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TransDSSL: Transformer based Depth Estimation
via Self-Supervised Learning

Daechan Han1∗, Jeongmin Shin1∗, Namil Kim2, Soonmin Hwang3, and Yukyung Choi1†

Abstract—Recently, transformers have been widely adopted
for various computer vision tasks and show promising results
due to their ability to encode long-range spatial dependen-
cies in an image effectively. However, very few studies on
adopting transformers in self-supervised depth estimation have
been conducted. When replacing the CNN architecture with the
transformer in self-supervised learning of depth, we encounter
several problems such as problematic multi-scale photometric loss
function when used with transformers and, insufficient ability to
capture local details. In this paper, we propose an attention-based
decoder module, Pixel-Wise Skip Attention (PWSA), to enhance
fine details in feature maps while keeping global context from
transformers. In addition, we propose utilizing self-distillation
loss with single-scale photometric loss to alleviate the instabil-
ity of transformer training by using correct training signals.
We demonstrate that the proposed model performs accurate
predictions on large objects and thin structures that require
global context and local details. Our model achieves state-of-
the-art performance among the self-supervised monocular depth
estimation methods on KITTI and DDAD benchmarks.

Index Terms—Deep Learning for Visual Perception, Computer
Vision for Transportation, Visual Learning

I. INTRODUCTION

In recent years, monocular depth estimation has been ac-
tively researched in the computer vision and robotics fields
due to its potential benefits, such as substituting expensive
LiDAR sensors widely used in advanced robotic systems,
including self-driving vehicles or enhancing other computer
vision tasks performed in 3d space [28], [35]. However, a
large-scale dataset with high diversity is generally required
to train neural networks, and collecting enough data with
accurate ground truth depth information for supervision is ex-
pensive and laborious, especially in outdoor environments. A
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Fig. 1. Example of depth predictions from a single image. Compared
to PackNet-SfM [6] prediction, ”transformer-baseline”, a naive approach by
replacing the CNN encoders with a Swin-Transformer, results in a slight
improvement. In addition, our final model shows further improvement such as
sharp depth discontinuity around object boundaries because of the enhanced
local details.

promising way to alleviate this burden is to use self-supervised
learning techniques based on synchronous stereo images [5] or
monocular video [3], [4], [6] so that any supervision collected
from an additional sensor, such as LiDAR is not required.

Even though the quality of the estimated depth from a
monocular image has dramatically improved with the advance-
ment of convolutional neural networks (CNNs) [2], [3], CNNs
have been limited in modeling long-range spatial dependencies
on many computer vision tasks [25], [27]. Many techniques
have been proposed to overcome this limitation by encoding
larger context, such as explicit modeling of the large receptive
field by dilated [7] or deformable [19] convolution, employ-
ing self-attention mechanism [1], or aggregating multi-scale
features [8]. Still, there is a fundamental limitation due to the
locality of the convolution operation.

As a solution, a transformer [31], originally designed for
natural language processing tasks to capture long-range depen-
dencies in sequences, is adopted to various computer vision
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tasks, and it has shown promising results [29], [30], [32],
[33]. However, the transformer could suffer from a lack of
local details on a pixel-level task in which the fine details are
important to make a good prediction [22], [38]. We conducted
a preliminary ”transformer-baseline” experiment, adopting the
transformer instead of convolutional encoders on the self-
supervised monocular depth estimation task. As shown in
Fig. 1, it is limited in predicting fine details, such as thin
structures like poles and the boundary of the objects, because
of the lack of local information. We also observe another
substandard optimizability issue [24], i.e, the ”transformer-
baseline” model has difficulty in training caused by noisy
training signals from typical multi-scale photometric loss.

This paper presents a comprehensive study on training a
better neural network with a transformer on a self-supervised
monocular depth estimation task. We propose a novel Pixel-
Wise Skip Attention (PWSA) module that encourages cap-
turing local details while effectively keeping the global con-
text from the transformer encoder. We also propose a novel
self-distillation loss to replace the conventional multi-scale
photometric loss. In training the depth network, the highest
resolution of prediction is still supervised by single-scale
photometric loss. However, our self-distillation loss leverages
the highest resolution of prediction as a pseudo label to
supervise other intermediate scales of prediction, which could
enhance intermediate representation and the training stability.
To minimize the error propagation from the incorrect pseudo
label, we designed an adaptive weighting scheme for the multi-
scale self-distillation loss. An interesting benefit from our self-
distillation loss is that we can detach the last decoder part
at inference time if the capability of predicting fine details
is successfully transferred to the penultimate decoder after
training. This helps improve the efficiency of the final model
while maintaining accuracy.

