
Synthetic-to-Real Self-supervised Robust Depth Estimation
via Learning with Motion and Structure Priors

-Supplementary Material-

In the supplementary of the main text in the paper, we il-
lustrate the following contents for better understanding the
proposed method: (1) More implementation details for our
experiments in Sec.1. (2) The complete differentiable his-
togram formula and comparison with GAN in Sec.2. (3)
More qualitative results on nuScenes, Robotcar and Driv-
ingStereo [3, 7, 12] in Sec.3. (4) More visualization exam-
ples of the consistency maps in Sec.4.

1. Implementation Details

The experiments on all models of different stages are con-
ducted on the same ResNet architecture [6], so do the base-
lines. The training for the Φday and the Φsyn are conducted
for 20 epochs, while Φreal is initialized by Φsyn and trained
for 10 epochs. The learning rate is initialized to 1 × 10−4

with a decreasing factor of 0.5 every 5 epochs. For the adap-
tive depth bins in Manydepth [11], we fix them to 3.5−80m
since [4, 5, 9] all use a weak velocity loss to align the scales.
Thanks to [4, 9], we can utilize the synthetic data from their
pretrained augmentation models. For the Distday , we ob-
tain a fixed distribution through the whole daytime training
dataset, and utilize it for the real adaptation constraint. The
training of all the pipeline is conducted on a single NVIDIA
A5000 GPU. The synthetic adaptation takes about 14 hours
of training, while the real adaptation takes about 7 hours for
training.

For the training objective of synthetic adaptation Lsyn,
we simply set α1 = 1.0, α2 = 1.0, α3 = 1.0; while for the
total objective in real adaptation, we set α1 = 1.0, α2 =
0.01, α3 = 1.0, α4 = 1.0. For the consistency-reweighting
strategy, the scale factor β and the weight bias ϵ are chosen
to be 1.0, 1.0 respectively.

Pose Supervision. Since pose is crucial to construct a cost
volume, we also use the daytime pose model to supervise
the pose model for synthetic adverse conditions with L2
loss. Specifically, we utilize the rotation matrix represented
by the angles, where we have θday and θsyn; and the trans-
lation vectors: tday, tsyn. The supervision for pose from

daytime to adverse conditions is written as

Lθ =∥θday − θsyn∥2, (1)
Lt =∥tday − tsyn∥2, (2)
LT =Lθ + Lt. (3)

The pose objective in real adaptation is similar to the
above equations.
The Proportion of Data in Different Conditions. In
the synthetic adaptation, we set the proportion of daytime,
nighttime and rain to be 50%, 25%, 25%. This is because
training the model in multi-frame mode and single-frame
augmentation are quite important, and this leads us to set
more daytime data in training. In the real adaptation, we
utilize the data of multiple conditions inside dataset without
any specific design for the proportion.

2. Differentiable Histogram
The target of differentiable histogram is to using a differen-
tiable function to approximate the step function of the his-
togram statistical process. We follow the design in [1, 2],
using the Kernel Density Estimation (KDE) with a ker-
nel K to estimate the intensity density fD of a depth map
Ddaytime or Dadverse:

fD(d) =
1

hwa

∑
x∈Ω

K

(
D(x)− d

a

)
, (4)

where d represents the depth value, Ω is the pixels on a
depth map, a is the bandwidth, and h,w refer to the size
of map. The kernel K is chosen as the derivative of the
sigmoid function:

K(x) =
d

dx
σ(x) = σ(x)σ(−x), (5)

σ(x) =
1

1 + e−x
. (6)

From Equ.5, the kernel is obvious to have non-negative,
symmetric characteristics, which is consistent with the re-
quirements of KDE. Then, we compute the depth map of
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Table 1. Quantitative comparison between using GAN and using our proposed structure prior. Using structure prior can further decrease
the gaps between adverse conditions and daytime, while it is difficult to narrow this fine gap using GAN.

