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Abstract

In this work, we explored whether the per-
formance of the state-of-the-art models on the
Monocular Depth Estimation task can be im-
proved by averaging multiple models’ predictions
based on the model’s uncertainty. To verify this
assumption, we fine-tuned a Dense Prediction
Transformer model modified to predict uncer-
tainty using Gaussian Negative Log Likelihood
loss. Then, we trained multiple experts by further
fine-tuning the aforementioned model for differ-
ent room types. To combine their predictions, we
trained a separate meta-model that takes the mod-
els’ uncertainty into account. We showed that
this approach decreases siRMSE compared to the
performance of the base model. Additionally, we
identified that this approach is sensitive to hyper-
parameters and can suffer from mode collapse.
Finally, our results show that the meta-model reg-
ularly combines the ensemble’s individual predic-
tions in a manner consistent with the intuition of
the expert’s room-type domain knowledge and
generalizes to ambiguous images.

1. Introduction

Monocular Depth Estimation (MDE) is a task of estimating
the distance from the camera to each pixel from a single cap-
tured RGB image. Today, deep learning-based approaches
are widely used for MDE and are known to be very efficient
(Ming et al., 2021). However, their biggest downside lies
in their very low interpretability. A common approach to
overcome this problem is to measure the uncertainty of the
model. The uncertainty was shown to correlate with the
quality of the model predictions (SAHiN et al., 2024). In
this work, we explored the way to leverage this fact in or-
der to improve the model’s performance. To this end, we
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combine the model’s uncertainty estimates with ensembling,
as a common technique to boost the model’s performance
(Ganaie et al., 2022). To test it, we developed a pipeline
based on stacking several models for MDE based on their
uncertainty. To be specific, we completed the following
steps:

1. We fine-tuned the pre-trained Dense Prediction Trans-
former (DPT) (Ranftl et al., 2021) on available data to
predict uncertainty using the Gaussian Negative Log
Likelihood Loss Function (Nix & Weigend, 1994). We
will refer to it as our base model.

2. We trained several experts by fine-tuning them further
on a subset of our training data. All experts were
trained to predict their uncertainty, just as the base
model.

3. We developed a meta-model that predicts the weights
to sum up the experts and the base model predictions
based on their uncertainty.

Throughout the experiments, we observed that our ap-
proach leads to a noticeable improvement compared to both
the base model and individual expert models. The code
for the project is available at: https://github.com/
mwertich/CIL.

2. Related Work

Since the introduction of the first neural network-based
approach for MDE in (Eigen et al., 2014) the deep learning
paradigm has dominated the field ever since. Thus, recent
CVPR challenges were dominated by works that fine-tuned
the state-of-the-art models for MDE on the provided dataset
(Obukhov et al., 2025). Among such models, one that can be
easily fine-tuned for a new MDE dataset is Dense Prediction
Transformer (DPT) (Ranftl et al., 2021), which utilizes the
Vision Transformer architecture (Dosovitskiy et al., 2020).

The estimation of a model’s uncertainty in its predictions
has been an area of active research. In (Landgraf et al.,
2025), it was shown that the standard method in the MDE
setting is training a model to predict the variance of its
prediction using the uncertainty-aware Gaussian Negative
Log-Likelihood (GNLL) loss function, which was proposed
in (Nix & Weigend, 1994).
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Ensemble learning is a common technique aimed at improv-
ing model performance in many settings, including MDE
(Ali et al., 2023). For example, in (Mitra et al., 2024), the
authors showed that making predictions using a weighted
sum of the MiDaS and MonoDepth?2 predictions can outper-
form both models used separately. Further development of
ensemble learning is the use of a separate neural network
to process the ensemble components’ predictions. Thus,
in (Shao et al., 2023), the authors train multiple neural
networks with different architectures, which are further pro-
cessed by a recurrent neural network to predict a final depth
estimation.

An idea to utilize models’ uncertainty to learn an ensemble
on top of them is also present in the literature. In (Bae et al.,
2022), the authors use multiple networks to predict surface
normals as well as depth and uncertainties of these predic-
tions. They further put all this through a gated recurrent
unit to iteratively improve the depth prediction. Finally, in
(Zhang et al., 2022), the authors fuse the depth prediction
of the echo-based and vision-based models with the weight
inversely proportional to the predicted variance of the model
prediction.

In this work, we aim to investigate whether models that
share the same architecture but were trained on different
data could be used to create an uncertainty-driven ensemble
for MDE.