II. RELATED WORK

A. Self-supervised Monocular Depth Estimation

Zhou et al. [12] proposed the framework for self-supervised
training in the purely monocular setting, where a depth
and pose network are simultaneously learned from unlabeled
monocular videos. Godard et al. [3] proposed a minimum
reprojection loss and auto-masking loss, to deal with oc-
clusions and regions that violate static-world assumption by
moving objects. By extending Godard et al. [3], there have
been various methods that incorporate additional objectives
and constraints as follows: Shu et al. [13] proposed the feature
metric loss for textureless regions where the photometric loss
has difficulty in the producing correct training signal. [6],
[14] addressed the scale ambiguity problem of the monocular
SfM-based method by simply using the instantaneous GPS or
velocity of the camera during training. Guizilini et al. [6] also
proposed a novel architecture with self-supervision to learn
detail-preserving representations. Additionally, several works
have utilized additional sources such as optical flow [15], seg-
mentation label [16], and augmentation loss [17] to improve
the quality of the depth prediction. While additional sources
can improve accuracy, these sources require additional models

and processing steps. In contrast, our self-distillation loss is a
simple yet effective way of leveraging a detachable module to
generate the pseudo label with fine details during training.

B. Global Context modeling

With the self-attention module, transformers can success-
fully catch global context information that CNNs have shown
a fundamental limitation, so transformers have shown wide
success on various computer vision tasks [9], [29], [32], [33].
ViT [20] was the first work to show that a pure transformer-
based image classification model achieves state-of-the-art ac-
curacy. Liu et al. [10] presented the Swin Transformer, a
hierarchical transformer with a shifted windowing scheme to
achieve an efficient network for object recognition tasks. In
supervised monocular depth estimation, DPT [9] introduced
a dense vision transformer that leverages ViT in place of the
backbone model. TransDepth [18] proposed a hybrid model
to incorporate the advantage of using a transformer and CNN
simultaneously.

In contrast with the aforementioned works that are based
on a supervised setting by explicit ground truth information,
e.g., LiDAR supervision, Varma et al. [37] investigates a way
to adopt vision transformers for self-supervised monocular
depth estimation. However, it is shown that performance gain
falls short of expectations contrary to the success stories
on other vision tasks with a transformer. To successfully
adopt the transformer for self-supervised learning, we propose
a novel combination of a transformer and Pixel-Wise Skip
Attention (PWSA) module that can generate fine-detailed and
spatially coherent depth prediction.

III. PROPOSED METHOD

A. Review of Self-supervised Learning

The conventional training process of self-supervised monoc-
ular depth estimation from videos, established in Zhou et
al. [12], is designed as a multi-task learning pipeline for
estimating depth and motion between images simultaneously.
Some common assumptions are that 1) the camera intrinsic
matrix K is given, 2) the camera is moving over time, and
3) the world is static. During training, the depth network
predicts a pixel-wise depth map Dt from a given input target
image It. Pose network takes the target image It and a source
image Is as input and predicts a 6-DoF relative motion Tt→s

between them. Then, the source image is warped to synthesize
the target image Ît as shown in Eq. 1. Then photometric
consistency loss L between the target image It and the
synthesized target image Ît is calculated to update both depth
and pose networks. In reality, auto-masking [9] is widely used
to deal with moving objects in the scene which break the static
world assumption. In addition, velocity loss [6] that constrains
translation components in Tt→s can be applied.

Ît(x) 7→ Is(Gt→s(x))

where Gt→s(x) = KTt→s(K
−1x⊙Dt),

x indicates pixel coordinates in image space,
and ⊙ means element-wise multiplication.

(1)
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Fig. 2. The overview of the proposed framework. (a) Overall Framework: The proposed model consists of 4 sets of a swin transformer encoder that
is a hierarchical structure and the proposed PWSA module as the decoder. (b) Pixel-Wise Skip Attention (PWSA): The PWSA module takes a pair of
encoder/decoder features with the same resolution, and encourages the model to learn fine-grained information by extracting the pixel-wise attention map.
(c) Self-distillation loss: For mitigating the high complexity of the model in the inference step and emphasizing fine details in multi-scale inverse depth
predictions, we distill the finer details of the highest-resolution inverse depth image into the multi-scale inverse depth images.

