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Abstract

Optical flow estimation is a long-standing problem in computer vision with broad ap-
plications in autonomous driving, robotics, etc.. Due to the scarcity of ground-truth
labels, the unsupervised estimation of optical flow is especially important. However,
it is a poorly constrained problem and presents challenges in the presence of occlu-
sions, motion boundaries, non-Lambertian surfaces, lack of texture, and illumination
changes. Therefore, we explore using external information, namely partial labels,

semantics, and stereo views, to assist unsupervised optical flow estimation.

Supervised training of optical flow predictors generally yields better accuracy than
unsupervised training. However, the improved performance comes at an often high
annotation cost. Semi-supervised training trades off accuracy against annotation
cost. We use a simple yet effective semi-supervised training method to show that
even a small fraction of labels can improve flow accuracy by a significant margin over
unsupervised training. In addition, we propose active learning methods based on
simple heuristics to further reduce the number of labels required to achieve the same
target accuracy. Our experiments on both synthetic and real optical flow datasets
show that our semi-supervised networks generally need around 50% of the labels to
achieve close to full-label accuracy, and only around 20% with active learning on
Sintel. We also analyze and show insights on the factors that may influence active
learning performance. Code is available at https://github.com/duke-vision/optical-
flow-active-learning-release.

Unsupervised optical flow estimation is especially hard near occlusions and mo-
tion boundaries and in low-texture regions. We show that additional information
such as semantics and domain knowledge can help better constrain this problem.

We introduce SemARFlow, an unsupervised optical flow network designed for au-
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tonomous driving data that takes estimated semantic segmentation masks as addi-
tional inputs. This additional information is injected into the encoder and into a
learned upsampler that refines the flow output. In addition, a simple yet effective
semantic augmentation module provides self-supervision when learning flow and its
boundaries for vehicles, poles, and sky. Together, these injections of semantic infor-
mation improve the KITTI-2015 optical flow test error rate from 11.80% to 8.38%.
We also show visible improvements around object boundaries as well as a greater
ability to generalize across datasets. Code is available at https://github.com/duke-

vision/semantic-unsup-flow-release.

Both optical flow and stereo disparities are image matches and can therefore
benefit from joint training. Depth and 3D motion provide geometric rather than
photometric information and can further improve optical flow. Accordingly, we de-
sign a first network that estimates flow and disparity jointly and is trained without
supervision. A second network, trained with optical flow from the first as pseudo-
labels, takes disparities from the first network, estimates 3D rigid motion at every
pixel, and reconstructs optical flow again. A final stage fuses the outputs from the
two networks. In contrast with previous methods that only consider camera motion,
our method also estimates the rigid motions of dynamic objects, which are of key
interest in applications. This leads to better optical flow with visibly more detailed
occlusions and object boundaries as a result. Our unsupervised pipeline achieves
7.36% optical flow error on the KITTI-2015 benchmark and outperforms the pre-
vious state-of-the-art 9.38% by a wide margin. It also achieves slightly better or

comparable stereo depth results. Code will be made available.
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Chapter 1

Introduction

1.1 Problem De nition

Optical flow estimation is a long-standing problem in computer vision and has broad
applications in autonomous driving [3], virtual /augmented reality [4], and robotics [5].
As a pixel-level video motion representation, optical flow has been applied to many
down-stream tasks such as action recognition [6], object tracking [7], video decom-
position [8], video interpolation [9], and video editing [10].

Optical flow is defined as the field of relative displacements of each pixel between
two consecutive video frames. Given two consecutive frames in the same video, for
each pixel in the first frame, we find its correspondence in the second frame. Each
displacement vector pointing from one pixel to its correspondence is called an optical

ow vector. We estimate the optical flow vector for every pixel in the first frame to
constitute a dense optical flow estimation. Although the trajectory of each moving
point across multiple frames can also be analyzed, we focus on two-frame motions,

i.e., optical flow, for simplicity.

1.2 Current Methods and Issues

Traditional Methods Variational methods for computing optical flow were first
proposed in the 1980s, including the Lucas-Kanade method [11] and the Horn-Schunk
method [12]. These methods tried to solve the optical flow prediction problem by
designing algorithms by hand to find displacement vectors that match similar patches

in the two frames [13, 14, 15]. These algorithms were based on modeling the geometry



of motion by hand rather than based on data.

Since traditional methods rely on patch matching, the textures of the patches
play a very important role. If a point has poor texture, it is easily confused with
neighboring points. Mathematically, this leads to ill-posed degenerate equations for
traditional methods. This degeneracy is called the aperture problem and is pervasive
in real-life videos [16]. Therefore, most traditional methods can only output a sparse

optical flow field, where only points with good features are matched [17].

Supervised Methods Inspired by the success of deep Convolutional Neural Net-
work (CNN) models for image classification and object recognition [18], much recent
work has modeled the optical flow prediction problem under the supervised learning
framework [19, 20, 21, 22, 23, 24, 25, 26]. Under this setting, deep neural networks
are used to learn the mapping from image pairs to the corresponding optical flow by
minimizing the supervised loss, namely, some distance measure between computed
and true flow. This supervised learning setting is strongly data-driven, in that the
geometry of motion is not modeled explicitly but learned through examples, thanks
to the strong expressive power of CNNs.

One of the main obstacles to the supervised learning of motion is the difficulty
in obtaining a large number of ground-truth labels. Since manual labeling is almost
impossible for ground-truth dense optical flow, given both the huge amount of pixels
in a video sequence and the difficulty in knowing true flow in the first place, many
methods have used synthetic data in training. However, it is still an open question
whether synthetic data are an adequate proxy for real data. Most supervised networks

are still hard to generalize across data domains.

Unsupervised Methods Due to lack of ground-truth labels, many methods have

tried to predict optical flow in an unsupervised or self-supervised way, where they

2



use surrogate loss terms based on the assumptions of constant brightness and smooth
flow [27, 28, 1, 2, 29]. Thanks to unsupervised training, it is now possible to train
flow networks directly on large real datasets from the target domain.

Still, unsupervised optical flow estimation is very challenging. First, the mapping
between pixel positions in two consecutive frames is not one-to-one along motion
discontinuities: A background pixel visible in the first frame may no longer be visible
in the second, because the corresponding world point has become hidden behind the
foreground object. This is called an occlusion, and the same phenomenon viewed in
reverse time is called a disocclusion.

Second, most optical flow estimation methods assume that flow varies smoothly
over the image, in order to provide a regularizer for an otherwise ill-posed problem,
and implement this assumption by charging a smoothness loss for abrupt spatial
changes of optical flow. This assumption is not valid along motion boundaries, and

the resulting flow estimates are consequently poor there.

1.3 Assistance from External Information

To help better constrain unsupervised optical flow estimation, we consider injecting

various kinds of additional information as long as they are practical and feasible.

1.3.1 Partial Labeling

Many methods have achieved remarkable performances on either the supervised or
the unsupervised learning of optical flow. However, the semi-supervised learning of
optical flow has not been well explored.

Since optical flow labels are especially difficult to obtain, many research papers
have been focusing on unsupervised models. However, though labelling the whole
dataset is expensive, it may be still feasible to label a part of the data, and using those

3



partial labels may help boost the performance of unsupervised models. Therefore,
our goal for semi-supervised training is to obtain the best possible performance under

certain constraints of label ratios.