3. Methodology

We built our work on top of the Dense Prediction Trans-
former (DPT) model from the MiDaS model family (Ranftl
et al., 2021), which shows high performance and generalizes
well for new datasets.

3.1. Uncertainty Quantification

We extend the DPT model architecture with an uncertainty
quantification mechanism to generate more robust and in-
terpretable depth predictions. To achieve this, we build on
top of the pre-trained DPT backbone and follow a dual-head
approach, as presented in (Landgraf et al., 2024).

Alongside the standard depth prediction head, we introduce
a second head that estimates per-pixel uncertainty for the
corresponding depth prediction in the form of variance. We
refer to the resulting model as the base model.

The depth prediction head uses a ReLLU activation function
to ensure non-negative predicted depth values, while the
uncertainty head utilizes a Softplus activation function to
force strictly positive variance estimates. Similar to the
approach described in (Landgraf et al., 2025), we train base
model using the GNLL loss (Nix & Weigend, 1994) for the
joint estimation of depth and uncertainty, defined as follows:

1((d—d)?
LonLL = 3 <( — ) +10g02> (D)

where d and o2 are the predicted depth and variance, respec-
tively, and d is the ground truth depth.

3.2. Expert Models

Since our data consists of only indoor scenes, we cate-
gorized images based on room types using a pre-trained
ResNet18 classifier, which received 56.51 Top-1-Accuracy
and 86.00 Top-5-Accuracy in the Places365 standard data
set (L6pez-Cifuentes et al., 2020).

Individual room-type-specific experts are obtained by fur-
ther fine-tuning the base model only on the images of the
respective room-type category. This was motivated by the
fact that images of the same category share more character-
istics and features than images from other categories.

3.3. Meta-model Ensembling

We define a discrete index set I = [0, 1, ..., K], in which
index 0 represents the base model (¢ = 0) and the other
indices the respective expert k € [1,2, ..., K].

We introduced a separate meta-model to automatically com-
bine the predictions of the base and expert models. For
the meta-model, we used a standard U-Net architecture
(Ronneberger et al., 2015), which takes the image and the
uncertainty of the base model as input and outputs a logit
tensor z (see Table 3). The output logit zf] for model k € I
and a input image pixel x;; expresses how strongly the base
model (k = 0) or the respective expert k € [1,2, ..., K]
should be weighted for the final prediction.

Let d;jk be the predicted depth and (Ufj)k the uncertainty
(variance in GNLL loss) at pixel x;; for model k € I. To ob-
tain a linear combination for each pixel, we apply SoftMax
with a temperature 7 and divide by the respective model’s
prediction variance (see Equation (2)).
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The inverse variance scaling incorporates the uncertainty of
the base model and the expert into the framework. The idea
behind this is that the quality of the model predictions is
higher if the uncertainty of the predictions is lower.

The meta-model is trained with the following loss function
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consisting of three components in Equation (3).
dad =Y {a(d}j —dij)? + BH(\Y, 0F)
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H(X) and H(X, Y) denote the entropy and the cross-entropy
of discrete variables X and Y. The first term is the mean
squared error between the meta-model prediction ciij and
the ground truth d;;. The second term is the cross-entropy
between the estimated percentages /\fj in the linear combi-
nation and the best optimal model ij for that pixel. The
intuition behind this choice is to encourage the meta-model
to choose the strongest expert for that pixel. The last term
acts as a regularizer and is the entropy of )\fj, to discourage
predicting overly flat linear combinations and to encourage
the exploration of different experts’ predictions.

4. Experiments

We divided the total of 23971 images from the dataset into
80% training (19176) and 20% validation images (4795).
We trained each of the three consecutive steps with the
Adam optimizer (Kingma & Ba, 2017).

Base Model Training. We fine-tuned the pre-trained DPT
model on our training set for 5 epochs with a learning rate
of 1075 and a batch size of 1. The loss function plateaued
quickly, as shown in Figure 3.

Expert Training. Then we fine-tuned the five room-type
experts with uncertainty for an additional 10 epochs using
Adam with the same training parameters as the base model
but a slightly lower learning rate of 2 - 1076,

Meta-model Training. Then we collected all the predic-
tions and the uncertainty estimates for both the base model
and all experts and trained the meta-model for 10 epochs
with a learning rate of 2 - 10~5. For our default meta-model
experiment, we used a temperature of 7 = 1 to sharpen
the predictions of linear combinations, and the parameters
of the loss function in Equation (3) are o« = 1, § = 0.01,
v = 10~*. Due to limited space on the cluster, we split our
19176 training images into two halves. We trained the meta-
model for five epochs on each of the respective halves, for
which the results are summarized over the entire trajectory.