B. Model Architecture

Overall Architecture: Adopt Transformer We propose a
transformer-based architecture designed for a monocular depth
estimation task to effectively aggregate global and local con-
texts. For global context, we employ Swin Transformer [10] as
our backbone encoder, which is efficient due to the window-
based self-attention and favorable to learning various scales of
the visual entity from its hierarchical feature maps.

As shown in Fig. 2-(a), a given input image is fed into
the network. Then, multi-scale encoder feature maps FE

n are
generated after every encoder stage followed by a 1 × 1
convolution layer. Since the resolution of each feature map
is downsampled by a factor of 2 from the first feature map, as
in conventional CNN-based encoders, this Swin Transformer
encoder can easily replace convolution-based encoders. After
passing through the encoders, the last encoder feature map
FE
4 ∈ RH

32×
W
32 = is up-sampled after a residual block, then

another 1×1 convolution is applied to form a decoder feature
map FD

4 ∈ RH
16×

W
16 . An encoder feature FE

n−1 and decoder
feature FD

n pair is used as input of a decoder module which
produces a decoder feature map FD

n−1. This output feature map
FD
n−1 is used as an input of both the next decoder stage and

an inverse depth head.

Pixel-Wise Skip Attention Adopting transformers is not
sufficient for the dense depth estimation task because of the
lack of local details, as shown in Fig. 1. Since our goal is
to make the decoder feature map FD

n contain rich global and

local contexts, we propose Pixel-Wise Skip Attention (PWSA),
a simple yet effective attention block, and use it as a decoder
module to enhance local details.

Our PWSA module, as illustrated in Fig. 2-(b), consists of
two streams; long skip connection and pixel-wise attention.
The long skip connection is implemented by element-wise
summation Sadd of two input feature maps FD

n and FE
n−1.

Another stream is to calculate pixel-wise spatial attention map
Satt, which is known to be good at encoding location-aware
information in general, by applying a residual block and linear-
embedding followed by softmax to FE

n−1. This attention map
Satt helps the summed feature Sadd convert into a spatially
detail enhanced feature Sscaled.

Sadd = FE
n−1 + FD

n

Satt = (softmax ◦ embedding ◦ resblock)(FE
n−1)

Sscaled = Sadd ⊙ Satt

(2)

where resblock consists of two 3×3 convolution layers
each followed by ReLU activation, embedding is implemented
by a 1×1 convolution layer, and ⊙ indicates element-wise
multiplication (Hadamard product).

To mitigate the rescaled feature Sscaled from being overly
emphasized or ignored at the early stage of training reported
in [21], we apply another resblock to Sscaled and add a
fused feature before attention Sadd to that. Finally, the output
decoder feature map FD

n−1 is obtained by applying bilinear
up-sampling by 2 followed by another 1×1 convolution to the
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enhanced feature map S̃ as follow:

S̃ = resblock(Sscaled) + Sadd

FD
n−1 = (embedding ◦ upsample2)(S̃)

(3)

We visualize feature maps with and without the PWSA
module in Fig. 3. The feature maps without PWSA in the
second row are activated globally, and the boundary of objects
is not clearly visible. On the other hand, object boundaries
in feature maps with PWSA shown in the third row look
distinguishable from background pixels. In short, our PWSA
helps improving fine details in feature maps.

C. Self-Distillation Loss with Pseudo Label

The photometric loss is known as a weak training sig-
nal [13], i.e, optimizing the depth network by photometric
error does not always lead to predicting the correct depth
perfectly. For example, textureless/occluded regions and mov-
ing objects hinder the model from being trained correctly,
even though auto-mask [3] can alleviate learning from them.
Our preliminary experiment, shown in Fig. 1 and first row in
Table III, observed that multi-scale photometric loss results in
inferior performance for a naive transformer architecture, i.e,
”transformer-baseline”. Due to the transformer’s instability in
training [24], [36], we conjecture that the weak training signal
from photometric loss is unfavorable for transformers to learn
accurate intermediate feature representations, e.g., FE

