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This appendix provides additional details supporting our
main paper. Specifically, we include:

• Theoretical Justification: We present a mathematical
formulation and proof of our proposed parallel atten-
tion mechanism in Section A.

• Training Setup and dataset details: Detailed exper-
imental configurations and training hyperparameters
used in all evaluations are described in Section B.

• Additional qualitative results on depth-estimation:
Depth-estimation results on 4K/HD images taken from
the internet and a smartphone are shown in Section C.

• Additional depth-estimation results at different res-
olutions: Section D shows depth estimation results at
different resolutions.

• Additional qualitative results on surface normal es-
timation: We have shown the Visual results and ex-
planation of Normal Estimation in Section E

• Additional qualitative comparison results on point
cloud reconstruction from depth maps: Addi-
tional side-by-side visual comparisons between Con-
FiDeNet and Marigold are provided in Section F,
demonstrating improved visual fidelity and structure
preservation.

• Additional qualitative results on video-depth esti-
mation: We report additional visual results on the
video depth estimation dataset viz., KITTI-360 and
Bonn in Section G.

A. Mathematical Proof of Parallel Attention
Technique

In this section, we present a mathematical proof to estab-
lish the efficiency of our proposed parallel attention tech-
nique. Specifically, we demonstrate that the memory com-
plexity can be significantly reduced by applying parallel
cross-attention operations over a fixed set of query em-
beddings and multiple independent key-value sets. Unlike

the traditional sequential stacking approach, which incurs a
memory complexity of O(L×Nq ×d), the parallel method
achieves a lower complexity of O(max(Nq, Nk) × d),
where Nq and Nk are the query and key lengths, respec-
tively, and d is the feature dimension. This establishes that
the parallel approach is much more memory-efficient than
the sequential setup.

Proposition 1. Given a fixed set of query embeddings
Q ∈ RB×Nq×d and multiple independent key-value sets
{(K(i), V (i))}Li=1 where K(i), V (i) ∈ RB×Nk×d, applying
parallel cross-attention operations reduces the peak mem-
ory complexity from O(L × Nq × d) (sequential stacking)
to O(max(Nq, Nk)× d) (parallel execution).

Proof. Recall that the scaled dot-product attention mecha-
nism is defined as:

Attention(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V,

where Q ∈ RB×Nq×d, K,V ∈ RB×Nk×d, and dk is the
feature dimension.

Sequential Cross-Attention: In the sequential setup, at-
tention operations are performed in a cascading manner:

Z(1) = Attention(Q,K(1), V (1)),

Z(2) = Attention(Z(1),K(2), V (2)),

...

Z(L) = Attention(Z(L−1),K(L), V (L)).

At each stage, the output Z(i) depends on the previous out-
put Z(i−1), necessitating that each intermediate activation
Z(i) is stored in memory for backward computation.
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Thus, the cumulative memory complexity in the sequen-
tial case is:

Msequential = O

(
L∑

i=1

N (i)
q × d

)
≈ O(L×Nq × d),

assuming N
(i)
q ≈ Nq remains approximately constant

across layers.
Parallel Cross-Attention: In the parallel setup, the at-

tention operations are computed independently using the
shared query Q:

Z(i) = Attention(Q,K(i), V (i)), ∀i ∈ {1, . . . , L}.

Since all attention branches are independent, they can be
computed simultaneously, and only the resulting outputs
{Z(i)}Li=1 need to be aggregated (via summation or con-
catenation) after computation.

In this case, the memory requirement is determined by
the largest individual operation, resulting in:

Mparallel = O (max(Nq, Nk)× d) ,

where Nk = maxi N
(i)
k .

Comparison: Comparing the two memory complexi-
ties:

Msequential = O(L×Nq × d),

Mparallel = O(max(Nq, Nk)× d).

Since L > 1 and Nq, Nk are of similar orders of magnitude,
it follows that:

Mparallel ≪ Msequential.