All reported scores were obtained as the average over three
runs with different seeds.
5. Results and Discussion

The models are evaluated based on the Scale-Invariant
RMSE (siRMSE) score, as specified in ETHZ CIL Monocu-

lar Depth Estimation 2025 (Kaggle).

5.1. Base Model training

Before fine-tuning, the pre-trained DPT model was getting
a siRMSE of 6.1925. After fine-tuning, the base model
significantly reduced the error to siRMSE of 0.0670.

To evaluate the quality of predicted uncertainty estimates,
we calculated three metrics proposed in (Mukhoti & Gal,
2018): PA = 0.994, PU = 0.869, and PAVPU = 0.5165.
This corroborates our assumption that the uncertainty cor-
relates with the prediction error. For more information on
how to calculate these metrics, see Appendix C. A visual-
ization of the uncertainty and depth error maps, as shown in
Figure 4-Figure 5, corroborates the results qualitatively.

5.2. Expert Models

After fine-tuning the five room-type experts, we received
the following siRMSE scores by evaluating them both on
their respective categories and the entire validation set (see
Table 1). We can observe an overall improvement of an
siRMSE between 0.01 and 0.015 on their respective cate-
gory. The siRMSE on the full dataset changes by less than
0.005 compared to the siRMSE of the base model of 0.0670.
The remaining evaluation metrics are illustrated in Table 4.

Category Epoch 0, Epoch 10, Epoch 10,
category category complete
val. set val. set val. set

Sleeping 0.0484 0.0371 0.0720

Living 0.0666 0.0537 0.0692

Kitchen 0.0735 0.0604 0.0721

Work 0.0629 0.0489 0.0692

Remaining  0.0876 0.0721 0.0651

Table 1. siRMSE scores before and after fine-tuning each expert
on the respective category, evaluated on the respective category
and the entire validation set

5.3. Meta-model

After training the meta-model on the entire dataset, the
final validation siRMSE is the first entry in Table 2. We
also illustrate training loss and validation siRMSE scores in
Figure 10.

5.3.1. COMPARATIVE ANALYSIS

We compare the meta-model ensemble against the three
baselines: Base model, Trivial Ensembling and Inverse
Variance-Weighted Averaging, as well as two oracle-based
approaches: Category Oracle and Optimal Oracle.

Base model. The first is the sole prediction of the base


https://www.kaggle.com/competitions/ethz-cil-monocular-depth-estimation-2025
https://www.kaggle.com/competitions/ethz-cil-monocular-depth-estimation-2025

ETHZ CIL

model itself.

Trivial Ensembling. In this approach, we take the predic-
tion of the base model and all experts and average them with
equal weights.

Inverse Variance-Weighted Averaging. In this approach,
we sum up the predictions of all models with the weights
inversely proportional to the uncertainty estimates predicted
by these models (Equation (4)). This approach is inspired
by the work (Zhang et al., 2022).
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Category Oracle & Optimal Oracle. These two oracles
analyze the theoretical capabilities of the meta-model. For
the category oracle, we consider that the model picks the
expert of the category to which the image has been assigned
according to Appendix A, so setting \! ; = 1, where [ is the
expert to which the input image x has been assigned. For
the optimal oracle, we compare against an overly optimistic
oracle, which picks the best model for each pixel.

5.3.2. DISCUSSION OF SCORES

All siRMSE scores are reported in Table 2 , and the full
scores in Table 4. Our meta-model performs better than all
three baselines.

The stronger oracle performance indicates that better hyper-
parameters or a meta-model architecture can theoretically
improve the results.

Method siRMSE scores
Our meta-model 0.0601
Base model 0.0670
Trivial Ensembling 0.0633
Inverse Variance-Weighted Averaging 0.0627
Category Oracle 0.0549
Optimal Oracle 0.0405

Table 2. Evaluation meta-model on the entire validation set against
three baselines and two oracle approaches

5.3.3. MODE COLLAPSE

The training of the meta-model posed a significant challenge
as it is heavily influenced by Mode Collapse.