n and
FD
n .
We propose a novel self-distillation loss that uses the last

inverse depth prediction, i.e, the highest resolution inverse
depth map, as a pseudo label. Our basic idea is that the
prediction in the largest resolution, which greatly contributes
to complexity, usually shows the best performance, and we can
transfer the capability of predicting fine details in the highest
resolution inverse depth to the penultimate prediction by
distillation. We propose to replace the multi-scale photometric
loss with a combination of single-scale photometric loss and
self-distillation loss. The prediction with the highest resolution
is still supervised by single-scale photometric loss and used as
a pseudo label to supervise other intermediate predictions with
different resolutions. It prevents learning from the repeated
weak training signals caused by photometric loss. Our self-
distillation loss shows better depth estimation performances by
learning better intermediate representations and helps improve
the instability of transformer training.

To calculate the self-distillation loss Lsd, we upsample
inverse depth predictions Di, i ∈ [1, 2, 3] except for the
highest resolution of prediction D0 to match the resolution
with the pseudo label D0. This is to keep as many fine details
in the pseudo label as possible. L1 loss is then calculated
between the upsampled predictions and the pseudo label.
For training stability, the auto-mask M [3] is employed. In
addition, we propose an adaptive weighting scheme λadp

which controls the loss weights gradually over the training
progress to alleviate the undesired error propagation due to
the inaccuracy of pseudo label at the early stage of training
as follow:

Input

w/o PWSA

w/ PWSA

Input

w/o PWSA

w/ PWSA

Fig. 3. Visualization of feature maps with and without PWSA module.
The feature without PWSA is globally activated, while the feature map with
PWSA shows that the local detail regions are activated.

Lsd = λadp ∗
1

3

3∑
i=1

|upsample(Di, 2
i)−D0|1 ∗M

λadp =

{
epoch/epochthr, epoch < epochthr

1, othersize

(4)

where, we set epochthr to 10.

IV. EXPERIMENTS
A. Datasets and Evaluation Metrics

KITTI The KITTI benchmark [11] provides a large-scale
outdoor multi-sensor dataset that can be used for monocular
depth estimation. We follow the standard protocol to decide
the training/testing split proposed by Eigen et al. [2] as well
as Zhou et al. [12]’s pre-processing to remove static frames.
Thus we use 39, 810 frames for training and 697 frames for
evaluation. We evaluated the models in the 0-80m range.

DDAD The DDAD dataset contains diverse scenarios such as
urban, highway, and residential areas collected by fleets in
the US and Japan. This dataset consists of 17,050 frames for
training and 4,150 frames for evaluation. Since it is designed
for long-range monocular depth estimation, performances are
evaluated in the 0-200m range.

Evaluation Metrics For evaluation, we follow the standard
evaluation metrics proposed by Eigen et al. [2]. Please note
that lower results are better in error metrics such as AbsRel,
SqrRel, RMSE, and RMSE log, but higher results are better
in recall metrics such as δ1.25 (denoting δ < 1.25).

B. Implementation Details

We used the same pose network proposed in [12] without
the explainability mask. Each inverse depth head consists of
two 3×3 convolution layers followed by a disparity discrete
volume [1]. The standard appearance matching loss [5], [12]
was used, which consists of a structural similarity index
measurement (SSIM) loss and L1 loss with edge-aware depth
smoothness regularization [5]. We utilized per-pixel minimum
reprojection loss [3] to remove occluded or out-of-view pixels,
and employed the velocity loss [6] to improve training stability
by supervising absolute translation in the predicted pose.
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TABLE I
QUANTITATIVE RESULTS ON KITTI EIGEN SPLIT SWIN-LARGE-22K IS INITIALIZED BY PRETRAINED WEIGHTS ON IMAGENET22K DATASET.

LOWER IS BETTER FOR METRICS IN RED, HIGHER IS BETTER FOR METRICS IN BLUE. THE BEST AND THE SECOND-BEST ARE HIGHLIGHTED. ALL
THE METHODS ARE TRAINED FROM MONOCULAR VIDEOS WITH 640×192 RESOLUTION BY SELF-SUPERVISION.

