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Abstract
Monocular depth estimation is a dense predic-
tion task requiring both local precision and global
contextual reasoning, while remaining consis-
tent with the underlying scene geometry. In
this work, we investigate two complementary di-
rections for improving monocular depth estima-
tion: i) lightweight global-context augmentation
and ii) geometric self-consistency regularization.
For (i), we augment pretrained CNN backbones
with parallel global-context branches incorporat-
ing dilated convolutions and spatial attention, en-
abling wider contextual reasoning without the
computational overhead of Vision Transformers
while preserving the benefits of transfer learn-
ing. For (ii), we introduce a geometric regu-
larization objective based on differentiable view
synthesis, encouraging predicted depth maps to
remain self-consistent under camera transforma-
tions. Through systematic ablations, we show
that augmentation slightly improves performance,
while geometric self-consistency regularization
provides larger and complementary gains, particu-
larly when combined with knowledge distillation.

1. Introduction and Related Work
Depth estimation is a fundamental computer vision task
with applications in robotics, navigation, autonomous driv-
ing, augmented reality, object detection, and semantic seg-
mentation (Hu et al., 2012; Du et al., 2020; Park et al.,
2017). While stereo and multi-view methods can recover
depth through geometric constraints and feature correspon-
dences (Zou & Li, 2010; Ullman, 1979), monocular depth
estimation (MDE) aims to predict dense depth maps from
a single image, making it significantly more ill-posed and
reliant on semantic scene understanding (Eigen et al., 2014).
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Recent deep learning approaches tackle MDE as a dense
prediction task using encoder-decoder or U-Net CNN archi-
tectures (Ronneberger et al., 2015). Since accurate depth
prediction requires both local precision and globally consis-
tent scene understanding, capturing long-range dependen-
cies is particularly important. Several works have therefore
explored wider-context mechanisms used in dense predic-
tion tasks, such as dilated convolutions (Chen et al., 2017).

More recently, Vision Transformers (ViTs) have shown
strong performance in MDE by modeling global relations
via attention mechanisms (Ranftl et al., 2021; Zhao et al.,
2022). However, ViT-based methods are computationally
expensive and often require large-scale pretraining. By con-
trast, convolutional attention modules such as CBAM (Woo
et al., 2018) offer a more efficient alternative. While such
modules have been successfully applied to other dense pre-
diction and generation tasks (Guo et al., 2022; Zhang et al.,
2019), their role in MDE remains less explored, despite the
importance of long-range contextual reasoning.

Another important research direction concerns training su-
pervision. Supervised methods rely on dense ground-truth
depth annotations obtained from LiDAR or RGB-D sen-
sors (Eigen et al., 2014; Laina et al., 2016), but standard
regression losses do not explicitly enforce geometric con-
sistency. Self-supervised approaches (Godard et al., 2017;
2019) instead leverage stereo image pairs or monocular
video sequences together with differentiable view synthe-
sis (Flynn et al., 2019). In these methods, the predicted
depth map is used to reconstruct a target image under known
camera motion, without requiring dense depth labels. How-
ever, such approaches typically assume access to multiple
views during training.

Contributions. We investigate two complementary di-
rections for improving MDE. First, we study lightweight
global-context augmentation of pretrained CNN backbones
via dilated convolutions and convolutional attention, avoid-
ing the computational cost of ViTs while benefiting from
transfer-learning. Second, we propose a geometric regu-
larization objective based on differentiable view synthesis,
encouraging self-consistency of predicted depth maps un-
der camera transformations even in supervised monocular
settings lacking multiple views. Ablations show that ar-
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Figure 1. Proposed U-Net augmentation strategy. Selected encoder stages are expanded with parallel dilated-convolution and convolutional-
attention branches. Their outputs are fused through an identity-initialized convolution, allowing the pretrained backbone to be preserved
at initialization while progressively incorporating global-context features.

chitectural augmentation aids and geometric regularization
improves performance, the latter providing complementary
gains when combined with knowledge distillation.

2. Models and Methods

Notation. We denote by I ∈ R3×H×W an input RGB
image and by D ∈ RH×W its predicted depth map. Con-
volutional kernels are represented by W ∈ RCout×Cin×k×k.
Camera intrinsics are denoted by K, and relative camera
motion by a rigid transformation T ∈ SE(3). ∥x∥ϵ :=∑

i

√
x2
i + ϵ2 is the Charbonnier loss.

