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Figure 1. Self-supervised AutoFlow learns to generate an optical flow training set through self-supervision on the target domain. It
performs comparable to supervised AutoFlow on Sintel and KITTI without requiring ground truth (GT) and learns a better dataset for
real-world DAVIS, where GT is not available. We report optical flow accuracy on Sintel and KITTI, and keypoint propagation accuracy on
DAVIS.

Abstract

Recently, AutoFlow has shown promising results on
learning a training set for optical flow, but requires ground
truth labels in the target domain to compute its search met-
ric. Observing a strong correlation between the ground
truth search metric and self-supervised losses, we introduce
self-supervised AutoFlow to handle real-world videos with-
out ground truth labels. Using self-supervised loss as the
search metric, our self-supervised AutoFlow performs on
par with AutoFlow on Sintel and KITTI where ground truth
is available, and performs better on the real-world DAVIS
dataset. We further explore using self-supervised AutoFlow
in the (semi-)supervised setting and obtain competitive re-
sults against the state of the art.

1. Introduction
Data is the new oil. — Clive Humby, 2006 [13]

This well-known analogy not only foretold the critical
role of data for developing AI algorithms in the last decade
but also revealed the importance of data curation. Like re-
fined oil, data must be carefully curated to be useful for
AI algorithms to succeed. For example, one key ingredient

for the success of AlexNet [21] is ImageNet [36], a large
dataset created by extensive manual labeling.

The manual labeling process, however, is either not ap-
plicable or difficult to scale to many low-level vision tasks,
such as optical flow. A common practice for optical flow is
to pre-train models using large-scale synthetic datasets, e.g.,
FlyingChairs [6] and FlyingThings3D [26], and then fine-
tune them on limited in-domain datasets, e.g., Sintel [4] or
KITTI [28]. While this two-step process works better than
directly training on the limited target datasets, there exists a
domain gap between synthetic data and the target domain.

To narrow the domain gap, AutoFlow [41] learns to ren-
der a training dataset to optimize performance on a tar-
get dataset, obtaining superior results on Sintel and KITTI
where the ground truth is available. As obtaining ground
truth optical flow for most real-world data is still an open
challenge, it is of great interest to remove this dependency
on ground truth to apply AutoFlow to real-world videos.

In this paper, we introduce a way to remove this reliance
by connecting learning to render with another independent
line of research on optical flow, self-supervised learning
(SSL). SSL methods for optical flow [15, 23–25, 53] use a
set of self-supervised losses to train models using only im-
age pairs in the target domain. We observe a strong corre-
lation between these self-supervised losses and the ground
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truth errors, as shown in Fig. 2. This motivates us to con-
nect these two lines of research by adopting self-supervised
losses as a search metric for AutoFlow [41], calling our ap-
proach “Self-supervised AutoFlow”.

Self-supervised AutoFlow obtains similar performance
to AutoFlow on Sintel [4] and KITTI [28], and it can learn
a better dataset for the real-world DAVIS data [29] where
ground truth is not available. To further narrow the domain
gap between synthetic data and the target domain, we also
explore new ways to better synergize techniques from learn-
ing to render and self-supervised learning.

Numerous self-supervised methods still rely on pre-
training on a synthetic dataset. Our method replaces this
pre-training with supervised training on self-supervised
AutoFlow data generated using self-supervised metrics.
This new pipeline is still self-supervised and obtains com-
petitive performance among all self-supervised methods.
We further demonstrate that our method provides a strong
initialization for supervised fine-tuning and obtains compet-
itive results against the state of the art.

We make the following main contributions:
• We introduce self-supervised AutoFlow to learn to ren-

der a training set for optical flow using self-supervision
on the target domain, connecting two independently
studied directions for optical flow: learning to render
and self-supervised learning.
• Self-supervised AutoFlow performs competitively

against AutoFlow [41] that uses ground truth on Sintel
and KITTI and better on DAVIS where ground truth is
not available.
• We further analyze self-supervised AutoFlow in semi-

supervised and supervised settings and obtain compet-
itive performance against the state of the art.

2. Related Work

CNN architectures for optical flow. Recent advances in
deep learning and synthetic datasets have contributed to the
development of numerous optical flow architectures. Early
work introduces basic designs using U-Net [6, 14, 35] or
an image pyramid [32]. PWC-Net [42], concurrently with
LiteFlowNet [12], introduces an advanced design based on
well-established domain knowledge (e.g., pyramid, warp-
ing, and cost volume). RAFT [43] further advances archi-
tecture designs based on a full 4D cost volume with a recur-
rent optimizer, which significantly improves the accuracy
and encourages many follow-up methods [18,19,40,45,52],
followed by recent attention-based designs [11, 17, 39, 46]
as well. As our main focus is on the dataset, we adopt the
widely-used RAFT architecture in our experiments.