Method Arch.Change Transformer Abs. Rel ↓ Sqr. Rel ↓ RMSE ↓ RMSE log ↓ δ1.25↑ δ1.252↑ δ1.253↑
Monodepth2 [3] - - 0.115 0.903 4.863 0.193 0.877 0.959 0.981
RSDE [19] - - 0.108 0.737 4.562 0.187 0.883 0.961 0.982
PackNet-SfM [6] ✓ - 0.111 0.785 4.601 0.189 0.878 0.960 0.982
ADAADepth [17] ✓ - 0.111 0.817 4.685 0.188 0.883 0.961 0.982
MLDA-Net [4] ✓ - 0.110 0.824 4.630 0.187 0.883 0.961 0.982
HR-Depth [34] ✓ - 0.109 0.792 4.632 0.185 0.884 0.962 0.983
DDV [1] ✓ - 0.106 0.861 4.699 0.185 0.889 0.962 0.982
CADepth-Net [23] ✓ - 0.105 0.769 4.535 0.181 0.892 0.964 0.983
DIFFNet [26] ✓ - 0.102 0.764 4.483 0.180 0.896 0.965 0.983
MT-SfMLearner [37] ✓ ✓ 0.112 0.838 4.771 0.188 0.879 0.960 0.982
Ours (Swin-Tiny) ✓ ✓ 0.102 0.753 4.461 0.177 0.896 0.966 0.984
Ours (Swin-Small) ✓ ✓ 0.098 0.728 4.458 0.176 0.898 0.966 0.984
Ours (Swin-Large-22k) ✓ ✓ 0.095 0.711 4.321 0.172 0.906 0.967 0.984

TABLE II
QUANTITATIVE RESULTS ON DDAD BENCHMARK. ALL THE METHODS
ARE TRAINED FROM MONOCULAR VIDEOS WITH 640×384 RESOLUTION

BY SELF-SUPERVISION.

Method Abs. Rel ↓ Sqr. Rel ↓ RMSE ↓ RMSE log ↓
Monodepth2 [3] 0.227 11.293 17.368 0.303
PackNet-SfM [6] 0.173 4.164 14.363 0.249
Transformer-baseline 0.165 3.995 14.758 0.252
Ours (Swin-S) 0.151 3.591 14.350 0.244

We used PyTorch to implement our models, and the models
were trained on a single NVIDIA RTX 3090 GPU. We used
an AdamW optimizer with β1 = 0.9 and β2 = 0.999. All
the models were trained for 22 epochs with batch size 4. The
learning rates for the pose network, transformer encoder, and
PWSA decoder set to 10−4, 10−5, and 6×10−5, respectively,
and decayed by half at 18 epochs. The stride for training video
clips sets to 1, which indicates that the previous t− 1, current
t, and next t+1 images in time are used as a single data point
for training. We set the depth regularization weight to 0.001
and the velocity scaling weight to 0.1.

C. Depth Estimation Performance

KITTI Eigen Split First, we train and evaluate our models on
the KITTI dataset. As shown in Table I, our models achieve
state-of-the-art performance in all metrics compared to previ-
ous CNN-based self-supervised monocular depth estimation
methods [3], [19], including architectural changes such as
attention modules [1], [4], [17], [23], [26]. Our models espe-
cially outperform the previous transformer-based method [37]
by a large margin, which does not carefully consider trans-
former adaption, such as ours. Our model achieves a new
state-of-the-art performance in the self-supervised monocular
depth estimation task.

In Fig. 5-(a), we present qualitative results on the KITTI
dataset. Since our model has a strong ability to aggregate
global context effectively from the transformer-based encoder
while keeping the local details due to our PWSA decoder
modules, our model clearly sees the shape of the pedestrians
on the right in the first row. In addition, our model successfully

Fig. 4. Depth prediction accuracy over various distance ranges in DDAD.
Each marker represents the average of the RMSE at 20-meter intervals, e.g.,
0-20m, 20-40m, and so on.

predicts the correct shape of the oil tanker and trains in the
second and third rows, thanks to the transformer’s global con-
text encoding capability. Furthermore, as shown in the fourth
and last case, our model also makes a good prediction on
thin vertical structures, which requires enhanced local details.
We show that our model, which has transformer encoders
and PWSA decoders trained by single-scale photometric loss
with self-distillation loss, has an advantage of estimating an
accurate dense depth map. Ablation studies are discussed in
the subsection, Sec. IV-D.