Mode Collapse. This is by far the severest obstacle we
have faced. The problem is that the model needs to select
a convex linear combination weights \;; for each pixel x;;.
This, in turn, leads to two separate problems:

Sparse Uniform Predictions. The first issue is that the
meta-model always picks the same model [ (usually the
base model [ = 0), which means that )\éj is large, as this
model performs on average the strongest, even though an-
other model would be better for specific pixel regions. This
problem is more evident if the experts are too specialized
and the model constantly falls back to the base model.

Mode Collapse occurs when the meta-model predominantly
predicts the same expert for each pixel in an image or pre-
dicts the same expert for most images.

5.3.4. PREDICTION MAPS INTERPRETABILITY

We often observe that the chosen best expert is consis-
tent with the intuition about the image scene layout (e.g.,
“kitchen” expert for all pixels in a table). We discuss it
in more detail with the help of combination maps in Ap-
pendix D.

6. Conclusion and Future Work

In this work, we explored whether the uncertainty estimates
can be used to enhance the performance of the pre-trained
MDE models. To this end, we developed an uncertainty-
aware ensemble technique. We used DPT model from the
MiDaS family as our base model.

To explore the performance of our approach, we fine-tuned
the DPT model with the capability to predict uncertainty
estimates. This base model showed competitive metrics
for the quality of uncertainty estimates. Then we further
fine-tuned the base model on different subsets of the dataset
to acquire the expert models, decreasing the siRMSE on
these subsets by more than 0.01. Finally, we trained a U-net-
based meta-model to combine the base and expert models’
predictions.

The resulting pipeline showed an improvement in the
siRMSE score compared to the base model and the two
baseline ensembles: Trivial Averaging and Inverse Variance-
Weighted Averaging.

Additionally, we identified that our approach is prone to
mode collapse if the expert models are not distinct enough
and therefore require careful tuning of the hyperparameters.
Our results show that the combination maps can be inter-
preted as consistent: For images with distinctive features,
the most strongly selected experts correspond to objects that
appear frequently in the respective expert category, general-
izing to ambiguous images.

We speculate that the proposed approach can generalize to
other architectures and various types of experts. Moreover,
we believe that using different state-of-the-art models as
experts for MDE can further improve the performance of
the proposed approach.
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Appendix
A. Room-Type Expert Categories

The following table shows the breakdown of categories in
terms of ResNet18 Places365 classifications. We selected
the summarized subcategories of places365 to fit the theme
so that all five categories are roughly equally sized. If
we purely take a subcategory for an expert model, the
number of images is too small, and the experts become too
specialized, causing mode collapse (see Section 5.3.3). We
split both training and validation images and obtained the
following category counts.

Training set (19176 images):
 Sleeping: 4074
 Living: 2687
 Kitchen: 4547

Work: 3667

* Remaining: 4201
Validation set (4795 images):

 Sleeping: 1025

* Living: 683

Kitchen: 1099

Work: 899

* Remaining: 1089

A. Sleeping

bedroom, dorm.room, hotel_room,
youth_hostel, childs_room,
berth, alcove, bedchamber

nursery,

B. Living

living_.room, television_room,
home_theater, recreation_room, playroom,
bow_window/indoor, balcony/interior,
movie_theater/indoor, music_studio,
porch, patio, reception, corridor,
lobby, entrance_hall, courtyard

C. Kitchen

kitchen, dining.room, pantry, galley,
wet_bar, restaurant, coffee_shop,
sushi_bar, restaurant_kitchen,
ice_cream_parlor, bakery/shop,
fastfood.restaurant, dining_hall,
cafeteria

D. Work

home_office, office, office_cubicles,
conference_room, waiting.room,
computer_room, library/indoor,
classroom, kindergarden_classroom,
art_studio, lecture_room, chemistry_lab,
physics_laboratory, biology-laboratory,
art_school

E. Remaining

clothing_store, shoe_shop,
hardware_store, beauty-salon,
bookstore, department_store, drugstore,
fabric_store, gift_shop, jewelry_shop,
general_store/indoor, market/indoor,
bazaar/indoor, toyshop, butchers_shop,
pet_shop, bathroom, shower, closet,
storage_room, basement, utility_-room,
laundromat, attic, garage/indoor,
locker_room, dressing.room, sauna,
jacuzzi/indoor, hospital_room,
operating.room, veterinarians_office,
clean_room, science_museum,
natural_history.museum, museum/indoor,
engine_room, server._room, repair_shop,
elevator_lobby, elevator/door,
staircase, atrium/public,
television_studio, arena/rodeo,
church/indoor, train_interior,
bus_interior, elevator_shaft,

jail_cell, burial_chamber, catacomb,
aquarium, archive, phone_booth,
bamboo_forest, throne_room, art_gallery,
artists_loft, bank_.vault, bowling.alley,
gymnasium/indoor
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B. Image Augmentation

Another direction we explored was fine-tuning the base DPT
model on augmented images.