Another angle to view this problem is through label e ciency. Under the same
setting (the same data, network architecture, etc.), supervised model generally works
better than the unsupervised model. However, there should be a whole spectrum
between “supervised” (100% label) and “unsupervised” (0% label). Intuitively, as we
inject a small fraction of labels (such as 10%) into training, the performance should
improve abruptly instead of linearly. This suggests that partial labeling may be a
practical solution to improve unsupervised optical flow.

When exploring semi-supervised learning with partial labels, another interesting
question is: how to pick the samples to label? Or in other words, compared with
random sampling, is there a smarter way of choosing which samples to label? This
brings us to the concept of active learning, where the model is allowed to actively

select samples to query labels with human-in-the-loop training.

Details of this project are discussed in Chapter 2.

1.3.2 Semantics

Since optical flow resolves motion at the pixel level, no object-level information is
typically utilized explicitly in its estimation. Therefore, it is interesting to see how
incorporating the knowledge of object semantics can help refine optical flow.
Smantics has been extensively studied as an additional, important source of vi-
sual information, and much progress has been made in recent decades on how to
incorporate it. Unlike optical flow labels, semantic labels are relatively more feasible
and easier to obtain. Many semantic models have been pretrained on large datasets,

so they can be used off-the-shelf. For applications like autonomous driving, semantic



segmentation is usually performed as part of the first steps to perceive the environ-
ment, so it is fair to assume that semantic segmentation is available with little extra
cost in real applications.

Moreover, semantics can help the reasoning of optical flow. Different types of
objects may have different motion distributions, which can add a strong prior for
flow estimation. It may also help better tackle occlusions, which always happen
between semantic objects. It is also possible to borrow semantic boundaries from the
segmentation to sharpen flow boundaries. Therefore, we propose a simple yet effective
model to inject semantic segmentation as an external input to improve unsupervised

optical flow estimation.

Details of this project are discussed in Chapter 3.

1.3.3 Stereo or Multiple Views

Images are 2D projections of the 3D real world. When we infer optical flow from
2D image inputs, the lack of the third dimension, depth, has created confusions in
various ways such as occlusions. Therefore, 3D scene geometry can be helpful to

compensate those lost motion information.

For example, if a background pixel is occluded by a foreground object, that pixel
is not seen in the second frame, so its correspondence cannot be found, and its optical
flow will not be observable. However, if we know the 3D position of that pixel and
its 3D rigid motion, we can reconstruct its motion in the 3D world, which can be
later projected to the 2D image frame as optical flow. This reconstruction should be
much more reliable than “guessing” the occluded flow based on 2D smoothness.

Fig 1.1 illustrates how 2D videos are captured and generated from 3D scenes.
Changes between the two captured frames are a result of the motion of image points

(optical flow), which in turn depends on the scene structure (3D coordinates of world



points) and on the motion of both camera and objects in the scene. This simple
generative model does not account for other factors that cause image change, such
as changes of lighting. The term “3D scene geometry” encompasses both structure

and motion.

Pty
: Structure | | r - _|
I (depthDy) | 1. Il captured |
[ Optical Flow [ 1
) | E » Frames

Camera motion | | I Fisj I L !
iqi I I ' I
(rigid) I Motion |, : :

I M. e T
Object motion I =) : What we observe

(usually non-rigid) | = = = = = = = (Input videos)

3D scene geometry

Figure 1.1: How 2D videos are captured and generated from 3D scenes

Specifically, the scene structure is usually represented by a depth map, which
tells for each pixel the distance from its corresponding real-world point to the camera
center of projection and is measured along the optical axis of the camera. The depth
can be reliably estimated given stereo camera inputs. The motion between frames
consists of camera motion, which is strictly rigid, and independent object motion,
which can be non-rigid. Even if the object motion is non-rigid, it can usually be
decomposed and approximated as motions of many rigid bodies. The motion of a
set of points is rigid when it leaves the distance between any two points in the set
unchanged, and a rigid motion has six degrees of freedom.

Given the camera calibration information, the structure (depth map) can be used
to generate a 3D point cloud that reflects the 3D world coordinates of each visible pixel
in the frame. We then apply the rigid motions to obtain the new point coordinates
in the next frame, which are in turn projected on the image. Thus, the motion of
each pixel, which is called the optical flow, is determined, and the next video frame

changes accordingly. In this generation process, the video frames are our observed
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data. Therefore, the estimation of structure and motion is conceptually an inference

problem in the reverse direction of this generation process.

We consider autonomous driving as a major application, where stereo cameras
are placed on top of a vehicle facing straight to the front. Most parts of the scene,
including the road, buildings, trees, and so on, are static, so the motion of corre-
sponding regions in the frame is caused completely by the camera motion. There
are indeed non-static regions such as moving cars, pedestrians, and cyclers, but these
objects often take up a very small area of the frame, and their motions can usually be
approximated by some other rigid motions. Once we have computed reliable depths
(from stereo matching) and 3D rigid motions (from traditional methods or neural

networks), we can reconstruct optical flow from those external stereo information.

Details of this project are discussed in Chapter 4.



Chapter 2

Optical Flow Training under Limited
Label Budget via Active Learning

This chapter has been published at the European Conference on Computer Vision

(ECCV) in 2022 [30].

2.1 Introduction

The estimation of optical flow is a very important but challenging task in computer
vision with broad applications including video understanding [31], video editing [10],
object tracking [32], and autonomous driving [33].

Inspired by the successes of deep CNNs in various computer vision tasks [18, 34],
much recent work has modeled optical flow estimation in the framework of supervised
learning, and has proposed several networks of increasingly high performance on
benchmark datasets [19, 35, 20, 36, 21, 22, 23]. Ground-truth labels provide a strong
supervision signal when training these networks. However, ground-truth optical flow
annotations are especially hard and expensive to obtain. Thus, many methods use
synthetic data in training, since ground-truth labels can be generated as part of data
synthesis. Nevertheless, it is still an open question whether synthetic data are an
adequate proxy for real data.

Another way to circumvent label scarcity is unsupervised training, which does not
require any labels at all. Instead, it relies on unsupervised loss measures that enforce
exact or approximate constraints that correct outputs should satisfy. Common losses
used in unsupervised optical flow estimation are the photometric loss, which penalizes

large color differences between corresponding points, and the smoothness loss, which
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Figure 2.1: Overview of our active learning framework for the semi-supervised train-
ing.

penalizes abrupt spatial changes in the flow field [37, 38, 27, 39, 28, 1]. While unsu-
pervised methods allow training on large datasets from the application domain, their
performance is still far from ideal because the assumed constraints do not always hold.
For instance, the photometric loss works poorly with non-Lambertian surfaces or in

occlusion regions [40], while the smoothness loss fails near motion discontinuities [41].

Semi-supervised training can be a way to combine the advantages of both su-
pervised and unsupervised training for optical flow models. The idea is simple, and
amounts to training the network with a mix of labeled and unlabeled data. This
is possible because we can charge different losses (supervised or unsupervised) to
different samples depending on whether they are labeled or not.