Self-supervised optical flow. Supervised approaches may
not generalize well to real-world domains where anno-
tations are difficult to obtain. To overcome the limita-

tion, self-supervised approaches [1,33,49,53] directly train
the networks on the target data with hand-crafted self-
supervised losses [15,23–25,27,44]. UFlow [20] systemat-
ically analyzes the effect of various loss designs on the ac-
curacy and proposes an optimized combination for the best
accuracy. SMURF [38] presents a self-supervised method
based on the RAFT [43] architecture and proposes sev-
eral technical designs such as the sequence loss, full image
warping, heavy augmentation, and multi-frame training. In
this paper, we find that there is a strong correlation between
self-supervised loss and ground truth errors, which inspires
us to employ the self-supervised loss as a search metric for
synthetic dataset learning. We further explore ways to syn-
ergize self-supervised methods and learning to render for
better performance in the self-supervised setting.

Semi-supervised optical flow. To benefit from training on
both labeled (out-of-domain) data and target domains, semi-
supervised approaches propose to reduce a domain gap be-
tween datasets by using a GAN [7, 22], to learn a condi-
tional prior from labeled data [48], to benefit from a small
fraction of labels by active learning [50], or to adapt to the
target domain through knowledge distillation [16]. Semi-
Flow [9] introduces an iterative approach that generates a
training dataset in the real-world domain using a pre-trained
model and trains the model using the generated dataset.
These methods usually rely on models trained on datasets
designed manually, e.g., FlyingChairs and FlyingThings3D.
Our work shows that using the self-supervised AutoFlow
dataset can further improve performance and, more im-
portantly, remove manual design processes from the entire
pipeline.

Training datasets for optical flow. Due to the difficulty
of constructing large-scale real-world annotated datasets
for optical flow, synthetic data (e.g. FlyingChairs [6], Fly-
ingThings3D [26], Kubric [8]) have been widely used as
standard (pre-)training datasets. However, these datasets are
generated without consideration of a target domain, so the
domain gap always exists between the training and target
domain, e.g., MPI Sintel [4] or VIPER [34] vs. KITTI [28].

Two works have introduced a training dataset generation
pipeline based on real-world images. Depthstillation [2]
synthesizes an image at an arbitrarily rotated view from a
still image and provides optical flow ground truth between
the images. RealFlow [9] synthesizes an intermediate frame
between two frames given an estimated flow. The synthe-
sis is controlled to have motion statistics similar to the tar-
get dataset. Both methods require off-the-shelf monocular
depth methods [30, 31] and a hole-filling method to mini-
mize artifacts on synthesized images. Furthermore, there is
no guarantee that models trained on the synthesized datasets
will perform optimally on the target domain.

AutoFlow [41] proposes a learning-to-render pipeline
that learns dataset-rendering hyperparameters to optimize
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the optical flow accuracy on the target domain. Our method
follows a similar direction, but unlike AutoFlow [41], does
not require ground truth labels on the target domain. In-
stead, it uses a self-supervised search metric to update the
rendering hyperparameters, making it applicable to any tar-
get domain without available ground truth.

3. Approach
Given an unlabeled target dataset Dtarget, we aim to learn

a synthetic dataset Dauto that approximately optimizes the
performance in the target domain. To this end, we introduce
self-supervised AutoFlow, which connects two independent
research directions: (i) learning to render training datasets
and (ii) self-supervised learning of optical flow (Sec. 3.2).
Then, given the generated dataset Dauto with ground truth
and the unlabeled target dataset Dtarget, our method trains
an optical flow network φθ using self-supervision to further
adapt to the target domain (Sec. 3.3). The whole pipeline is
fully self-supervised and does not require any ground truth
optical flow from the target domain.

3.1. Preliminary: (Supervised) AutoFlow

AutoFlow [41] uses a layered approach to render a train-
ing dataset. The rendering pipeline uses a set of hyperpa-
rameters λ that control visual properties of foreground ob-
jects and the background (e.g. the number of moving ob-
jects, object shape, size, motion, etc.) and their visual ef-
fects (e.g. motion blur, fog, etc.) that appear in the rendered
dataset. In a pre-defined hyperparameter search space Λ,
an optimization process searches for an optimal set of hy-
perparameters λ∗ such that φθ(λ), an optical flow network
trained on a rendered dataset with the parameters λ, mini-
mizes a pre-defined search metric Ω on the target dataset:

λ∗ = argmin
λ∈Λ

Ω (φθ(λ)) . (1)

AutoFlow [41] uses average end-point error (AEPE) for
the search metric Ω that measures the accuracy between
available ground truth in the target dataset and estimated op-
tical flow from the trained model φθ(λ). Despite promising
results on Sintel and KITTI, AutoFlow cannot be applied to
real-world data that do not have optical flow annotations.