Motivation. Early experiments showed that our DPT-based
model struggles most with sharp edges (e.g., chair legs, shelf
profiles), producing depth “bleed” around high-frequency
boundaries.

Approach. To address this, we introduce two new expert
models trained on augmented inputs:

Sharpened-image expert — we convolve each training
and test image with the following 3x3 sharpening kernel to
highlight edges and simplify their detection:

Blurred-image expert — we convolve with the following
separable 5x5 Gaussian kernel to soften edges, forcing the
model to learn to recover them internally:

0.00297 0.01331 0.02194 0.01331 0.00297
0.01331 0.05963 0.09832 0.05963 0.01331
0.02194 0.09832 0.16210 0.09832 0.02194
0.01331 0.05963 0.09832 0.05963 0.01331
0.00297 0.01331 0.02194 0.01331 0.00297

Both augmentations are applied on-the-fly during fine-
tuning, as well as at inference time, and could be inter-
swapped. The original idea behind this was to fine-tune the
model on either ’easier’ - sharpened images or “harder’ -
smoothed ones, and test its performance on the images with
the same augmentation, without any, and on the opposite
augmentation (train on smoothed images, test on sharpened
images). Both models were trained for 10 epochs on the full
training dataset. As is shown in Figure 6, Figure 7, Figure 8,
Figure 9, the smoothed model shows some improvement,
which was aligned with lower siRMSE on the validation
dataset, compared to the base model. We then tested the
meta-model approach using the smoothed model as an ex-
pert. However, siRMSE score of this approach showed less
improvement compared to room-type experts. It was de-
cided not to pursue it further and switch to utilizing only
room-type experts in the meta-model.

C. Uncertainty metrics

To estimate the quality of the produced uncertainty esti-
mates we use the PA, PU, and PAvPU metrics proposed in
(Mukhoti & Gal, 2018). First, we compute the maximum
ratio r for each pixel using the Equation (5).

max (‘7{, Q) =7 5)
vy

Then, for each image we compute the median variance
02, gian predicted by the model. We further define the
following values: n,, — the number of accurately predicted
pixels (r < 1.25), n; — number of pixels where the model
was inaccurate (r > 1.25), n. — number of pixels in which
the model is certain (62 < o2 ) and n,, — number of

median
pixels in which the model in uncertain (o2 > o2, _,.. ). We
also define n,. — number of accurate pixels in which the
model is accurate and n;,, — number of uncertain pixels that
are inaccurate. Finally, we compute the aforementioned

metrics as follows:
. — 1 — Nac
PA = p(accurate|certain) = "<,

Niy

* PU = p(uncertain|inaccurate) = =,

¢ PAVPU = Zacthic,

ni+ng

D. Meta-model Combination Maps
D.1. Explanation of the Prediction Maps

In this section we examine how our meta-model combines
the prediction maps of the individual experts. The illustrated
images Figure 11 - Figure 15 are from the validation dataset.

In the first row, the original input RGB image is shown,
followed by the depth prediction of the base model and the
meta-model, respectively. The fourth image is the ground
truth depth. The next image is the highest percentage A;; in
the convex combination for each pixel, with the color (base
model + expert models) illustrated in the legend. The last
image in the upper row shows the absolute prediction error.

The second row illustrates the per-pixel percentage )\fj for
which amodel k£ € I = [0, 1,.., K] is weighted. Moreover,
we also depict the mean percentage over the image (the
average J\;;) and its standard deviation.

In the last row, we see the uncertainty of each respective
expert.

The plots Figure 11, Figure 12, Figure 13, Figure 14, and
Figure 15 show the predictions of the meta-model for a
sample of each category. We also provide a sample that
demonstrates a mode collapse inFigure 16, where the
meta-model predominantly picks the base model if all
experts are too weak.