Baseline architecture. As the baseline model, we em-
ploy a U-Net-style encoder-decoder architecture commonly
used in dense prediction tasks. The encoder extracts hi-
erarchical feature representations while reducing spatial
resolution (either with max-pooling or with strided convo-
lutions), whereas the decoder gradually restores resolution
through upsampling with transposed convolutions and skip
connections that preserve spatial detail. To leverage transfer
learning, the encoder is initialized from pretrained CNN
backbones, and decoder stages are added to construct the
full U-Net architecture for dense MDE.

Global-context augmentation. To improve long-range
contextual reasoning while preserving the efficiency and
transfer-learning of CNN backbones, we augment selected
encoder stages with parallel global-context branches, as
depicted in Fig. 1. Each augmented block combines the
original pretrained CNN pathway with lightweight global-
context branches consisting of dilated convolutions and spa-
tial attention. Dilated branches model medium-range spatial
interactions by enlarging the receptive field while preserv-
ing a convolutional inductive bias. In contrast, the attention
branch allows each spatial patch to dynamically select the

regions from which information should be aggregated.

Unlike ViTs, which maintain token embeddings through-
out the network, our attention branch must exchange in-
formation with convolutional branches at every layer. We
therefore implement attention directly on feature maps us-
ing convolutional projections WQ,WK,WV, producing
query, key, and value feature maps Q, K, and V. These are
unfolded patch-wise, and attention weights are computed
from normalized query-key inner products followed by soft-
max normalization. The resulting weights aggregate value
patches while preserving a feature-map representation. The
attended features are then refined through a convolutional
residual block rather than a transformer MLP.

The outputs of the pretrained, dilated, and attention branches
are concatenated along the channel dimension and fused
through a 1× 1 convolution Wfuse ∈ RCout×(BCout)×1×1,
where B denotes the number of branches. To preserve
the pretrained model at initialization, the fusion layer is
initialized such that only the pretrained branch is initially
propagated; the newly introduced branches are progressively
incorporated during training. Formally, we initialize:

Wfuse[i, j, 0, 0] =

{
1, j = i and j ∈ P,

0, otherwise,

where P denotes the pretrained branch’s channel indices.

Geometric regularization. We introduce a geometric self-
consistency regularization objective to encourage synthe-
sized views generated through different transformation paths
to remain mutually consistent. Starting from an input image
I0, we compare a target view synthesized directly through a
transformation 0→1 against the same target view synthe-
sized through a composed path 0→a→ 1. Since MDE is
inherently ambiguous, this objective alone does not uniquely

2



determine correct depth maps: for instance, a constant depth
map remains self-consistent under view synthesis. We there-
fore use the proposed objective only as a regularizer on
top of supervised depth losses, acting as a geometric prior
encouraging stable predictions under viewpoint changes.

Let π(x) = Kx/xz denote projection from 3D camera
coordinates to pixels, and let π−1(u, d) = dK−1ū denote
back-projection of homogeneous pixel ū = (u, v, 1)⊤ with
depth d. Given a source image Is, a depth map Dt in the
target configuration, and a transform Tt→s, inverse view
synthesis samples the source image at

us = π
(
Tt→sπ

−1(ut,Dt(ut))
)
, Ît(ut) = Is(us),

where Is(us) is obtained through bilinear interpolation. The
inverse warp additionally produces a validity mask M se-
lecting pixels whose projected source coordinates lie inside
the image:

(Ît,M) = S(Is,Dt,Tt→s).

Given an input image I0, we first predict a depth map

D0 = f(I0; θ),

which is detached for stability when synthesizing an inter-
mediate view:

(Ia,Ma) = S(I0, sg(D0),Ta→0).

We then infer Da = f(Ia; θ) and synthesize the target
image through the composed path:

(I
(a)
1 ,M

(a)
1 ) = S(Ia,Da,T1→a).

In parallel, we synthesize the same target view directly from
the source:

(I
(0)
1 ,M

(0)
1 ) = S(I0, sg(D0),T1→0).

The geometric regularization loss compares the two synthe-
sized target views over their common valid region M =

M
(0)
a ∩M

(a)
1 ∩M

(0)
1 :

Lsc = ∥M⊙(I
(a)
1 −I

(0)
1 )∥ϵ+λedge∥M⊙(∇I

(a)
1 −∇I

(0)
1 )∥1.