3.2. Self-supervised AutoFlow

Motivation. To remove AutoFlow’s dependence on in-
domain ground truth, we look for inspiration from another
line of research: self-supervised learning for optical flow.
In particular, the recent SMURF [38] outperforms the su-
pervised PWC-Net [42] (the state of the art 4 years ago) on
Sintel and KITTI, suggesting that its self-supervised loss is
highly correlated with the ground truth errors and could be
a good proxy metric for learning optical flow.

Figure 2. Strong correlation between ground truth error metric
(AEPE) and self-supervised losses. We evaluate a set of RAFT
models trained on supervised AutoFlow [41] datasets using the
ground truth average end-point error (AEPE) and self-supervised
losses averaged on the Sintel Final data. Each point in the plots
corresponds to the performance of one model.

To this end, we analyze the correlation between the
ground truth average end-point error (AEPE) metric and
SMURF’s [38] self-supervised loss on Sintel using the
trained models during the hyperparameter search of the su-
pervised AutoFlow [41], shown in Fig. 2. Each point in the
plot corresponds to a RAFT model trained on a supervised
AutoFlow dataset, with its AEPE on the Sintel Final split (y
axis) and the self-supervised loss (x axis) that consists of a
photometric loss, smoothness loss, and distillation loss. As
shown in the plots, lower self-supervised losses correspond
to lower AEPEs, and the correlation between the two signals
increases when multiple losses are combined (i.e. total loss).
This observation suggests that the self-supervised loss can
also serve as a reliable proxy search metric and motivates
our Self-supervised AutoFlow.
Self-supervised search metric. Our work extends the ap-
plicability of AutoFlow and presents Self-supervised Auto-
Flow (Self-AutoFlow or S-AF) which enables rendering a
training dataset for a target domain by relying on the self-
supervision loss metrics. We define our search metric Ω
using a self-supervised loss which consists of three terms,
a photometric loss Lphoto, a smoothness loss Lsmooth, and a
distillation loss Ldistill,

ΩS-AF(φθ(λ)) = Lphoto +ωsmoothLsmooth +ωdistillLdistill, (2)

where each loss function follows that of SMURF’s [38] and
ω∗ are weighting coefficients. The input to each loss term
is a pair of input images and an estimated optical flow from
a trained model φθ(λ), and are omitted for brevity.

The photometric loss Lphoto penalizes the difference of
corresponding pixels between input images It and It+1.
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It+1 is differentiably warped into It using the predicted op-
tical flow, Wt, and following [51], a Hamming distance of
ternary-census-transformed image patches of correspond-
ing pixels is used to compute the photometric loss with re-
spect to Wt. The smoothness loss Lsmooth uses the kth or-
der edge-aware smoothness to encourage continuity of the
predicted optical flow field while allowing for discontinuity
on edges. The distillation loss Ldistill (i.e., ‘self-supervision
loss’ in SMURF [38]) applies a loss between a prediction
on original images from a teacher model and a prediction
on augmented and cropped images from a student model.
As there is no backpropagation to the model in the search
of AutoFlow, the search metric uses only the final, instead
of all intermediate, flow prediction of RAFT.
Mixed datasets. Despite the high correlation between self-
supervised loss and the ground truth error metric, there is no
guarantee that the top candidate returned by self-supervised
AutoFlow is the optimal set of hyperparameters according
to the ground truth. To increase robustness, we choose
the top-3 hyperparameter sets returned by self-supervised
AutoFlow, generate a set of images with ground truth from
each hyperparameter set, and mix them equally to form our
final self-supervised AutoFlow dataset Dauto. Empirically,
we find that mixing the datasets decreases the likelihood of
sampling a poor-performing AutoFlow hyperparameter and
generally improves the robustness of the algorithm.
Discussion. There is a significant difference between learn-
ing a training set using self-supervised search metrics and
self-supervised learning for optical flow. Self-supervised
learning of optical flow involves training directly on a tar-
get dataset using self-supervised proxy losses. Gradients
from the losses are directly backpropagated to update the
model parameters. In contrast, our self-supervised Auto-
Flow approach optimizes hyperparameters for rendering a
training dataset and trains the model on the dataset gener-
ated by the hyperparameters. The high correlation between
the self-supervised loss and the ground truth error makes
the Self-AutoFlow dataset almost as good as the AutoFlow
dataset. The rendering pipeline can serve as an inductive
bias for self-supervised learning and provide ground truth
for complex scenes, such as occlusions and motion blur, that
models trained on self-supervised losses tend to fail.