Method
Test nuScenes-day nuScenes-night nuScenes-rain

frames AbsRel↓ SqRel↓ RMSE↓ δ1 ↑ AbsRel↓ SqRel↓ RMSE↓ δ1 ↑ AbsRel↓ SqRel↓ RMSE↓ δ1 ↑
GAN 2(-1,0) 0.1234 1.446 6.069 86.42 0.1761 1.841 7.823 72.37 0.1332 1.614 6.766 82.20
Structure Prior 2(-1,0) 0.1170 1.371 6.023 86.66 0.1713 1.779 7.689 73.16 0.1266 1.532 6.654 82.86

range dmin dmax to a differentiable histogram by dividing
the depth into N sub-intervals. The nth interval owns the
length of L = dmax−dmin

N and the center bn = dmin +
L(n + 1

2 ). Our target is to obtain the probability of one
pixel on the depth map belonging to the nth sub-interval,
P (n):

P (n) =

∫ (n+1)L+dmin

nL+dmin

fD(x)dx. (7)

After solving the integration, P (n) can be rewritten as

P (n) =
1
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hw∑
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− σ(
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2

a
)], (8)

By calculating across every depth sub-interval, the his-
togram can be formulated as:

hist = {bn, P (n)}Nn=1, (9)

Computing through all the real-world data, we can
have histday, histnight, histrain for separate conditions.
histday corresponds to Distday in our main paper, which
is utilized as a reference distribution guidance.

In our experiments, dmin = 3.5, dmax = 80.0, N =
100, a = L

20 to approximate the step function. Noted that
the reference distribution is calculated through the whole
training set of daytime data with a frozen daytime model in
our experiments.
Distribution Prior v.s. GAN. What’s more, comparing
with the utility of GAN [10], we notice two most impor-
tant advantages of this explicit differentiable distribution:
(1) Leveraging GAN requires to randomly sample a batch
of daytime data in every iteration, which can not guaran-
tee the quality of the sampled data and possible to lead the
models to be optimized with randomness. Our design of the
explicit distribution is calculated through the dataset of day-
time data, which is much more representative and stable for
optimization. (2) Using GAN is proper or meaningful when
the gaps are quite huge (like optimize a daytime model to di-
rectly estimate in nighttime). However, when the gaps have
decreased significantly (after training a model in synthetic
adverse conditions with pseudo-labels), it is hard for GAN

to close the gaps further, due to the rough supervision and
optimization mechanism of GAN (as in our experiments,
the discriminator is hard to decrease its loss, because the
domain gap between current prediction and daytime predic-
tion is much smaller than not doing synthetic adaptation).
On the contrary, we find that a fine distribution of statistical
depth can further help to decrease the gaps, and the compar-
ison between utility of structure prior and GAN is shown in
Tab.1.

3. Qualitative Results on Different Datasets
As supplementary to the main paper, we provide more qual-
itative results on nuScenes [3] (daytime, nighttime, rain),
Robotcar [7] (daytime, nighttime) and DrivingStereo [12]
(rain, fog), as shown from Fig.1-6.

3.1. NuScenes

Our model, as shown in Fig.1, provides comparative day-
time predictions as the state-of-the-art, and from Tab.1 in
the main paper, ours actually estimates more accurately,
which is due to our strategy to transfer motion-structure
knowledge for better robust representation learning.

Fig.2 displays more examples in the nighttime condition,
which is quite severe due to its extreme darkness and glare.
In row 2 to row 3, previous methods all fail to precisely
capture depth of the left and parts (where we can see tree
on both sides from the ground truth), while our model gives
accurate predictions on both left and right trees. In row 4 to
row 7, it can be observed from the ground truth that there is
a tree on the left of the road and very close to the camera,
while [4, 8] detect the objects as far away. However, ours
gives much more accurate predictions. In row 8 and 9, pre-
vious method suffer from the glare of blinding headlights,
giving wrong predictions especially on the right side of the
image. On the contrary, ours provides natural and correct
depth to the glare parts. In row 10, other methods predict
the tree which is far on the left of the view as much closer,
and that is highly inconsistent with the ground truth. Ours
captures this character and gives reasonable results.