In our experiments, λedge = 0.5 and Ta→0 and T1→a are
sampled as random translations along the x- and z-axes.

3. Experimental Results
Experimental setup. We train on the provided dataset of
22, 605 RGB-depth pairs, bilinearly resized to 384× 384 to
facilitate more runs, using an 85/15 random train/validation
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Figure 2. Geometric self-consistency regularization. A predicted
depth map is used to synthesize a target view through a direct path
0→ 1 and a composed path 0→ a→ 1. The two target images
are compared with a photometric and edge-aware loss. Camera
displacements are exaggerated for clarity.

split. Ground-truth depth is clipped to [0+, 80]m and nor-
malized to [0+, 1]. The training objective combines a su-
pervised ground-truth (GT) loss with optional knowledge
distillation (KD) and self-consistency (SC) regularizers:

L = Lgt + λkdLkd + λscLsc.

We define the SILog-MSE loss

δij = log(Dpred[i, j])− log(Dr[i, j]),

Lsil(Dpred,Dr;λ) =
1

HW

∑
i,j

δ2ij − λ

(
1

HW

∑
i,j

δij

)2

and GT and KD losses are then given by

Lgt(Dpred) = Lsil(Dpred,Dgt; 0.5),

Lkd(Dpred) = Lsil(Dpred,Dteacher; 0.5).

Validation uses SILog-RMSE
√
Lsil(Dpred,Dgt; 1) to

match the grading objective. All configurations are
trained for 25 epochs with AdamW (Loshchilov & Hutter,
2017) (lr=10−4, weight decay=10−4), batch size 8, mixed-
precision, and gradient-norm clipping at 1.0. KD runs use
MiDaS-small (Ranftl et al., 2020) as teacher with λkd=0.2,
with predictions precomputed once and per-image min/max-
rescaled to align with ground-truth scale. SC runs use
λsc=0.1, with Ta→0 and T1→a randomly sampled as trans-
lations with |tx|, |tz| ∈ [0.001, 0.005]. Pretrained branches
use ImageNet-pretrained, PyTorch-available VGG-16 and
ResNet-18 (Simonyan & Zisserman, 2014; He et al., 2016)
layers. All configurations were evaluated with the same
seeds. To establish statistical significance, results report
mean and std across 5 seeds.
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Figure 3. Visualization of the SC loss pipeline. (1): Input image, (2): predicted depth, (3, 4): direct and two-step views resp., (5): SC loss.

Table 1. Test (Kaggle) SILog-RMSE and relative differences
(lower are better) for all configurations. VGG=VGG-16,
RN18 = ResNet-18, D = dilation, A = attention.

Configuration Test loss ↓ Diff. (rel.) ↓
VGG 0.686±0.017 +0.114±0.019

RN18 0.572±0.011 0.0
+ D 0.562±0.006 −0.010±0.010

+ D + A 0.564±0.004 −0.007±0.007

+ D + A + KD 0.547±0.002 −0.025±0.009

+ D + A + SC 0.546±0.004 −0.025±0.013

+ D + A + KD + SC 0.537±0.004 −0.034±0.011

Augmentation. We ablate the effect of architectural aug-
mentation. Results are reported in Table 1 (first half). Con-
sistent with Laina et al. (2016), the ResNet-18-based U-Net
substantially outperforms the VGG-16-based one. Augment-
ing the ResNet-18 model with dilated convolutions, with
or without attention, yields a modest reduction in test loss.
However, these gains are small relative to the observed vari-
ability across seeds, and the attention-augmented variant
does not outperform the dilation-only model.

Geometric regularization. We further ablate the effect
of geometric self-consistency (SC) regularization. For these
experiments, we use the ResNet-18 U-Net augmented with
dilation and attention and train it with different combina-
tions of ground-truth supervision, knowledge distillation
(KD), and SC regularization. Results are summarized in
Table 1 (second half). Both KD and SC reduce the test loss
relative to the non-regularized architecture, with SC achiev-
ing gains comparable to KD despite not relying on a teacher.
Combining KD and SC yields the best overall performance,
reducing the test loss from 0.564±0.004 to 0.537±0.004.

Qualitative results. In Fig. 3 we also present a qualitative
example of the SC loss pipeline. Predicted depth maps are
used to construct a direct and two-step view synthesis. The
SC loss catches inconsistencies in the two synthetic views.