The trade-off between performance and labeling cost is of interest in real practice,
since it describes the marginal benefit that can be accrued at the price of a unit of
labeling effort. However, little work has focused on the semi-supervised training of
optical flow. Existing methods have tried to improve flow estimates given an available,
partially labeled dataset [42, 43, 44]. Other work uses semi-supervised training to

address specific problem conditions, e.g., foggy scenes [45].

In contrast, we are particularly interested in label efficiency, that is, in the per-



formance improvement gained as the fraction of labeled samples increases from 0
(“unsupervised”) to 1 (“supervised”). Specifically, we use a simple yet effective semi-
supervised algorithm and show that the model error drops significantly as soon as a
small fraction of the samples are labeled. This suggests that even a modest labeling

budget can lead to a significant performance boost.

Given a specific labeling budget, an important related question is how to deter-
mine which part of the dataset to label. A simple method is random sampling, but
it is possible to do better. Specifically, we propose and evaluate criteria that suggest
whose labels bring larger benefits in training. This brings us to the concept of active

learning.

Active Learning (AL) has been shown to be effective in reducing annotation costs
while maintaining good performance in many vision tasks including image classifica-
tion [46, 47], object detection [48, 49], semantic segmentation [50, 51], and instance
segmentation [52]. The general idea is to allow the training algorithm to select valu-
able unlabeled samples for which to query labels for further training. This selection
is especially important for optical flow estimation, since generating labels for addi-
tional samples incurs high costs in terms of computation, curation, and sometimes
even hand annotations.

While annotating individual flow vectors by hand is effectively impossible in prac-
tice, annotation can be and often is done by hand at a higher level and, even so, is
costly. For instance, in KITTI 2015 [33], correspondences between points on CAD
models of moving cars are annotated by hand so that dense optical flow can be in-
ferred for these cars. In addition, nonrigid objects such as pedestrians or bicyclists
are manually masked out, and so are errors in the flow and disparity masks inferred
from LiDAR and GPS/IMU measurements and from stereo depth estimation. This

is still manual annotation and curation, painstaking and expensive. Some amount of
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curation, at the very least, is necessary for most high-quality training sets with real
imagery, and the methods we propose aim to reduce the need for this type of work,
and to make the products of whatever manual work is left more effective. To the best
of our knowledge, we are the first to study active learning as a way to moderate the
high annotation costs for optical flow estimation.

As illustrated in Fig. 2.1, our training pipeline (top part of the diagram) includes
an unsupervised first stage and a semi-supervised second stage. We split our un-
labeled dataset to two sets, one (Dj) used to pre-train an unsupervised model M,
and the other (D;) used as the candidate set, from which samples are selected to
query labels from expert annotators. After training model Mj on D; in Stage 1, we
estimate flow for all the samples in D, and score each of them based on our active
learning criteria. We query for labels for top-scoring samples and add these to D,
for further semi-supervised training in Stage 2. In this paper, we show that using
active learning to query labels can help further reduce the number of labels required

to achieve a given performance target in semi-supervised training.

In summary, our contributions are as follows.

* We show on several synthetic and real-life datasets that the performance from
unsupervised training of optical flow estimators can be improved significantly
as soon as a relatively small fraction of labels are added for semi-supervised

training.

e To the best of our knowledge, we are the first to explore active learning as a
way to save annotation cost for optical flow estimation, and our novel pipeline

can be used directly in real practice.

e We set up the new problem of semi-supervised training of optical flow under

certain label ratio constraints. We anticipate follow-up research to propose
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better methods for this problem.

2.2 Related Work

Supervised Optical Flow Supervised methods use deep networks to learn the map-
ping from image pairs to the corresponding optical flow by minimizing the supervised
loss, namely, some distance measure between computed and true flow. FlowNet [19]
used a multi-scale encoder-decoder structure with skip connections between same-
scale layers. Following this framework, many networks have been proposed to de-
crease both model size and error. Traditional ideas or heuristics have been introduced
into the network, including image pyramid in SPyNet [35], feature pyramid, warping,
and cost volume in PWC-Net [20] and LiteFlowNet [36]. Iterative decoder modules
have also been explored as a way to reduce model size while retaining accuracy in
IRR-PWC [21] and RAFT [22]. The latter built the network based on full-pair corre-
lations and has led to many follow-up models that have achieved the state-of-the-art

performance [23].

Unsupervised Optical Flow Recent research has focused on the unsupervised
learning of optical flow as a compromise between label availability and model per-
formance. Initial work on this topic proposed to train FlowNet-like networks using
surrogate loss terms, namely photometric loss and smoothness loss [37, 38]. As found
by many papers, flow at occlusion region is especially challenging for unsupervised
networks [40]. Thus, much research focused on solving the occlusion problem via
occlusion masks [40], bi-directional consistency [27], multi-frame consistency [39, 53],
and self-supervised teacher-student models [28, 54]. ARFlow [1] integrated a sec-
ond forward pass using transformed inputs for augmentation and has achieved the
state-of-the-art unsupervised performance. Multi-frame unsupervised models have

also been investigated [39, 29].
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Semi-supervised Training in Vision Semi-supervised training targets ap-
plications where partial labels are available. Early approaches in image classifica-
tion [55, 56, 57, 58| utilize label propagation with regularization and augmentation
based on the belief that nearby data points tend to have similar class labels. A
more recent class of methods train on unlabeled samples with pseudo-labels [59, 60]
predicted by a supervised trained network trained with labeled samples. Similar

teacher-student models have also been explored [61, 62].

Although widely explored in many other vision tasks, there is little work on semi-
supervised optical flow. Some early work utilized semi-supervised learning to achieve
comparable flow accuracy to the supervised methods [43, 44, 42, 43]. Others applied
semi-supervised methods to tackle specific cases of optical flow, such as dense foggy
scenes[45] and ultrasound elastography[63]. In contrast, we focus on label efficiency
for optical flow estimation: Instead of proposing semi-supervised networks that focus
on improving benchmark performances by adding external unlabeled data, we are
more focused on the trade-off between performance and label ratio given a fixed
dataset.

Active Learning in Vision Active Learning (AL) aims to maximize model
performance with the least amount of labeled data by keeping a human in the train-
ing loop. The general idea is to make the model actively select the most valuable
unlabeled samples and query the human for labels which are used in the next stage of
training. There are two main categories, namely, uncertainty-based (select samples
based on some pre-defined uncertainty metric) [64, 65, 66, 67], and distribution-based
(query representative samples of sufficient diversity) [68, 69].

Active learning has achieved extensive success in various fields in computer vision,
including image classification [46, 47|, object detection [48, 49], semantic segmenta-

tion [50, 51], and instance segmentation [52]. However, the concept has received little

13



attention in optical flow estimation where acquiring labels is especially difficult. To
the best of our knowledge, we are the first to apply active learning to optical flow

estimation to reduce annotation cost.

2.3 Method

As we are among the first to explore active learning as a way to tackle the high
annotation costs in optical flow training, we start from simple yet effective methods
to implement our ideas. This section describes our semi-supervised training method
(Sec. 2.3.1), active learning heuristics (Sec. 2.3.2), and network structure and loss

functions (Sec. 2.3.3).