DDAD We also report the performance on the DDAD dataset.
Our model significantly outperforms existing methods, as
shown in Table II, including an advanced CNN-based network,
PackNet-SfM [6], by a large margin (12.7% improvement,
0.173 → 0.151 in Abs Rel).

In Fig. 4, we measure the average RMSE values for each
distance range, e.g., 0-20m, 20-40m. Our model outperforms
the previous models consistently over all distance ranges,
except for the 40-60m range. Considering that the only way
to predict depth on very far-away regions (>100m) is to
utilize the global context of the scene, this shows that our
transformer-based model is better at to capturing global con-
text.

In Fig. 5-(b), we also illustrate qualitative depth predictions
on DDAD. Compared to the KITTI dataset, the DDAD is taken
in more challenging and realistic conditions, so that previous
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(a) KITTI Eigen split

(b) DDAD

Fig. 5. Qualitative results. The proposed model produces better predictions on large objects (e.g., the oil tank, train, container) that require seeing the global
context and thin vertical structures (e.g., pedestrian, traffic sign, pole) that need fine-detailed features than previous methods.

self-supervised learning approaches did not work well. On
the other hand, we can see the same improvement on large
objects, such as the containers in the first and second rows, by
effectively capturing the larger context. In addition, as shown
in the bottom row, our model shows reasonable results in the
global context (e.g. road) and local details (e.g. sign), while
prior methods produce noisy depth results.

D. Ablation Study

In our preliminary experiment shown in Fig. 1 and Ta-
ble III (2nd row), we replace convolution encoders to the
transformer as a naive approach, called “transformer baseline”,
to benefit from using a transformer. However, the performance

gain is marginal (0.110 → 0.108 in AbsRel) or worse (0.840
→ 1.004 in SqrRel, 4.765 → 4.838 in RMSE), as shown in
Table III. We argue that this result is due to 1) the limited
ability to capture local details in a typical decoder module
and 2) applying photometric loss function in a multi-scale
manner. We propose the use of single-scale photometric loss
rather than multi-scale loss, PWSA as an enhanced decoder,
and self-distillation loss to replace weak supervision by pho-
tometric loss. We conducted an ablation study on the proposed
component as follows.

Multi-scale loss vs. Single-scale loss As discussed in
Sec. III-C, the typical photometric loss is a weak training
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TABLE III
ABLATION STUDY OF THE PROPOSED METHOD ON KITTI. IF

“DETACH” IS MARKED, PERFORMANCE IS EVALUATED FROM THE
PENULTIMATE PREDICTION (D1), NOT FROM THE LAST PREDICTION (D0).

THE BASELINE MODEL IS HIGHLIGHTED.

(Rel.%)

SS
L

os
s

PW
SA

SD
L

os
s

D
et

ac
h Backbone

(Params) Abs. Rel ↓ Sqr. Rel ↓ RMSE ↓

Baseline [1] DR101(64M) 0.110 (±0) 0.840 (±0) 4.765 (±0)
- - - - Swin-S(55M) 0.108 (↓ 1.8) 1.004 (↑ 19.5) 4.838 (↑ 1.5)
✓ - - - Swin-S(55M) 0.104 (↓ 5.5) 0.882 (↑ 5.0) 4.639 (↓ 2.6)
✓ ✓ - - Swin-S(60M) 0.103 (↓ 6.4) 0.804 (↓ 4.3) 4.558 (↓ 4.3)
✓ ✓ ✓ - Swin-S(62M) 0.099 (↓ 10.0) 0.758 (↓ 9.8) 4.483 (↓ 5.9)
✓ ✓ ✓ ✓ Swin-S(60M) 0.098 (↓ 10.9) 0.728 (↓ 13.3) 4.458 (↓ 6.4)

SS Loss: Single-scale photometric loss
SD Loss: Self-Distillation loss
Baseline: DDV without self-attention [1]
DR101: ResNet101 with dilated convolution

signal, which has a clear limitation. In addition, since the
photometric loss is usually applied in a multi-scale manner to
help intermediate features capture better information, it might
disturb the intermediate features from learning a good repre-
sentation from such a weak training signal. As an alternative
to the multi-scale loss, we apply single-scale photometric loss
only to the highest resolution of the prediction (D0 in Fig. 2) to
ease the disturbing effect from weak-supervision. Surprisingly,
as shown in Table III, the single-scale photometric loss shows
better performance (3nd row, 0.104 Abs.Rel) than the multi-
scale baseline (2nd row, 0.108). This supports our hypothesis
and we use the single-scale loss for the remainder of the
experiments.