3.3. Combining Self-supervised AutoFlow with Self-
supervised Optical Flow

Given the AutoFlow dataset Dauto learned from the self-
supervised search metric, we further combine two data
sources for training: (i) the self-supervised AutoFlow data
Dauto and (ii) a target dataset without ground truth Dtarget.
Specifically, we first pre-train the model on Dauto and then
self-supervised fine-tune the model on the target dataset
Dtarget, based on a training protocol from SMURF [38].
Self-supervised fine-tuning. This stage is to further adapt

the model to the unlabeled target domain (i.e. raw videos).
We use the same self-supervised loss from Eq. (2).

L = Lphoto + ωsmoothLsmooth + ωdistillLdistill. (3)

Multi-frame fine-tuning. After fine-tuning on the target
domain with the self-supervised loss in Eq. (3), we further
apply the multi-frame fine-tuning from SMURF [38]. Given
a triplet of input frames (It−1, It, and It+1), SMURF pre-
dicts bi-directional flow ((It → It−1) and (It → It+1)) and
generates pseudo ground truth for the forward flow Wpseudo
that includes more reliable estimation on occluded pixels
through occlusion detection and inpainting using a shallow
CNN. Then, we apply the following sequence loss from
RAFT [43], which applies the l1 loss (ρF ) on each nth in-
termediate output Wn with a decay factor γ,

L =
∑
n

γN−nρF (Wpseudo −Wn). (4)

4. Experiments
4.1. Experimental setup

We use RAFT [43] as the backbone architecture. For the
self-supervised hyperparameter search, we train 16 models
in parallel using 96 NVIDIA P100 GPUs. At each search
iteration, we train models for a short amount of steps, eval-
uate them on our search metric (Eq. (2)), and update the
hyperparameters. We conduct 8 search iterations, which
results in 16×8 total models for the search. We use the
Adam optimizer (β1=0.9, β2=0.999) with a learning rate
of 0.0001 and a one-cycle learning rate schedule [37]. Our
method has the same theoretical complexity as AutoFlow.
However, in practice, we reduce the computation cost by
nearly 60% by using fewer training steps (80k).

For each target domain, we conduct a separate search
and render a separate dataset. After pre-training on the ren-
dered dataset, we further fine-tune the model with the self-
supervised loss (Eq. (3)) on each target dataset, followed by
multi-frame fine-tuning (Eq. (4)). We use a learning rate
of 0.0002 with an exponential decay during the last 20% of
steps. At inference time, we use the established evaluation
scheme for each domain. Tab. 1 follows AutoFlow’s, which
uses a fixed resolution during inference (Sintel: 448×1024,
KITTI: 640×640). Tab. 3 and Tab. 4 follow SMURF’s,
which uses resolutions that perform the best on the train-
ing set (Sintel: 384×1024, KITTI: 424×952).

4.2. Self-supervised AutoFlow

Comparison with the state-of-the-art pre-training ap-
proaches. Tab. 1 compares our method with different pre-
training approaches and reports the accuracy on Sintel and
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Figure 3. Ablation study of self-supervised search metric. None of the individual terms of the standard self-supervised loss, when
used as a search metric, is strongly correlated with AEPE on the target dataset. Only the combination of all three terms leads to a strong
correlation between the search metric and the AEPE. Each point here denotes an AEPE of a model trained on a generated dataset searched
by a self-supervised search metric, whereas Fig. 2 shows the supervised AutoFlow models that use AEPE for the dataset parameter search.

Table 1. Comparison of (self-)supervised pre-training ap-
proaches. Our Self-AutoFlow (S-AF) outperforms FlyingChairs
pre-training and is competitive with supervised AutoFlow (AF)
which is learned from ground truth annotations. Bold indicates
the best number. “AF X”, “AF-mix X” or “S-AF X” indicates that
AF or S-AF is learned for the dataset X. Numbers in parentheses
indicate the number of training steps.