2.3.1 Semi-supervised Training

Given a partially labeled data set, we implement the semi-supervised training by
charging a supervised loss to the labeled samples and an unsupervised loss to the

unlabeled ones. Specifically, the semi-supervised loss for each sample X is

unsup(X); if X is unlabeled,
‘sup(X); otherwise

semi(x) = (2'1)

where > 0 is a balancing weight. We do not include the unsupervised loss for
labeled samples (although in principle this is also an option) to avoid any conflict
between the two losses, especially on occlusion and motion boundary regions.

Thus, the final loss of the data set D = DY [ D' is

X X X
I—semi - ‘semi(x) - ‘unsup(x) +
x2D x2DUu x2D!

“qup(X); (2.2)
where DY and D' are the unlabeled and labeled sets. We define the label ratio as
r = jD'j=jDj. During training, we randomly shuffle the training set D, so that each
batch of data has a mix of labeled and unlabeled samples.
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2.3.2 Active Learning Heuristics

Figure 2.1 shows a general overview of our active learning framework. After pre-
training our model on unlabeled data (Stage 1), we invoke an active learning algo-
rithm to determine samples to be labeled for further training. Specifically, we first
use the pre-trained model to infer flow on the samples of another disjoint unlabeled
data set (the candidate set) and select a fraction of the samples to be labeled, based
on some criterion. After obtaining those labels, we continue to train the model on
the partially labeled candidate set using the semi-supervised loss (Stage 2). Note
that in this second stage, we do not include the unlabeled data used in pre-training
(see ablation study in Sec. 2.4.5). By allowing the model to actively select samples
to query labels, we expect the model to achieve the best possible performance under
a fixed ratio of label queries (the “label budget”).

So, what criteria should be used for selecting samples to be labeled? Many so-
called uncertainty-based methods for active learning algorithms for image classifica-
tion or segmentation use the soft-max scores to compute how confident the model is
about a particular output. However, optical flow estimation is a regression problem,
not a classification problem, so soft-max scores are typically not available, and would
be in any case difficult to calibrate.

Instead, we select samples for labeling based on heuristics specific to the optical
flow problem. For example, the photometric loss is low for good predictions. In addi-
tion, unsupervised flow estimation performs poorly at occlusion regions and motion
discontinuities. These considerations suggest the following heuristic metrics to flag

points for which unsupervised estimates of flow are poor:

e Photo loss: the photometric loss used in training.
e QOcc ratio: the ratio of occlusion pixels in the frame, with occlusion estimated
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by consistency check of forward and backward flows [27].

e Flow grad norm: the magnitude of gradients of the estimated flow field as in [70]

averaged across the frame, used to indicate the presence of motion boundaries.

We experiment with three active learning methods, each using one of the metrics
above. When querying labels for a given label ratio r, we first compute the metric
for each sample in the candidate set, and then sort and pick the samples with largest

uncertainties as our queries.

2.3.3 Network Structure and Loss Functions

Network Structure We adopt the unsupervised state-of-the-art, ARFlow [1], as
our base network, which is basically a lightweight variant of PWC-Net [20]. PWC-
Net-based structures have been shown to be successful in both supervised and unsu-
pervised settings, so it is a good fit for our hybrid semi-supervised training. We do
not choose RAFT because it has been mostly proven to work well in the supervised
setting, while our setting (Sec. 2.4.4) is much closer to the unsupervised one (see
appendix for details).

Each sample is a triple X = (I1; 13;U;2) where 1415, 2 RM W 3 are the two input

frames and Uj; is the true optical flow (set as “None” for unlabeled samples). The

network estimates a multi-scale forward flow field £(lI1;1,) = FU2; 09:  ;00g,
where the output Ul(lz) at scale | has dimension % 51 2. The finest estimated scale

is Ug’, which is up-sampled to yield the final output.

Unsupervised Loss For unsupervised loss “ynsup(X) we follow ARFlow|[1], which
includes a photometric loss “pn(X), a smoothness loss “sm(X), and an augmentation
loss “aug(X):

unsup(X) = “ph(X) + sm“sm(X) +  aug*aug(X): (2.3)
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Specifically, given the sample X, we first estimate both forward and backward flow,

Ul(lz) and Uz(ll), and then apply forward-backward consistency check [27] to estimate

their corresponding occlusion masks, O(I) and O(I)

To compute the photometric loss, we first warp the frames by ffl)(p) = Iél)(p +
Ul(lz)(p)), where 1 is I, down-sampled to the I-th scale and p denotes pixel coordi-
nates at that scale. The occlusion-aware photometric loss at each scale can be then

defined as

“on(X) = Xci (115117;0%2) (24)

where 1; »; 3 are three distance measures with the estimated occlusion region fil-
tered out in computation. As proposed in [1], these three measures are the Lj-
norm, structural similarity (SSIM) [71], and the ternary census loss [27], respectively,
weighted by ;.

The edge-aware smoothness loss of each scale | is computed using the second-order

derivatives:
X X 2010 @11 (p)
110) (X) - _ 1 : @ U12 (p) H l L H (25>
sm 2jQMj @z2
z2fx;ygp2 O 1
where = 10 is a scaling parameter, and QO denotes the set of pixel coordinates on
the I-th scale.
We combine the losses of each scale linearly using weights W() and w&) by
X w®eOh X 'OX0)
ph(X) = Woh ph( ) Sm(x) = Wsm sm(X) (2'6)

We also include the photometric and smoothness loss for the backward temporal

direction, which is not shown here for conciseness.
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After the first forward pass of the network, ARFlow also conducts an additional
forward pass on input images transformed with random spatial, appearance, and
occlusion transformations to mimic online augmentation. The augmentation loss
‘aug(X) is then computed based on the consistency between outputs before and after

the transformation. See [1] for details.

Supervised Loss For supervised loss “sup(X), we apply the multi-scale robust Lj-
norm
) B X ng'J)p
sup(x) - jQ(I)j
I=2

KUQ(P) UQ(p)ki + )% (2.7)
p2 O

where Ul(lz) is the down-sampled true flow to the I-th scale. A small and q <1 is

included to penalize less on outliers. We set = 0:01 and q = 0:4 as in [20].

Semi-supervised Loss The semi-supervised loss is computed by Eq. (2.1).

2.4 Experimental Results

2.4.1 Datasets

As most optical flow methods, we train and evaluate our method on FlyingChairs [19],
FlyingThings3D [72], Sintel [73], and KITTI [74, 33] datasets. Apart from the labeled
datasets, raw Sintel and KITTI frames with no labels are also available and often used
in recent unsupervised work [28, 1, 75, 76]. As common practice, we have excluded
the labeled samples from the raw Sintel and KITTI datasets.

In our experiments, we also split our own train and validation set on Sintel and
KITTI. We split Sintel clean and final passes by scenes to 1,082 training samples

and 1,000 validation samples. For KITTI, we put the first 150 samples in each of
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2015 and 2012 set as our training set, yielding 300 training samples and 94 validation

samples. A summary of our data splits is in the appendix.