Effect of PWSA decoder On top of the single-scale loss, we
achieve greater performance gain by employing the proposed
PWSA decoder (4th row, 0.103 in Abs.Rel). Compared to the
model without PWSA decoder (3rd row, 0.104 in Abs.Rel),
this model shows significant improvement in another met-
ric (8.8%, 0.882 → 0.804 in Sqr. Rel). This result indicates
that some of the high-error predictions are improved; in other
words, the PWSA module helps predict spatially coherent
depth. Since most of the high-error points are on the object
boundaries, this indicates a quantitative improvement by sharp
depth discontinuity, as shown in Fig. 1.

Advantage of Self-Distillation Loss We decided to use
the single-scale loss from the above experiments for better
performance. Then there is no supervision for the intermediate
feature maps. In this case, our self-distillation loss could be
helpful, and we employ the adaptive weighting scheme, which
increases gradually over the training progress to avoid error
propagation due to premature pseudo labels at the early stage
of training. Since our self-distillation loss can supervise the
intermediate predictions to have the correct depth using the
pseudo label regardless of textures such as walls or ground
plane, another improvement is achieved by applying the self-
distillation loss shown in Table III (5th row, 0.103 → 0.099
in Abs.Rel, 0.804 → 0.758 in Sqr.Rel, and 4.558 → 4.483 in
RMSE).

Another interesting advantage of applying self-distillation
loss is, as discussed in Sec. III-C, the possibility to transfer
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Fig. 6. Performance of depth networks for varying runtime on KITTI
Eigen split [2]. (DR50 and DR101) indicate (Deformable ResNet50 and
Deformable ResNet101) [19] respectively. † means pseudo label ( i.ethe
highest resolution prediction D0) is used for evaluation without detaching
the last decoder. The threshold δ < 1.25 is detailed in [2]: higher is better.

the capability of predicting fine details to the penultimate
output. We could expect both predictions, the highest reso-
lution output and the penultimate resolution output, to show
similar performance after training. If so, we can detach the last
decoder at inference time and use the penultimate resolution
output as our final prediction. Since this detachable property
is a by-product of self-distillation, we could treat the last
decoder as an “extra” decoder which is too heavy to deploy
but worth adding during training. Throughout this experiment,
we assume the last decoder to produce D0 is an extra decoder,
requiring an additional 2M parameters in the 5th row. We
compare performances of the highest resolution (D0 in Fig. 2-
(a), 5th row in Table III) and the penultimate resolution (D1 in
Fig. 2-(a), 6th row in Table III). Surprisingly, the penultimate
output performs better with fewer parameters (62M vs. 60M).
This supports our conjecture that our self-distillation loss as
an alternative to the photometric loss could be a better training
signal that always guides to the correct depth regardless of the
scene contents, e.g., textures.

Speed vs. Accuracy Trade-off The speed-accuracy trade-
off is an the important aspects of practicality. In Fig. 6,
we mark various self-supervised monocular depth estimation
models in an accuracy versus inference time plot on the KITTI
benchmark. For a fair comparison, all the models are evaluated
on the same NVIDIA RTX 2080Ti GPU. Since our models,
trained by the self-distillation loss, have the “detachable extra
decoder”, we evaluate both predictions with and without the
last decoder. As shown by the blue circles in Fig. 6, our
models run in real-time (>20fps) while keeping accuracy when
detaching the extra decoder. Also, our models outperform
other methods in accuracy and show competitive efficiency.

V. CONCLUSIONS

Here, we propose an effective way to employ transformer
architecture in self-supervised monocular depth estimation.
The proposed architecture effectively leverages global context
from transformer-based encoders and fine details from our
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PWSA decoder. We propose to use self-distillation loss with
a single-scale photometric loss instead of a typical multi-
scale photometric loss. In our experiments, our final model
shows improved depth predictions on the far range and the
object boundaries and outperforms existing self-supervised
monocular depth estimation methods in terms of accuracy
with competitive efficiency. We expect our method to be a
cornerstone of transformer-based self-supervised monocular
depth estimations.
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