Dataset and Method Sintel Clean Sintel Final KITTI
(AEPE ↓) (AEPE ↓) (AEPE ↓)

Supervised
RAFT Chairs [43] 2.27 3.76 7.63
AF Sintel (3.2M) [40] 1.74 2.41 4.18
AF-mix Sintel (3.2M) 1.85 2.53 3.92
AF KITTI (0.8M) [41] 2.09 2.82 4.33
AF-mix KITTI (0.8M) 1.87 2.77 3.86

Self-supervised
SMURF Chairs [38] 2.19 3.35 7.94
S-AF Sintel (3.2M) 1.83 2.59 5.22
S-AF KITTI (0.2M) 2.20 3.01 4.58
S-AF KITTI (0.8M) 1.99 3.00 4.29
S-AF KITTI (3.2M) 1.88 2.85 4.22

Table 2. Ablation study on end-to-end training. The models are
trained with the dataset-mixing strategy and longer training steps.

Lphoto Lsmooth Ldistill Lphoto + Lsmooth Ltotal
Sintel Clean 2.26 2.18 2.07 2.30 1.83
Sintel Final 3.24 2.84 3.04 2.98 2.59

KITTI. All methods use RAFT [43] as the backbone archi-
tecture. AutoFlow (AF) [41] and our Self-AutoFlow (S-AF)
are trained on each rendered dataset for Sintel or KITTI,
and we report accuracy on both benchmark datasets. S-
AF mixes rendered datasets from top-3 hyperparameter sets
that show low metric score (see Sec. 3.2); for a fair compar-
ison, we prepare an equivalent model for AutoFlow and de-
note it as AF-mix. “AF X”, “AF-mix X” or “S-AF X” indi-
cates that AutoFlow (AF) or self-supervised AutoFlow (S-
AF) is learned for the target domain X. Our dataset-mixing
strategy improves AF-KITTI from their reported number
4.33 to 3.86, demonstrating its effectiveness for both su-
pervised and self-supervised setups.

Our method substantially outperforms (self-)supervised
pre-trained models on FlyingChairs and performs compet-
itively to (supervised) AutoFlow and AutoFlow-mix. The

performance gap between S-AF KITTI and AF KITTI (4.29
vs. 3.86) is much smaller than that between Chairs and AF
(7.63 vs. 3.86). We note that the accuracy in Tab. 1 is re-
ported on the training set, where AF uses its ground truth
to optimize, and thus is guaranteed to outperform S-AF. It
is significant to achieve such a small performance gap, sug-
gesting that our self-supervised approach can successfully
extend the applicability of AutoFlow on unlabeled target
domains as demonstrated in Sec. 4.5.

Ablation study of self-supervised search metric. Fig. 3
provides an ablation study on our search metrics in Eq. (2).
Similar to Fig. 2, each data point corresponds to a trained
model with its AEPE on Sintel Final (y axis) and a loss
value on a metric (x axis) that is used for our S-AF hyper-
parameter search to render its training dataset.

Unlike in Fig. 2 where we observe a strong correlation
between the supervised search metric (AEPE) and the mea-
sured self-supervised loss, here we observe very different
behavior. Each of the individual self-supervised signals per-
forms poorly as a search metric, when judged by the AEPE
of the models trained on rendered datasets that are searched
by the self-supervised signals. For example, a S-AF hyper-
parameter search guided by the distillation loss converges
to models with very high AEPE but low distillation loss be-
cause distillation alone can lead to trivial solutions, such as
a model predicting zero or constant flow for any input. As a
result, only the combination of all three self-supervised sig-
nals act as an effective search metric, showing the highest
correlation with AEPE and the lowest AEPE (< 3.4).

Tab. 2 reports the AEPE of models trained on rendered
datasets optimized for different self-supervised metrics.
Note, the models in this table use the full training setup,
including the dataset-mixing strategy and longer training
steps. The model with Ltotal shows the lowest AEPE, con-
firming that the combination of three losses serves as a reli-
able search metric.

4.3. Self-supervised Learning of Optical Flow

Comparison to the state of the art. In Sec. 3.3, we com-
bine our S-AF (Sec. 3.2) with the self-supervised learning
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Table 3. Comparison of self-supervised learning approaches. Our models are pre-trained on self-supervised AutoFlow (S-AF) and the
self-supervised objective (SS) using unlabeled data from the target dataset. Following SMURF [38], we train two models for each dataset
on either the training split or the test split and evaluate on the other, denoted as S-AF+SS train and S-AF+SS test. Our method performs
favorably against the state of the art. “{}” trained on/using the unlabeled evaluation set; “[]” trained on data closed to evaluation set; “MF”
using multi-frame estimation at test time [38].

