℓhg to the KITTI dataset, as indicated
by the ⃝ symbol in the table.

Finally, our full model (last row) integrates all compo-
nents including Flow Fusion (FF). It achieves the best over-
all performance, reaching 2.29/1.36 on Sintel and 1.74/6.30
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Model Variant
Sintel KITTI 2015

Final Clean EPE Fl-all

w/o Refinement 2.41 1.44 1.87 6.69

Refinement w/o Uncertainty 2.42 1.51 1.93 6.81

Refinement w/ Uncertainty 2.32 1.42 1.83 6.59

Table 4. Ablation study on the flow refinement module.

Method
Sintel KITTI 2015

Final Clean Fl-all Fl-noc Fl-occ

w/o Fusion 2.32 1.42 6.59 5.10 16.01

Occ Mask 2.34 1.42 8.17 5.07 27.73

Unc Mask (Ours) 2.29 1.36 6.30 5.05 14.17

Table 5. Ablation study on the bidirectional flow fusion module.

on KITTI. This result confirms that our complete design can
provide uncertainty estimates while delivering optical flow
that surpasses the baseline in accuracy.
Flow Refinement Module: We conduct an ablation study
to evaluate the proposed uncertainty-aware flow refinement
mechanism, which integrates estimated uncertainty to dy-
namically scale flow features and refine flow estimates
(Sec. 3.2). Three variants are defined for comparison: (1)
Refinement w/ Uncertainty. (2) w/o Refinement: The model
removes the refinement mechanism entirely. The residual is
estimated only from the hidden feature, equivalent to stan-
dard RAFT-style update: ∆F(k) = C′

flow(h
(k)). (3) Re-

finement w/o Uncertainty: The model retains the refine-
ment structure but excludes the uncertainty branch. The
flow residual is refined using only the unscaled flow fea-
ture and a dummy zero-map instead of the uncertainty map:
∆F(k) = C′

flow(concat(f (k), f (k),0)). This variant isolates
the benefit of feature concatenation alone, removing the dy-
namic influence of uncertainty.

The ablation results are presented in Tab. 4. Performance
metrics on the Sintel and KITTI-2015 training sets clearly
demonstrate that the refinement architecture, incorporating
dynamic scaling based on uncertainty, is crucial for achiev-
ing optimal performance.
Effectiveness of Uncertainty-Guided Fusion: The core
innovation of our bidirectional flow fusion module is the
use of an uncertainty-driven mask, Mfused, to intelligently
merge forward and backward flows. To rigorously validate
this approach, we compare our full model against two alter-
natives: one using a traditional occlusion mask for fusion,
and another disabling the fusion module entirely.

As shown in Tab. 5, a particularly notable finding is that
guiding fusion with a conventional occlusion mask yields
results even worse than the baseline without any fusion.
This seemingly counterintuitive outcome arises from a fun-
damental limitation of binary occlusion flags: they fail to

Method
KITTI→Sintel Sintel→KITTI

Final Clean EPE Fl-all

Ours (w/o Fusion) 5.80 4.67 5.10 17.05

Ours (w/ Fusion) 5.49 4.23 4.77 16.58

Table 6. Generalization ability. Training on one dataset and testing
directly on the other dataset.

differentiate between high- and low-quality flow estimates
within the occluded regions. As a result, valid forward
flows are often indiscriminately discarded and replaced with
backward-warped counterparts of inferior quality, thereby
degrading the overall flow field.

In contrast, our uncertainty-based strategy effectively
resolves this ambiguity. By assigning fine-grained, per-
pixel confidence scores, it enables more informed fusion
decisions that preserve reliable flow estimates and improve
the handling of high-uncertainty flow in occluded regions.
These results demonstrate that the proposed uncertainty
mechanism effectively guides downstream flow fusion and
validates the reliability of uncertainty estimates.

4.6. Generalization Ability
To evaluate the generalization ability of uncertainty estima-
tion, we test whether the uncertainty predicted by a model
trained on one domain can still reliably guide the bidirec-
tional flow fusion task when tested directly on another do-
main without fine-tuning. As shown in Tab. 6, the model
with our uncertainty-guided fusion module exhibits signif-
icantly stronger domain generalization. This indicates that
the reliability signal captured by our uncertainty estimation
is fundamental and transferable.

5. Conclusion
We propose U2Flow, a recurrent unsupervised framework
for jointly estimating optical flow and per-pixel uncertainty.
Our method leverages augmentation consistency and a de-
coupled learning strategy to achieve stable training of both
flow and uncertainty in unsupervised settings. We demon-
strate that the learned uncertainty is not merely a byprod-
uct, but a valuable signal that can effectively guide adaptive
flow refinement, modulate smoothness constraints, and en-
able robust bidirectional flow fusion. U2Flow establishes a
state-of-the-art for unsupervised optical flow while produc-
ing highly reliable uncertainty estimates.

Limitations Our uncertainty supervision relies on the
model’s predictive variance under a predefined set of aug-
mentations, which may not fully capture all real-world
sources of error, such as severe non-Gaussian motion blur or
atmospheric distortions. In future work, we plan to enrich
the augmentation space using generative models to synthe-
size more realistic and diverse image degradations.
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