Fig.3 refers to more visualization examples of the rain
condition in nuScenes dataset. From row 1 to row 7, all
previous methods are significantly affected by the obvious
reflections and blur which are common in rain weather. For
instance, in row 2 there is a car with severe blur on the left



of the image, where both [4] and [8] both fail and give in-
correct results to this part. Ours as seen in row 2, column
5, displays much more robust and precise depth to the chal-
lenging region. In row 4, the previous approaches are mis-
guided by the reflections of the white truck to perceive the
reflections as obstacles on the road, while our model gives
much more smooth depth map of the road. Considering row
9 and 10, we surprisingly found that our model can even
less influenced by the moving objects in a scene, compared
with [4]. This is due to the consistency-reweighting strategy
which can assign smaller supervision weights to the corre-
sponding regions.

3.2. Robotcar

In Fig.4, we display more qualitative results in daytime and
nighttime conditions. Our model performs similarly in day-
time, while significantly provides more robust and accurate
estimations in nighttime. In row 3, there is a double-decker
bus on the right, where the second deck can not be perceived
by [4] due to its darkness, and our method is capable of rec-
ognizing this part. In row 4, a traffic light on the right side
is affected by both darkness and glare, which make the pre-
vious approach unable to predict its depth. However, ours
also successfully provide correct depth to the light.

3.3. DrivingStereo

From Fig.5 to Fig.6, more examples of DrivingStereo
dataset [12] in rain and fog conditions are listed. In Fig.5,
md4all [4] and robust-depth [8] are obviously affected by
the reflections, such as perceiving the reflections as severe
obstacles on the roads (row 3, row 6, row 8-10). In some
scenarios the model can not distinguish the objects with its
reflections (row 4), leading to wrong predictions. On the
contrary, ours is consistently robust to the degradation.

In Fig.6, there are more examples in the fog conditions.
In short, previous methods [4, 8] easily suffer from the
noises like traces or reflections on the road. For example,
in row 6 there are obvious reflections of the roadside sign
on the right, which affects other methods’ estimation to the
road. Ours, however, is not affected by such reflections. An-
other example can be seen in row 9, where previous meth-
ods are influenced by the windows of the bus (left side of
row 9), resulting in erroneous predictions of the bus. Com-
pared with those results, our model gives smoother depth to
the whole bus.

4. Consistency Map Visualization
Our consistency reweighting strategy aims at dynamically
assigning importance to different regions of the input based
on the agreement between multiple models’ predictions, be-
cause there is no perfect ground truth. To verify the ef-
fectiveness of the proposed consistency-reweighitng strat-
egy, we list more visualization examples in challenging

conditions in Fig.7. Considering the consistency maps,
the brighter represents the more consistent, and the darker
means the more inconsistent. Notably, for night condition,
it can be observed the inconsistency is resulted mainly from
the extreme dark regions or the parts with severe glare. For
the regions with good visibility (such as the near road), it
is always consistent. In rain condition, the inconsistency is
usually lead by the blur or the reflections. By introducing
the consistency maps, we target to provide strong supervi-
sion to the reliable regions, such as clear roads with good
visibility, and conduct weak supervision to the challeng-
ing regions in real-world data. This is important because
our earlier trained models can not be guaranteed to provide
perfect pseudo-depth labels when facing real world adverse
conditions.



Input Image Ground Truth robust-depth [8] md4all [4] Ours

Figure 1. Qualitative examples in nuScenes [3] daytime condition. Ours is comparable with previous state-of-the-art in daytime, while
much better in adverse conditons.
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Figure 2. Qualitative examples in nuScenes [3] nighttime condition. The challenging parts that our method is capable of predicting are
emphasized by green boxes.
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Figure 3. Qualitative examples in nuScenes [3] rain condition. The challenging parts that our method is capable of predicting are empha-
sized by green boxes.
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Figure 4. Qualitative examples in Robotcar [7] daytime-nighttime conditions. The challenging parts that our method is capable of predicting
are emphasized by green boxes.
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Figure 5. Qualitative examples in DrivingStereo [12] rain condition. The challenging parts that our method is capable of predicting are
emphasized by green boxes.
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Figure 6. Qualitative examples in DrivingStereo [12] fog condition. The challenging parts that our method is capable of predicting are
emphasized by green boxes.



Input Image Consistency Map Dday Dsyn

Figure 7. Visualization of the consistency maps in nighttime and rain conditions.
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