Sintel Clean [4] Sintel Final [4] KITTI 2015 [28]

AEPE ↓ AEPE ↓ AEPE ↓ AEPE (noc) ↓ Fl-all (%) ↓
Method train test train test train train train test

EPIFlow [53] 3.94 7.00 5.08 8.51 5.56 2.56 – 16.95
UFlow [20] 3.01 5.21 4.09 6.50 2.84 1.96 9.39 11.13
SemiFlow [16] 1.30 – 2.46 – 3.35 – 11.12 –
SMURF test [38] 1.99 – 2.80 – 2.01 1.42 6.72 –
S-AF+SS test 1.65 – 2.40 – 1.94 1.37 6.56 –
DDFlow [24] {2.92} 6.18 {3.98} 7.40 [5.72] [2.73] – 14.29
SelFlow [25] (MF) [2.88] [6.56] {3.87} {6.57} [4.84] [2.40] – 14.19
UnsupSimFlow [15] {2.86} 5.92 {3.57} 6.92 [5.19] – – [13.38]
ARFlow [23] (MF) {2.73} {4.49} {3.69} {5.67} [2.85] – – [11.79]
RealFlow [9] {1.34} – {2.38} – {2.16} – – –
SMURF train [38] {1.71} 3.15 {2.58} 4.18 {2.00} {1.41} {6.42} 6.83
S-AF+SS train {1.51} 3.03 {2.30} 3.98 {1.96} {1.38} {6.26} 6.76

Table 4. Generalization across datasets. We compare the gener-
alization ability of self-supervised optical flow methods. We train
the models on one dataset and evaluate on others. Our method (S-
AF) outperforms SMURF on cross-dataset evaluations. SS Sin-
tel/KITTI means further self-supervised training on Sintel/KITTI.

Chairs Sintel train KITTI-15 train

Method test Clean Final AEPE Fl-all (%)

SMURF Chairs 1.72 2.19 3.35 7.94 26.51
S-AF Sintel 1.61 1.83 2.57 4.79 15.47
S-AF KITTI 2.09 2.16 2.96 4.28 13.60

+ SS Sintel
SMURF 1.99 1.99 2.80 4.47 12.55
S-AF 1.81 1.65 2.40 4.28 12.45

+ SS KITTI
SMURF 3.26 3.38 4.47 2.01 6.72
S-AF 3.19 3.32 4.44 1.94 6.56

approach of optical flow to further adapt the model to the
target domains, denoted by S-AF+SS. We compare against
state-of-the-art approaches that do not use ground truth in
the target domain in Tab. 3. We train our model on the stan-
dard train/test splits for Sintel and further train on the multi-
view extension data following [38] for the KITTI dataset.
We train two models for each dataset, one trained on the
test split (* test) in a self-supervised manner and evaluated
on the training split with ground truth, and the other trained
on the training split (* train) and evaluated on the test split
(i.e., benchmark websites).

Compared to SMURF, our method reduces the AEPE
by 0.12 on Sintel Clean test, 0.20 on Sintel Final test, and
F1-all by 0.07 on KITTI test. Our method is comparable
to SemiFlow [16] and RealFlow [9] on Sintel Clean train,
although both SemiFlow and RealFlow are pre-trained on
FlyingChairs and FlyingThings3D and thus have strong per-
formance on Sintel Clean, due to the proximity of their do-

Table 5. Supervised fine-tuning on public benchmarks. We
fine-tune our model using ground truth in a supervised manner.
(AEPE ↓ for Sintel and Fl-all ↓ for KITTI. Methods using warm
start on Sintel are marked by *). Models pre-trained on self-
supervised AutoFlow (S-AF) can serve as a good initialization for
supervised fine-tuning.

Method Sintel Clean Sintel Final KITTI
RealFlow [9] - - 4.63 %
SemiFlow (RAFT)* [16] 1.65 2.79 4.85 %
RAFT-it [40] 1.55 2.90 4.31 %
RAFT-S-AF 1.42 2.75 4.12 %

mains. Our method outperforms SemiFlow and RealFlow
on the more challenging Sintel Final train and KITTI.

Generalization across datasets. In Tab. 4, we evaluate the
generalization of our approach by training the model on one
dataset and evaluating it on other datasets. We denote the
models with self-supervised fine-tuning on target datasets
as +SS Sintel/KITTI. When only training on S-AF datasets,
the model achieves an AEPE of 1.83 on Sintel Clean and
2.57 on Sintel Final, which outperforms SMURF with self-
supervised fine-tuning on the target Sintel dataset by 0.16
and 0.23. Both models trained on S-AF and self-supervised
fine-tuned on Sintel/KITTI achieve the best cross-domain
performance on all the target datasets.