2.4.2 Implementation Details

We implement the model in PyTorch [77], and all experiments share the same hyper-
parameters as follows. Training uses the Adam optimizer [78] with ; = 0:9, , =
0:999 and batch size 8. The balancing weight in Eq. (2.1) is set as 1. The weights
of each unsupervised loss term in Eq. (2.3) are ¢n = 50 for Sintel and ¢ = 75
otherwise; and aug = 0:2 unless otherwise stated. The weights of different distance
measures in Eq. (2.4) are set as (C1;Cz;C3) = (0:15; 0:85; 0) in the first 50k iterations
and (Cq;Cz;C3) = (0;0;1) in the rest as in ARFlow [1].

The supervised weights ng)p for scales | = 2;3; ;6 in Eq. (2.7) are 0.32, 0.08,
0.02, 0.01, 0.005 as in PWC-Net[20]. The photometric weights WF()Ir)] in Eq. (2.6) are
1,1, 1, 1, 0, and the smoothness weights w in Eq. (2.6) are 1, 0, 0, 0, 0.

For data augmentation, we include random cropping, random rescaling, horizon-

tal flipping, and appearance transformations (brightness, contrast, saturation, hue,

Gaussian blur). Please refer to the appendix for more details.

2.4.3 Semi-supervised Training Settings

The goal of this first experiment is to see how the validation error changes as we
gradually increase the label ratio r from 0 (unsupervised) to 1 (supervised). We are
specifically interested in the changing error rate, which reflects the marginal gain of
a unit of labeling effort.

We ensure that all experiments on the same dataset have exactly the same setting
except the label ratio r for fair comparison. For each experiment, the labeled set is
sampled uniformly. We experiment on all four datasets independently using label
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ratio r 2 0;0:05; 0:1; 0:2; 0:4; 0:6; 0:8; 1g with settings below.

FlyingChairs and FlyingThings3D As a simple toy experiment, we split the
labeled and unlabeled sets randomly and train using the semi-supervised loss. We

train for 1,000k iterations with a fixed learning rate = 0:0001.

Sintel Unlike the two large datasets above, Sintel only has ground-truth labels for
2,082 clean and final samples, which is too small to train a low model effectively on
its own. Thus, the single-stage schedule above may not apply well.

Instead, as is common practice in many unsupervised methods, we first pre-train
the network using the large Sintel raw movie set in an unsupervised way. Subse-
quently, as the second stage, we apply semi-supervised training with different label
ratios on our training split of clean and final samples. Note that we compute the
label ratio r as the ratio of labeled samples only in our second-stage train split, which
does not include the unlabeled raw data samples in the first stage. This is because
the label ratio would otherwise become too small (thus less informative) since the
number of raw data far exceeds clean and final data.

We train the first stage using learning rate = 0:0001 for 500k iterations, while the
second stage starts with = 0:0001, which is cut by half at 400, 600, and 800 epochs,
and ends at 1,000 epochs. Following ARFlow [1], we turn off the augmentation loss

by assigning aug = 0 in the first stage.

KITTI We apply a similar two-stage schedule to KITTI. We first pre-train the
network using KITTI raw sequences with unsupervised loss. Subsequently, we assign
labels to our train split of the KITTI 2015/2012 set with a given label ratio by random
sampling and then run the semi-supervised training. The learning rate schedule is

the same as that for Sintel above.
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2.4.4 Active Learning Settings

The second part of experiments is on active learning, where we show that allowing

the model to select which samples to label can help reduce the error.

We mainly experiment on Sintel and KITTI since they are close to real data. Since
active learning is a multi-stage process (which needs a pre-trained model to query
labels for the next stages), it ts well with the two-stage semi-supervised settings
described in Sec. 2.4.3. Thus, we use those settings with labels queried totally at
random as our baseline. In comparison, we show that using the three active learning
heuristics described in Sec. 2.3.2 to query labels can yield better results than random
sampling. We try small label ratiosr 2 f 0:05; 0:1; 0:2g since the semi-supervised

training performance starts to saturate at larger label ratios.

2.45 Main Results

Semi-supervised Training We rst experiment with the semi-supervised training
with di erent label ratios across four commonly used ow datasets. As shown in
Fig. 2.2, the model validation error drops signi cantly at low label ratios and tends

to saturate once an adequate amount of labels are used. This supports our hypothesis
that even a few labels can help improve performance signi cantly.

Another observation is that the errors for FlyingChairs, FlyingThings3D, and
Sintel saturate at around 50% labeling, whereas KITTI keeps improving slowly at
high label ratios. One explanation for this discrepancy may involve the amount of
repetitive information in the dataset: Sintel consists of video sequences with 20-50
frames that are very similar to each other, while KITTI consists of individually-

selected frame pairs independent from the other pairs.
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(a) FlyingChairs (b) Sintel

(c) FlyingThings (d) KITTI
Figure 2.2 : Model validation errors of the semi-supervised training with di erent
label ratios. "EPE'": End-Point Error, "FI': Flow error percentage.
Active Learning Our active learning results are shown in Fig. 2.3. We compare
the validation errors for our three active learning criteria against the baseline setting,
in which the labeled samples are selected randomly. To better illustrate the scale
of the di erences, we add two horizontal lines to indicate totally unsupervised and
supervised errors as the \upper” and \lower" bound, respectively.

The Sintel results (Fig. 2.3(a)) show that all our three active learning algorithms
can improve the baseline errors by large margins. Notably, our active learning al-
gorithms can achieve close to supervised performance with only 20% labeling. This
number is around 50% without active learning.

The KITTI results (Fig. 2.3(b)) show slight improvements with active learning.
Among our three algorithms, \occ ratio” works consistently better than random
sampling, especially at a very small label ratio = 0:05. We discuss the reason why
our active learning methods help less on KITTI at the end of this chapter.

Among our three active learning heuristics, \occ ratio” has the best performance
overall and is therefore selected as our nal criterion. Note that the occlusion ratio
iIs computed via a forward-backward consistency check, so it captures not only real

occlusions but also inconsistent ow estimates.
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(a) Sintel (b) KITTI

Figure 2.3 : Validation errors of di erent active learning algorithms compared with
random sampling (baseline)

Benchmark Testing We also show results on the o cial benchmark test sets.
Qualitative examples are also included in the appendix. As is shown in Tab. 2.1,
compared with the backbone ARFlow [1] and two other top unsupervised estima-
tors [79, 28], our Sintel test EPEs improve signi cantly even when we utilize a very
small fraction (5-20%) of labels in training. This holds true for both clean and -
nal passes, as well as occluded and non-occluded pixels. To indicate the scale of
improvements, our semi-supervised results are even comparable to the supervised
IRR-PWC [21], which has a similar PWC-Net-based structure, even if we only use
20% of the Sintel labels. We also include the state-of-the-art RAFT [21] results to
get a sense of the overall picture.

In addition, Tab. 2.1 also shows that our active learning method works favorably
against the baseline (\rand"). We found that our active learning method (\occ")
may overly sample the same scenes.§., \ambush”), so we also test an alternative
(\occ-2x") to balance the queried samples. Speci cally, we select a double number
of samples with top uncertainties and then randomly sample a half from them to
query labels. This helps diversify our selected samples when the label ratio is very
small. Our active learning methods perform comparably or better than the baseline,
especially on the realistic nal pass.