Thus, the parallel cross-attention mechanism offers sig-
nificantly lower peak memory usage compared to sequential
stacking, completing the proof.

B. Evaluation platform, training setup and
dataset details

B.1. Evaluation platform and training details

To enhance generalization in monocular depth estima-
tion, we create a unified dataset by uniformly aggregating
KITTI [7,15], NYU Depth v2 [16], and Matterport3D [4]
datasets, split into 80% training, 10% validation, and 10%
testing. This ensures comprehensive exposure to diverse in-
door and outdoor geometries, lighting, and spatial layouts.
For evaluating depth estimation from [18], we considered
Absolute Relative Error (Abs Rel), Root Mean Squared Er-
ror (RMSE), and δ1.25. To assess predictive uncertainty,
we employ AUSE, which measures the alignment between
predicted uncertainty and actual depth error. However, as
these are rank-based and lack inter-image interpretability,

we also report Absolute Relative Uncertainty (ARU) and
Root Mean Squared Uncertainty (RMSU) [14], which pro-
vide more interpretable, absolute error-aligned uncertainty
estimates.

We trained our model using a distributed setup compris-
ing 16 nodes, each equipped with 8 AMD Instinct MI300X
GPUs, providing 192 GB of HBM3 memory per GPU.
Training was performed with a batch size of 128 samples
per GPU. During training, input images were randomly re-
sized between 256×256 and 2048×2048 pixels to promote
scale robustness. To maintain computational feasibility, we
utilized eight gradient accumulation steps.

Optimization was conducted using the Adam optimizer,
with hyperparameters set to β1 = 0.9, β2 = 0.999, and
ϵ = 10−8. The initial learning rate was set to 10−4, sched-
uled via cosine decay. A linear warm-up phase lasting two
epochs was employed, starting from a learning rate of 10−6.
The model was trained for a total of 35 epochs.

To improve generalization, identical augmentations were
applied to both the input RGB images and the correspond-
ing depth maps. Augmentations included random rotations
within ±30◦, random distortions, affine transformations (in-
cluding scaling, translation, and shearing), and simulated
environmental effects such as rain and light optical occlu-
sions. Each augmentation was applied with a probability of
0.4. During the initial warm-up phase, augmentations were
frozen to stabilize early-stage training dynamics.

Furthermore, to enhance decoder flexibility without sig-
nificantly increasing the parameter count, we incorporated
Low-Rank Adaptation (LoRA [9]) modules into alternate
layers of the VQ-VAE [21] decoder. We set the LoRA rank
to 64 and used a scaling factor of α = 0.8. This configu-
ration facilitates efficient fine-tuning by enabling localized
parameter updates while preserving the expressiveness of
the pre-trained model. Together, these strategies improve
depth prediction performance, particularly in complex and
occluded environments.

B.2. Dataset-related details

We train our model using KITTI [7, 15], NYU-v2 [16],
and Matterport3D [4], covering a wide spectrum of scene
types across real-world indoor and outdoor environments.
These datasets provide complementary challenges, for ex-
ample, KITTI includes sparse outdoor scenes with dynamic
objects and occlusions; NYU-v2 [16] offers dense indoor
depth with cluttered and highly varied room layouts; Mat-
terport3D [4] captures large-scale 3D indoor environments
with diverse layouts and wide-baseline viewpoints.

For zero-shot generalization, we evaluate on four unseen
datasets: DREDS [5] (synthetic driving scenes with noise
and weather variation), nuScenes [3] (urban traffic with sen-
sor fusion and low-light conditions), Virtual KITTI [2, 6]
(controlled photorealistic variants of KITTI with perturba-



Table S.1. Comparison of depth estimation methods in terms of model size, computational cost, and inference speed at different resolutions.