We also provide an example, in which the convex combi-
nations are relatively unstructured and therefore not well
interpretable, which is the case when all experts are too
similar in terms of performance (see Figure 17).
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D.2. Discussion

We now examine the structure of the combined prediction
maps by analyzing the meta-model’s predictions of A (prob-
ability) parameters to perform a sanity check on how the
model perceives the image scene layout and whether it fol-
lows our intuition. For images with objects, we can observe
that the relevant expert often receives the highest percent-
age and is preferred over the others for images with clear
room types (like in a kitchen, for reference see Figure 13),
although the transitions over surfaces are not as sharp as
expected.

It is evident that the model combines the individual expert
predictions, and the most strongly selected expert is often
chosen within the boundary of an object surface. Further-
more, we can also see that the expert’s uncertainty of the
relevant category is the lowest.

If we try investigating which expert has the highest proba-
bility A;;, we notice that it is often used to predict the depth
of less than half of the pixels in an image, indicating that the
meta-model does not rely on one expert, but instead creates
diverse combinations. However, these combinations are not
always interpretable, as they sometimes lack structure. We
mainly attribute to the experts not being specialized enough
due to them sharing the same architecture. This could poten-
tially be improved with a stronger meta-model architecture
and stronger, more diverse expert models.
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Layer Type Channels Details
Input - 3 RGB image
Encl Conv2d x2 + ReLU 3—64 3 x 3, padding=1
Pooll MaxPool2d 64 2x2
Enc2 Conv2d x2 + ReLU | 64 — 128 3 x 3, padding=1
Pool2 MaxPool2d 128 2x2
Bottleneck | Conv2d x2 + ReLU | 128 — 256 3 x 3, padding=1
Up2 Transposed Conv2d | 256 — 128 2 x 2, stride=2
Att2 Attention Block 128 Skip: Enc2
Dec2 Conv2d x2 + ReLU | 256 — 128 | Concat(Up2, Enc2)
Upl Transposed Conv2d | 128 — 64 2 X 2, stride=2
Attl Attention Block 64 Skip: Encl
Decl Conv2d x2 + ReLLU | 128 — 64 Concat(Upl, Encl)
Final Conv2d 64 — N 1 x 1 (output logits)

Table 3. Architecture of the Attention U-Net

Method siRMSE RMSE MAE REL  §;-Score d2-Score d3-Score
Our meta-model 0.0601  0.2380 0.1233 0.0429  0.9815 0.9965 0.9990
Base Model 0.0670  0.2802 0.1506 0.0527  0.9778 0.9958 0.9988
Averaging 0.0633  0.2522 0.1247 0.0421  0.9803 0.9960 0.9987
Inverse Variance-Weighted Averaging  0.0627  0.2479  0.1237 0.0420  0.9807 0.9962 0.9988
Category Oracle 0.0549  0.2254 0.1129 0.0394  0.9842 0.9974 0.9993
Optimistic Oracle 0.0405  0.1619 0.0200 0.0429  0.9907 0.9981 0.9994

Table 4. Evaluation metrics (columns) across all methods (rows), including our meta-model, baseline, expert combinations, and oracles.
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Figure 1. Illustration of how our pipeline works and how different models and components are combined to produce the final output.
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Learning curve for MiDaS-UQ

Training loss (GNLL)

0 20000 40000 60000 80000
Training samples

Figure 2. Base model learning curve. Training loss flattens out after 100k samples (5 epochs).

Learning curve for MiDa5-uUQ
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Figure 3. Base model learning curve. Validation loss is obtained at the end of each epoch.

Input Image
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Figure 4. Example of base model prediction, uncertainty and error maps.

Input Image

Ground Truth

Predicted Depth Uncertainty Error (absolute value)

Figure 5. Example of base model prediction, uncertainty and error maps.
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'sharp' model's prediction on regular image

Ground Truth Predicted Depth

Uncertainty
d IgF ¥
@

'sharp' model's prediction on sharp image

Input Image

Ground Truth Predicted Depth

Uncertainty
r' ! d ‘ l ‘ ‘
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‘'sharp' model's prediction on smooth image

Input Image

Uncertainty Ground Truth Predicted Depth

rFf ? l r

i 4 ]

Input Image

Figure 6. Comparison of ’sharp’ model’s inference and its uncertainty on image N1 with different augmentations
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‘'sharp' model's prediction on regular image

Input Image Uncertainty Ground Truth Predicted Depth

‘'sharp' model's prediction on sharp image

Input Image Uncertainty Ground Truth Predicted Depth

‘'sharp' model's prediction on smooth image

Input Image Uncertainty Ground Truth Predicted Depth

Figure 7. Comparison of ’sharp’ model’s inference and its uncertainty on image N2 with different augmentations
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'smooth' model's prediction on regular image