4.4. Supervised Fine-tuning on Public Benchmarks

To examine how well our method can serve as a good ini-
tialization, we fine-tune our S-AF+SS train model in Tab. 3
using the same fine-tuning protocol from [40]. As shown in
Tab. 5, our method consistently outperforms RAFT-it [40],
SemiFlow, and RealFlow, indicating that S-AF+SS models
can serve as a good initialization for supervised fine-tuning.
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Inputs                       SMURF Chairs                 SMURF Sintel                     S-AF Sintel                   S-AF+SS Sintel                 Ground Truth

Figure 4. Comparison of self-supervised methods on Sintel. SMURF, both pre-trained (SMURF Chairs) and self-supervised fine-tuned
(SMURF Sintel), tends to fail on shadows, strong motion blur, or small/thin objects. On the other hand, self-supervised AutoFlow (S-AF)
on Sintel provides more reliable predictions, and self-supervised (SS) fine-tuning (S-AF+SS Sintel) further improves the results.

4.5. Evaluation on Downstream Tasks

To further demonstrate the generalization of our method
to a real-world domain without ground truth, we compare
our method with various supervised, semi-supervised, and
self-supervised methods on two downstream tasks: key-
point propagation and segmentation tracking on the DAVIS
dataset [29]. For self-supervised fine-tuning on DAVIS, we
use the seven BADJA sequences and three challenging se-
quences (drift-turn, drift-chicane and color-run) as the test
set, and the remaining 80 sequences for training.

Keypoint propagation. For evaluation, we use the Per-
centage of Correct Keypoint-Transfer (PCK-T) metric [47]
with keypoint annotations from the BADJA dataset [3].
Given annotated keypoints on a reference image, the met-
ric calculates the percentage of correctly propagated key-
points along a video sequence. As shown in Tab. 6,
our S-AF DAVIS model achieves better accuracy than
other (semi-)supervised approaches (SemiFlow, RealFlow,
AF Sintel, and RAFT-it) and a self-supervised pre-training
approach (SMURF Chairs). Our self-supervised fine-tuned
model on DAVIS (S-AF+SS DAVIS) outperforms SMURF
DAVIS.

Compared to the S-AF results that use different unla-
beled data as target, S-AF DAVIS outperforms S-AF Sin-
tel and KITTI, showing that our method successfully learns
a better dataset for the target domains without using the
ground truth labels.

Segmentation tracking. We propagate initial segmenta-
tion masks using optical flow and evaluate IoU between the
propagated and ground truth masks. As shown in Tab. 7,
Our method (S-AF) consistently outperforms supervised
AutoFlow, RAFT, and SMURF. Since the performance dif-
ference is mainly on tiny objects or around object bound-

Table 6. Keypoint propagation on the BADJA dataset [3].
We use different optical flow methods to propagate the keypoints
along the sequences and report the PCK-T metric. (S-)AF: (self-
supervised) AutoFlow; SS: self-supervised fine-tuning. SMURF
DAVIS is first trained on Chairs and then fine-tuned on DAVIS.

Method bear camel cows dog-a dog horse-h horse-l Avg.
DINO [5] 75.7 58.2 71.4 10.3 46.0 35.8 56.5 50.6
PIPs [10] 76.3 84.0 79.1 31.6 42.9 60.4 58.6 61.8
(Semi-)supervised
SemiFlow-Davis [16] 66.4 72.0 71.4 13.8 40.8 36.4 31.4 47.5
RealFlow-Davis [9] 64.3 80.1 63.4 10.3 45.4 32.5 38.7 47.8
AF Sintel [41] 71.4 80.1 75.1 17.2 47.1 34.4 27.2 50.4
RAFT-it [40] 73.2 83.0 78.1 17.2 46.0 39.1 30.4 52.4
Pre-training
SMURF Chairs [38] 79.3 74.0 73.8 3.4 42.5 34.4 29.3 48.1
S-AF Sintel 73.2 83.9 62.0 3.4 42.0 40.4 26.7 47.4
S-AF KITTI 72.5 76.8 73.8 0.0 46.6 34.4 31.9 48.0
S-AF DAVIS 72.9 76.5 75.7 20.7 47.7 38.4 31.4 51.9
Self-supervised fine-tuning
SMURF DAVIS [38] 80.0 83.0 77.8 3.4 47.1 40.4 44.0 53.7
S-AF+SS DAVIS 80.0 82.3 74.9 10.3 50.6 43.0 42.4 54.8

Table 7. Segmentation tracking on DAVIS. We propagate the ini-
tial segmentation masks using optical flow and evaluate IoU com-
pared to ground truth masks.