Table 2.2 shows our benchmark testing results on KITTI. Consistent with our
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Table 2.1 : Sintel benchmark results (EPE/px).
Train Test
Label ratio r Method Clean Final Clean Final
all all al noc occ | all noc occ
SelFlow [28] |(2.88) (3.87)| 6.56 2.67 38.30 6.57 3.12 34.72
UFlow [79] (2.50) (3.39)|5.21 2.04 31.06 6.50 3.08 34.40
ARFlow [1] (2.79) (3.73)|4.78 1.91 28.26 |5.89 2.73 31.60
Ours(rand) (2.09) (2.99)| 4.04 152 24.655.49 2.62 28.86
r =0:05 Ours(occ) (1.95) (2.38)| 4.11 1.63 24.39 |5.28 2.49 28.03
Ours(occ-2x) |(1.94) (2.55)|3.96 1.45 24.42|5.35 2.50 28.58
Ours(rand) (2.36) (3.18)|3.91 1.47 23.82 |5.21 2.46 27.66
r=0:1 Ours(occ) (1.64) (1.98)| 4.28 1.68 25.495.31 2.44 28.68
Ours(occ-2x) |(1.75) (2.30)| 4.06 1.63 23.945.09 2.49 26.31
Ours(rand) (2.17) (2.93)| 3.89 1.5622.86|5.20 2.50 27.19
r =0:2 Ours(occ) (1.35) (1.63)| 4.36 1.86 24.76 5.09 2.45 26.69
Ours(occ-2x) |(1.57) (2.05)[3.79 1.44 23.02|4.62 2.07 25.38
PWC-Net [20] |(2.02) (2.08)| 4.39 1.72 26.17 5.04 2.45 26.22
IRR-PWC [21] [(1.92) (2.51)| 3.84 1.47 23.22 458 2.15 24.36
RAFT [22] (0.77) (1.27)|1.61 0.62 9.65 |2.86 1.41 14.68

unsup
]
1
o

semi-sup

sup
-
1
=

ndings on Sintel, our semi-supervised methods are signi cantly better than the
compared unsupervised state-of-the-art methods, and close to the supervised IRR-
PWC [21], even if we only use a very small fraction (5-20%) of labels. In addition,
our active learning method also works consistently better than the baseline for all

tested label ratios, especially on the harder KITTI-2015 set.

Ablation Study on Settings of Stage 2 We try di erent active learning sched-
ules in Stage 2 and show our current setting works the best. We report the Sintel
nal EPE for di erent Stage 2 settings with label ratio r = 0:1. In Tab. 2.3, the rst
row is our current Stage 2 settingi.e., semi-supervised training on the partial labeled
train set. The second row refers to supervised training only on the labeled part of
train set, without the unsupervised samples. The third row considers also including
the unlabeled raw data (used in Stage 1) in the Stage 2 semi-supervised training. We

can see that our current setting works signi cantly better than the two alternatives.
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Table 2.2 : KITTI benchmark results (EPE/px and FI/%).

Train Test
Label ratio r Method 2012 2015 2012 2015
EPE EPE |Fl-noc EPE |Fl-all Fl-noc Fl-bg FI-fg
o SelFlow [28] [(1.69) (4.84)] 4.31 2.2|14.19 9.65 12.68 21.74
§ r=0 UFlow[79] [(1.68) (2.71)] 426 1.9(11.13 8.41 9.78 17.87
> ARFlow [1] (1.44) (2.85)| - 1.811.80 - - -
F =005 Ours(rand) (1.25) (2.61)] 3.90 1.6(9.77 6.99 833 17.02
= ' Ours(occ) (1.22) (2.29)| 3.90 1.5 |9.65 6.94 8.20 16.91
@ F =01 Ours(rand) (1.21) (2.56)] 3.75 15(9.51 6.69 8.01 17.01
g ™ Ours(occ) (1.21) (1.98)| 3.74 15896 6.28 7.74 15.04
* f =02 Ours(rand) (1.16) (2.10)] 3.50 1.5|8.38 5.68 7.37 13.44
"~ Ours(occ) (2.13) (1.73)| 3.49 15|8.30 5.69 7.25 13.53
o PWC-Net [20] |(1.45) (2.16)] 4.22 1.7|9.60 6.12 9.66 9.31
> r=1 |IRR-PWCI[21]| - (1.63)] 321 16|7.65 4.86 7.68 7.52
RAFT [22] - (0.63)] - - |5.10 3.07 4.74 6.87

Table 2.3 : Ablation study: di erent Stage 2 settings. Sintel nal validation EPE,
label ratio r = 0:1. * denotes current setting.

Data split [Loss] Method .
random photo loss occ ratio ow grad norm
train [semi-sup]* |2.71( 0.02) 2.54( 0.02) 2.52( 0.02) 2.54( 0.02)
train [sup] 2.82( 0.01) 2.82( 0.01) 2.59( 0.01) 2.77( 0.01)
raw+train [semi-sup] | 3.13( 0.04) 3.09( 0.05) 3.15( 0.06) 3.07( 0.05)

The second setting works poorly due to over tting on the very small labeled set,
which means that the unlabeled part of the train split helps prevent over tting. The
third setting also fails due to the excessive amount of unlabeled data used in Stage

2, which overwhelms the small portion of supervised signal from queried labels.

Model Analysis and Visualization Figure 2.4(a) shows which Sintel samples
are selected by di erent active learning methods. As shown in the left-most column,
the pre-trained model after Stage 1 generally has high EPEs (top 20% shown in
the gure) on four scenes, namely \ambush", \cave", \market", and \temple". The
random baseline tends to select a bit of every scene, whereas all our three active

learning algorithms query scenes with high EPEs for labels. This con rms that our
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(a) Selected samples in Sintel (b) Sintel (c) KITTI

Figure 2.4 : (a) Sintel samples selected by di erent methodsr(= 0:2); correlation
matrices with errors for Sintel (b) and KITTI (c).

active learning criteria capture samples that are especially challenging to the current

model, which explains the success of active learning.

We also analyze the relationships between our criteria and model errors through
correlation matrices visualized by heat maps in Figs. 2.4(b) and 2.4(c). We can
see that the sample errors in Sintel generally have high correlations with all three
score values, whereas in KITTI the correlations are much smaller. Also, the \occ
ratio” score generally has the highest correlation with sample errors among the three
proposed methods. All these observations are consistent with our active learning
validation results. Thus, we posit that the correlation between uncertainty values and

sample errors can be a good indicator in designing e ective active learning criteria.

Discussion on Factors That May In uence Active Learning

" Pattern Homogeneity : Based on our validation results in Fig. 2.3, active
learning seems more e ective on Sintel than on KITTI. This may be because
KITTI samples are relatively more homogeneous in terms of motion patterns.
Unlike the Sintel movie sequences, which contain arbitrary motions of various
scales, driving scenes in KITTI exhibit a cleatooming motion caused by the
dominant forward motion of the vehicle that carries the camera. Speci cally,
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Figure 2.5 : Information mismatch example: (a) input images; (b) estimated occlu-
sion map; (c) ow prediction; (d) ow ground truth.
Sintel has extremely hard scenes like \ambush" as well as extremely easy scenes
like \sleeping”. This large variation of di culty makes it possible to select
outstandingly helpful samples and labels. In contrast, since KITTI motions are
more patterned and homogeneous, any selection tends to make little di erence

with respect to random sampling.