4. Discussion
Architectural augmentation yielded only modest gains.
While both dilation-based variants reduced the mean test er-

ror relative to the plain ResNet-18 U-Net, the improvements
were small. Adding attention on top of dilation provided
no further benefit. One possible explanation is that depth
estimation is governed by relative geometric relationships:
once information can propagate between neighboring ob-
jects, long-range dependencies may be captured transitively.
Under this view, the enlarged receptive field provided by
dilation may be sufficient, limiting the utility of additional
attention. Alternatively, the convolutional attention mecha-
nism may have been too weak or insufficiently optimized
to exploit global context, as attention-based modules often
require smaller learning-rate schedules than convolutional
layers.

The proposed self-consistency (SC) regularizer relies on sim-
plifying assumptions. To avoid the cost of forward warping,
we employed inverse warping and approximated target-view
depths using source-view predictions, assuming small error
for the chosen displacements. Furthermore, occlusions, dis-
occlusions, reflections, and scale inconsistencies were not
explicitly modelled. Despite these limitations, SC achieved
gains comparable to knowledge distillation (KD) while re-
quiring no teacher model. Including all proposed compo-
nents yields the best result, reducing the test SILog-RMSE
from 0.572±0.011 to 0.537±0.004. Although the effect of
any single component is limited, all consistently shift the
mean in the same direction, resulting in a cumulative im-
provement that exceeds the observed randomness. Use of
more elaborate view synthesis (e.g., as in (Godard et al.,
2017; 2019)), is an interesting direction for future work.

5. Conclusion and Summary

We investigated architectural augmentation and geometric
self-consistency (SC) regularization for monocular depth es-
timation. While augmentation provided only modest gains,
SC achieved improvements comparable to knowledge dis-
tillation despite requiring no teacher model. Combining all
proposed components yielded the best performance, reduc-
ing the test SILog-RMSE from (0.572) to (0.537). These
results suggest that SC provides a useful and complemen-
tary supervision signal. Overall, this work highlights that
geometry-informed training can improve depth estimation
even in purely monocular training settings.
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A. Supplementary Experimental Results
We provide additional results regarding: (i) the training stability of all proposed configurations, and (ii) relative improvements
between all pairs of configurations. For (i), note that configurations trained with different objectives have different loss
definitions. Consequently, their training loss curves should be interpreted only within a given configuration and are not
directly comparable across configurations.

For (ii), relative improvements are computed on a per-seed basis. Specifically, for each pair of configurations and each
random seed, we first compute the corresponding improvement and then report the empirical mean and standard deviation of
these improvements across seeds. While the mean improvement can equivalently be obtained from the difference of the
reported mean scores (by linearity of expectation), the same does not hold for the standard deviation. Since scores obtained
from the same seed can generally be correlated across configurations, the variance of an improvement cannot be obtained
from the independent score variances. Instead, we reporting the empirical distribution of paired per-seed improvements as
an accurate characterization of both the mean of the improvement and its standard deviation.
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Figure 4. Train and validation loss curves during training across all epochs for all 5 seeds.
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Figure 5. Loss breakdown across all batches for different configurations.
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Table 2. Pairwise improvement matrix — Test SILog-RMSE. Same convention as Table 1.

VGG RN18 RN18+D RN18+D+A +KD +SC +KD+SC

VGG — +0.114±0.019 +0.124±0.017 +0.122±0.015 +0.139±0.016 +0.140±0.016 +0.149±0.017

RN18 −0.114±0.019 — +0.010±0.010 +0.007±0.007 +0.025±0.009 +0.025±0.013 +0.034±0.011

RN18+D −0.124±0.017 −0.010±0.010 — −0.003±0.005 +0.015±0.006 +0.015±0.006 +0.024±0.004

RN18+D+A −0.122±0.015 −0.007±0.007 +0.003±0.005 — +0.017±0.002 +0.018±0.006 +0.027±0.005

+KD −0.139±0.016 −0.025±0.009 −0.015±0.006 −0.017±0.002 — +0.001±0.005 +0.010±0.004

+SC −0.140±0.016 −0.025±0.013 −0.015±0.006 −0.018±0.006 −0.001±0.005 — +0.009±0.003

+KD+SC −0.149±0.017 −0.034±0.011 −0.024±0.004 −0.027±0.005 −0.010±0.004 −0.009±0.003 —
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