Input Image Uncertainty Ground Truth Predicted Depth

'smooth' model's prediction on sharp image

Input Image Uncertainty Ground Truth Predicted Depth

'Ejf 2 1 1
o

'smooth' model's prediction on smooth image

Input Image Uncertainty Ground Truth Predicted Depth

Figure 8. Comparison of ’smooth’ model’s inference and its uncertainty on image Ne1 with different augmentations
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‘'smooth' model's prediction on regular image

Input Image Uncertainty Ground Truth Predicted Depth

'smooth' model's prediction on sharp image

Input Image Uncertainty Ground Truth Predicted Depth

‘'smooth' model's prediction on smooth image

Input Image Uncertainty Ground Truth Predicted Depth

be

Figure 9. Comparison of ’smooth’ model’s inference and its uncertainty on image Ne2 with different augmentations
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Figure 10. Meta-model training loss and validation siRMSE

Prediction Maps for sample_000725_rgb.png: (Work - Library/Indoor)

Metamodel Predicted Depth

Ground Truth Depth Model With Hig

{

Prob. Sleeping Expert Model Prob. Work Expert Model Prob. Kitchen Expert Model Prob. Living Expert Model

Mean: 0.115, Std: 0.098 Mean: 0.184, Std: 0.196 Mean: 0.141, Std: 0.132 Mean: 0.149, Std: 0.122

Unc. Sleeping Expert Model Unc. Work Expert Model Unc. Kitchen Expert Model

--

Unc. Living Expert Model

Base mmm Sleeping Expert Work Expert ~ mmm Kitchen Expert Living Expert Remaining Expert

Figure 11. Meta-model ensemble prediction maps for a sample of "Work”.
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Prediction Maps for sample_000813_rgb.png: (Kitchen - Kitchen)

Input Image Base Model Predicted Depth Metamodel Predicted Depth
—

Ground Truth Depth Model With Highest Percentage Metamodel L1 Prediction Error

% &

Mean: 0.050, Std: 0.061, Max: 1.193

Prob. Base Model Prob. Sleeping Expert Model Prob. Work Expert Model Prob. Kitchen Expert Model Prob. Living Expert Model Prob. Remaining Expert Model
Mean: 0.269, Std: 0.118 Mean: 0.127, Std: 0.073 Mean: 0.209, Std: 0.057 Mean: 0.226, Std: 0.084 Mean: 0.085, Std: 0.048 Mean: 0.083, Std: 0.063
Unc. Base Model Unc. Sleeping Expert Model Unc. Work Expert Model Unc. Kitchen Expert Model Unc. Living Expert Model Unc. Remaining Expert Model

mam Base mmm Sleeping Expert Work Expert mmm Kitchen Expert Living Expert Remaining Expert

Figure 12. Meta-model ensemble prediction maps for a sample of “Kitchen”.

Prediction Maps for sample_000829 _rgb.png: (Living - Living_Room)

Input Image

Base Model Predicted Depth Metamodel Predicted Depth Ground Truth Depth Metamodel L1 Prediction Error
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Unc. Remaining Expert Model
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Figure 13. Meta-model ensemble prediction maps for a sample of “Living”.
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Prediction Maps for sample_000647_rgb.png: (Sleeping -» Youth_Hostel)

Input Image

Base Model Predicted Depth Metamodel Predicted Depth Ground Truth Depth
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Figure 14. Meta-model ensemble prediction maps for a sample of ”Sleeping”.

Prediction Maps for sample_000988_rgb.png: (Remaining - Hardware_Store)

Base Model Predicted Depth Metamodel Predicted Depth Ground Truth Depth Model With Highest Percentage Metamodel L1 Prediction Error
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Figure 15. Matamodel ensemble prediction maps for a sample of "Remaining”.
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Prediction Maps for sample_001050_rgb.png: (Remaining » Department_Store)

Input Image Base Model Predicted Depth Metamodel Predicted Depth Ground Truth Depth Model With Highest Percentage Metamodel L1 Prediction Error
= i \! e
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Figure 16. Meta-model Mode Collapse into Flat Distribution (experts are too weak)

Prediction Maps for sample_001346_rgb.png: (Remaining - Artists_Loft)
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Figure 17. Meta-model combinations are flat (experts are too similar)
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