Label Region Mismatch : KITTI only has sparse labels,i.e., only a part of
the image pixels have labels. This is crucial because our active learning criteria
are computed over the whole frame, so there is a mismatch between the support
of our criteria and the KITTI labels. Speci cally, the sparse labels may not
cover the problematic regions found by our criteria. One example is shown in
Fig. 2.5. The sky region has bad predictions due to lack of texture, and the
\occ ratio” method captures the inconsistent ow there by highlighting the sky
region. However, the ground-truth labels do not cover the sky region, so having

this sample labeled does not help much in training.

2.5 Conclusion

In this paper, we rst analyzed the trade-o between model performance and label
ratio using a simple yet e ective semi-supervised optical ow network and found
that the unsupervised performance can be signi cantly improved even with a small
fraction of labels. We then explored active learning as a way to further improve

the performance and reduce annotation costs. Our active learning method works
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consistently better than baseline on Sintel and KITTI datasets.
For potential future work, it may be interesting to explore how to deal with sparse
labels in the active learning framework or how to query labels by region rather than

full frame.
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Research Projects Agency under contract number 2021-21040700001.
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Chapter 3

SemARFlow: Injecting Semantics into
Unsupervised Optical Flow Estimation for
Autonomous Driving

This chapter has been published at the International Conference on Computer Vision

(ICCV) in 2023 [80].

3.1 Introduction

Optical ow estimation, i.e., , pixel-level motion tracking across video frames, has
broad applications in many computer vision tasks that include object tracking [81],
video editing [10, 9], and autonomous driving [82, 83].

Thanks to the success of deep convolutional neural networks [84, 34, 85] and trans-
former networks [86, 87, 88, 89] in computer vision, many top-performing supervised
optical ow networks have been proposed in recent years [19, 20, 21, 22, 23], in which
ground-truth labels supervise training. However, real optical ow is hard to label, so
most supervised methods train (or at least pre-train) on synthetic datasets [19, 90,
91, 92] which makes them hard to adapt to real applications due to the signi cant
gap between synthetic and real data [93, 94].

Due to label scarcity, unsupervisedtraining of optical ow estimators [95] in-
stead uses loss terms based on the assumptions of constant brightness and smooth
ow [27, 79, 2]. Some self-supervision techniques have also been studied to enhance
model performance [96, 28, 1]. Unsupervised training makes it possible to train ow

networks directly on large real datasets from the target domain.
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Figure 3.1 : An example on KITTI-2015 test set (sample #63).

Even so, unsupervised optical ow estimation is a poorly constrained problem.
Brightness is not constant in regions with occlusions [40] or on shiny surfaces [97],
nor is it smooth across motion boundaries [98, 99]. Moreover, points in regions with
poor texture content [17] or in dark shadows [83] are di cult to track as they are
easily confused with neighboring points (the so-called aperture problem). This dearth
of reliable constraints makes the unsupervised training of ow networks especially
challenging.

A natural way to address this issue is to inject additional constraints in the form
of semantics and domain knowledge. For example, in autonomous driving applica-
tions [100, 82], we have clear expectations about object types and layouts of the
scene, as well as prior knowledge of how each type of object typically moves. We
focus on this application domain and show that this additional information helps the
network achieve better ow results.

To make an autonomous driving system work well in reality, it is best to train
it on real data. However, annotating real driving video with optical ow labels is

expensive [30], as it requires careful synchronization and calibration of diverse sensors
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including cameras, LIDAR, and GPS/IMU [3], aided by some manual annotation and

curation based on CAD models of moving objects [33].

In contrast, annotating semantic labels seems much more feasible, and indeed se-
mantic labels are available in most (if not all) existing driving datasets. We consider
semantic segmentation because it provides semantics at the pixel level, the same level
as optical ow. As one of the most popular and well-studied tasks in modern com-
puter vision, semantic segmentation [101, 102, 103] has been extensively adopted for
autonomous driving systems. In this paper, we show that adding semantic segmen-

tation inputs helps improve unsupervised optical ow performance signi cantly.

Speci cally, we rstinfer semantic segmentation maps using an o -the-shelf model [104],
which of course is trained with semantic labels. An encoder with semantic map input
is used to aggregate image and semantic features (Sec. 3.3.1), and a learned upsam-
pler is added into the iterative decoder to re ne ow around object boundaries given
semantic inputs (Sec. 3.3.2). We also propose a simple yet e ective semantic aug-
mentation module for self-supervision, which provides realistic augmentations speci ¢
to the vehicles, poles, and sky classes based on domain knowledge and segmentation
maps (Sec. 3.3.3). An occluder cache is implemented to improve e ciency (Sec. 3.3.4).
Semantic augmentation provides challenging samples for self-supervision, which help
train ow better in occluded regions and around foreground object boundaries.

Overall, by injecting semantic segmentation inputs, our SemARFlow network
achieves signi cantly better unsupervised ow results both quantitatively (Sec. 3.4.3)
and qualitatively (Sec. 3.4.4). Adapted from ARFlow [1], SemARFlow reduces KITTI-
2015 [33] test error from 11.80% to 8.38% and out-performs the current unsupervised
state-of-the-art UPFlow [2] (9.38%) by a clear margin. The example in Fig. 3.1 also
demonstrates visible improvements around object boundaries. The e ectiveness of

each module is justi ed through an extensive ablation study (Sec. 3.4.5) and im-
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provement analysis (Sec. 3.4.6). In addition to performance boost, unsupervised ow
networks with additional semantic inputs generalize better across di erent datasets
(Sec. 3.4.7).

Our research is essentially novel compared to previous approaches. Some early
work incorporates semantics in traditional energy-minimization methods [11, 12] for
optical ow through geometric constraints such as piece-wise rigid motion and planar
surface motion [105, 106, 107, 108]. In comparison, to the best of our knowledge,
we are the rst to inject semantics into the unsupervised training of recent optical
ow networks. Some research also trains a network for segmentation and optical ow
jointly [109]. In contrast, we leverage existing, separately trained segmentation sys-
tems both because they are available and because modularity|separating segmenta-
tion from ow estimation|is important for the development of large real-application

systems such as autonomous driving.

In summary, our contributions are as follows.

" To the best of our knowledge, we are the rst to explore adding semantic inputs

to assist the unsupervised training of deep optical ow networks.

" We propose a simple yet e ective network called SemARFlow that achieves
state-of-the-art results both quantitatively and qualitatively. Our model works

well on real-life occlusions and yields sharp motion boundaries around objects.

" We provide full training and inference code as well as trained models to encour-

age follow-up research.

3.2 Related Work

Supervised optical ow Since the introduction of the pioneering deep optical

ow network FlowNet [19], more and more top-performing CNN-based ow esti-

32



mators have been proposed over the years [110, 111, 20, 36, 21, 22]. Recently,
vision transformer networks and attention mechanism have also been applied to
this problem, and these have achieved state-of-the-art performance on benchmark
datasets [112, 24, 23, 113, 114]. The supervised methods are often pre-trained on
large synthetic datasets such as FlyingChairs [19] and FlyingThings3D [90] before
ne-tuning on the target dataset. However, there is a clear gap between the arti -

cially generated data and real scenarios.