AF Sintel RAFT-it SMURF Chairs S-AF Davis SMURF Davis S-AF+SS Davis
0.830 0.801 0.807 0.837 0.876 0.888

aries, the > 1% difference between S-AF+SS Davis and
SMURF Davis is a moderate improvement.

4.6. Visual Comparison

Sintel. As in Fig. 4, compared to out-of-domain pre-
training approaches, S-AF Sintel performs better than
SMURF Chairs on shadows, small/thin objects and scenes
with strong motion blur. Self-supervised fine-tuning on Sin-
tel (S-AF+SS Sintel model) further improves the results
upon the pre-training S-AF Sintel model, whereas SMURF
still tends to fail on those cases. The results show that our
self-supervised learning-to-render approach not only pro-
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Inputs                        SMURF Chairs                   S-AF KITTI                     S-AF Sintel                        AF Sintel                     S-AF Davis

Figure 5. Visual comparison of pre-training on DAVIS. Compared to SMURF Chairs and AutoFlow (AF) Sintel, self-supervised
AutoFlow (S-AF) DAVIS learned from DAVIS data yields better flow results. In addition, S-AF DAVIS outperforms S-AF Sintel and
S-AF KITTI, indicating S-AF successfully learns a better training set to adapt the model to a target domain.

Inputs SMURF Davis             S-AF+SS Davis

Figure 6. Visual comparison of self-supervised fine-tuning on
DAVIS. With self-supervised fine-tuning on the target DAVIS
dataset, our S-AF+SS DAVIS predicts more accurate flow for tex-
tureless areas or thin objects, showing that the better initialization
of S-AF leads to better self-supervised fine-tuning results com-
pared to the initialization from pre-training on FlyingChairs.

Inputs                      SMURF KITTI              S-AF+SS KITTI

Figure 7. Visual comparison of self-supervised fine-tuning on
KITTI. Our S-AF+SS KITTI model predicts more accurate flow
on objects with large motion, on shadows, and on thin structures
of the scene compared to SMURF KITTI. Purely self-supervised
methods may predict incorrect flow fields, while our S-AF+SS ap-
proach resolves this issue by a better initialization.

vides a strong pre-trained model on the target domain, but
also serves as a good initialization for the self-supervised
fine-tuning; suggesting that our S-AF is complementary to
the self-supervised learning approach.

DAVIS. Fig. 5 shows the comparison of different pre-
training methods on the DAVIS dataset. The SMURF
Chairs model does not clearly capture the motion of the foot

and hand of the person due to the domain gap between Fly-
ingChairs and DAVIS. AF Sintel does not generalize well
to the real-world DAVIS data; our S-AF learned from the
unlabeled DAVIS data successfully captures the detailed
structure. We further compare our models that use differ-
ent target domains for dataset generation (S-AF DAVIS, S-
AF Sintel, S-AF KITTI). S-AF DAVIS shows the best re-
sults by successfully optimizing the rendering parameters
for the real-world target domain, i.e. DAVIS.

Fig. 6 shows that self-supervised fine-tuning on DAVIS
(S-AF+SS DAVIS) further improves the result over SMURF
DAVIS, showing that the better initialization of S-AF leads
to better self-supervised fine-tuning results compared to the
initialization from pre-training on FlyingChairs.
KITTI. As shown in Fig. 7, S-AF+SS KITTI predicts more
accurate flow on close objects with large motion, shadows,
and thin structures of the scene than SMURF KITTI. The
results suggest that the purely self-supervised method may
predict incorrect flow due to optimizing the photometric
constancy loss. In contrast, our S-AF pre-training approach
provides a better model initialization and resolves this issue
by pre-training on rendered S-AF data ground truth.
Discussions. Despite the promising results, the visual com-
parison suggests that there is room for improvement, such
as the thin structures in Fig. 5 and the sky regions in Fig. 6.
Future work may further explore using a more realistic ren-
dering engine e.g., with a sky model, and developing better
self-supervised losses to address these issues.

5. Conclusions
We have introduced self-supervised AutoFlow to learn a

training set for optical flow for unlabeled data using self-
supervised metrics. Self-supervised AutoFlow performs on
par with AutoFlow that uses ground truth on Sintel and
KITTI, and better on the real-world DAVIS dataset where
ground truth is not available. Our work suggests the ben-
efits of connecting learning to render with self-supervision
and we hope to see more work in this direction to solve op-
tical flow in the real world.
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