Unsupervised optical ow Due to the lack of ground-truth labels, unsupervised
optical ow estimation uses surrogate losses such as photometric loss and smooth-
ness loss to supervise training [95, 38]. To tackle the issues around occlusion re-
gions, various methods have been proposed including estimated occlusion masks [40],
forward-backward consistency [27], and multi-frame fusion [39, 53]. To better upsam-
ple the ow in the decoder, UPFlow [2] additionally predicts a con dence map and

an interpolation ow to guide ow re nement and has become the state-of-the-art

unsupervised ow method.

Some latest research has also explored the use of self-supervision to enhance ow
prediction. Early methods apply the knowledge distillation technique to train a two-
stage teacher-student network [96, 28]. ARFlow [1] further improves this idea by
generating reliable self-supervision signals from data transformations, while merging
the two training stages into single-stage training with one added loss term. Sim-
Flow [115] replaces the handcrafted features with deep self-supervised features to
measure similarity in the unsupervised losses. SMURF [29] utilizes a RAFT-like
structure [22] and applies multi-frame self-supervised training with many technical
improvements. Our SemARFlow also uses self-supervision but with the guidance of
semantic segmentation, which is much more realistic than guidance without seman-
tics.
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Semantic segmentation Semantic segmentation classi es each pixel of the given
image into semantic objects. Fully Convolutional Network (FCN) [101] is one of
the early CNN-based segmentation methods. It takes inputs of arbitrary sizes and
outputs dense pixel-level predictions, becoming one of the popular backbone archi-
tectures for follow-up work. Deconvolution network [102] is also proposed to better
recover low-level details of the prediction. One main challenge for these systems is
that they lack global scene information. Subsequent work addresses this issue by
enlarging the receptive eld of the network with global pyramid pooling layers as
in PSPNet [116], hybrid dilated convolutions [117], and a fast-down-sampling strat-
egy [118, 119]. Attention modules have also shown to help in semantic segmentation
by capturing full-image dependencies of all pixels [120, 103] or the semantic inter-

dependencies across spatial and channel dimensions [121].

There also exists extensive work on semantic segmentation in the context of au-
tonomous driving [122, 123, 124, 125, 104], thanks to the publication of large-scale
driving datasets [126, 33]. To better train the network on a coarsely labeled dataset
like KITTI [33], Zhu et al.use a video prediction network SDCNet [127] to synthesize
new training samples with relaxed label propagation [104]. Due to their good per-
formance on KITTI [33], we utilize their network models to infer semantic inputs for

all our experiments.

Combining semantics and optical ow Though there has been much progress
on both semantic segmentation and optical ow estimation, the semantic optical
ow problem (how to exploit semantics to help optical ow estimation) has received
limited attention in recent years, and the current best results are thus much outdated.
Some early methods incorporate semantics through geometric constraints to re ne
Ow on various semantic regions, such as planar regions (using homographies) [105],
static regions (using rigid camera motion and epipolar constraints) [106, 108], and
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(@) shared pyramidal encoder (b) one iteration (at the Ith-level) of the iterative decoder (I 2
(i 2f1;29) f6;5;4;3; 20)

Figure 3.2 : Network structure. See text in Sec. 3.3.1 and Sec. 3.3.2 for explanations.
More detailed diagrams are in appendix.

rigid objects (estimating rigid motion for each object instance) [107]. However, most
methods are traditional ow methods based on energy minimization, where an initial
ow estimate is usually needed and semantics is mostly used for re nement. In
comparison, we explore adapting latest unsupervised optical ow networks to leverage
semantic inputs in one single stage of estimation.

Apart from using semantics to help ow, some research has also explored using op-
tical ow to help semantic segmentation [128, 129], or to train both tasks jointly [109].
There are also studies on exploiting semantics on some other correspondence match-
ing tasks such as stereo matching [130, 131] and 3D scene ow estimation, where some
additional depth cues such as stereo camera inputs [132, 133] or point clouds [134]

are needed.

3.3 Method

Our network is adapted from the two-frame version of ARFlow [1], which uses a light-
weight PWCNet [20] as its backbone. The inputs are two consecutive frames| , 2
RH W 3 as well as their semantic segmentation mapS$;;S, 2 f0;1;, ;cg' W,
where the number of classesis 19 as we use the Cityscapes format [126]. A detailed

diagram of the structure of our network can be found in the Appendix.
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3.3.1 Semantic Encoder

We rst inject semantic information into the encoder. As shown in Fig. 3.2(a), shared
by each framei 2 f 1; 29, separate convolutional layers extract features from imade
and semanticsS; (one-hot encoded). Features from the two pipelines are concatenated
and fed to additional layers. Features at di erent resolutions =2"; W=2') form a
pyramid ffi(') j2 | 6g. The semantic information in these features helps delineate

objects in dark shadows, where appearance is more homogeneous.

3.3.2 lterative Decoder with a Learned Upsampler

Following [21, 1], an iterative residual re nement decoder starts from zero estimate

F{, = 0. For iteration | 2 f 6;5; 4; 3; 2g), the decoder re nes feature magr,, "5 into

F\, based on feature$ "; f{" (Fig. 3.2(b)).

More speci cally, F},*Y is upsampled to match the resolution and used to warp

f{" to yield warped featuref'”. Correlation volumes are computed betweef” and
X" A one-by-one convolutional layetC() compresses the number of channels to a
xed number so that the same layer can be reused across all iterations as proposed
by [21]. A ow estimator network predicts a ow residual to be added to the current
estimate, and a context network then aggregates ow information spatially and re nes
the current ow again.

A learned upsampler network upsamples the nal outputFl(!z)2 in our system.
This is di erent from ARFlow [1], which simply uses four-fold bilinear interpolation,
making the nal ow boundaries blurry. In contrast, our model learns to sharpen
ow boundaries based on the semantic inputs, which have clear boundaries around
moving objects. To this end, we add a convex upsampler network similar to the

one in RAFT [22]. Dierent from UPFlow [2], our learned upsampler is only used
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Figure 3.3 : lllustration of semantic augmentation as self-supervision. See text in
Sec. 3.3.3 for details.

to upsample from internal estimateF}, to output ow U{),, but not when we

upsampIeFl(!“? at the rst step in the decoder iteration. The upsampleduﬂ) , has
resolution H=2" 2;W=2' 2), soUy, , = U{IZ)Z (with the original resolution) is the nal

ow prediction of the network.

3.3.3 Semantic Augmentation as Self-supervision

ARFlow has a very e ective in-network augmentation module that samples random
transformations T ,; T, of the ow prediction Uy, , in the rst pass of the network
and then uses the transformed image§ = T L(1); (5 = T,(I) in a second pass.
The prediction Uy, , is also transformed accordingly and used to self-supervise the
output of the second pass. See [1] for details.

We retain the augmentation module but make a third pass of the network using
semantics-transformed inputs for self-supervision in addition to the ARFlow augmen-
tations of appearance €.g.,, color jitter, random noise) and spatial transformations

(e.g.,, random rotation, random rescaling). The idea behind semantic augmentation
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