Method #Parameter FlopsHD ↓ Native Output Resolution ↑ tVGA (ms) ↓ tHD (ms) ↓ t4K (ms) ↓
DPT [19] 123M - 384 × 384 (=0.15 MP) 334.43 306.60 27.8
ZoeDepth [1] 340M - 384 × 512 (=0.20 MP) 235.7 235.1 235.4
UniDepth [17] 347M 630G 462 × 616 (=0.28 MP) 178.50 183.00 198.10
Metric3D [22] 203M 477G 480 × 1216 (=0.58 MP) 217.9 263.80 398.1
Marigold [12] 949M - 768 × 768 (=0.59 MP) 5174.3 4443.60 4977.60
Metric3D v2 [10] 1.378G 6830G 616 × 1064 (=0.66 MP) 1299.6 1299.70 1390.2

PatchFusion [13] 203M - Original (tile-based) 840.12 840.29 844.59
ZeroDepth [8] 233M 10862G Original 1344.30 8795.74 3492.29
ConFiDeNet 678M 700G Original 319.23 472.65 672.57

tions), and Middlebury Stereo [20] (high-resolution indoor
stereo with fine-grained geometry and reflections). These
datasets present significant domain shifts, sensor variations,
and environmental diversity.

Our method consistently outperforms all baselines
across accuracy metrics (AbsRel, RMSE, δ1.25) and
uncertainty-aware measures (RMSU, ARU, AUSE),
demonstrating strong generalization and calibration under
both synthetic and real-world distribution shifts.

C. Additional qualitative results on depth-
estimation on 4K/HD images

Figure S.1 presents additional qualitative results of Con-
FiDeNet on a diverse set of high-resolution images (taken
from the internet) with varying aspect ratios and complex
visual content. The model demonstrates strong generaliza-
tion by producing sharp and semantically consistent depth
maps across a wide range of scenes, including natural land-
scapes, human portraits, animals, and vehicles. These
examples highlight ConFiDeNet’s ability to preserve fine
structural details and maintain depth coherence even under
challenging lighting, occlusion, and texture variations. Ad-
ditionally, Figure S.2 shows the robustness of ConFiDeNet
on images with very high resolution (around 4800 × 3400).

D. Depth estimation results at different resolu-
tions

To evaluate the inference efficiency of ConFiDeNet rel-
ative to existing monocular depth estimation approaches,
we benchmark all methods across three standard image
resolutions: VGA (640×480), HD (1920×1080), and 4K
(4032×3024). Average runtimes are reported in Table S.1,
where all measurements include preprocessing, internal re-
sizing (for fixed-resolution models), and forward inference,
ensuring consistent and fair evaluation. Computational cost
in terms of FLOPs (at HD resolution) and model parameter
counts were obtained using the fvcore library.

ConFiDeNet demonstrates a favorable trade-off between

speed and accuracy. It achieves inference times of 319 ms,
472 ms, and 672 ms at VGA, HD, and 4K resolutions, re-
spectively — significantly outperforming computationally
heavier baselines such as Marigold, PatchFusion, and Met-
ric3D v2. Despite having 678M parameters, ConFiDeNet
maintains a moderate FLOP count (700G at HD), substan-
tially lower than Metric3D v2 [10] (6830G) and ZeroDepth
(10862G), and comparable to lighter models like UniDepth
(630G). Moreover, methods such as PatchFusion [13] and
ZeroDepth suffer extreme slowdowns at higher resolutions
due to inefficient tile-based or original-resolution process-
ing, whereas ConFiDeNet remains scalable and practical
for real-time and high-resolution deployments. Overall,
these results validate that ConFiDeNet produces accurate
and uncertainty-aware depth predictions and exhibits the
computational efficiency and scalability required for em-
bodied AI and robotics applications.

E. Results on Normal estimation
Surface normal estimation and depth estimation are fun-

damentally related tasks, as both seek to recover underly-
ing 3D geometry from image data. A single positive scalar
represents the depth of each pixel, whereas the surface nor-
mals are described as three-dimensional vectors constrained
to the unit sphere. In real-world settings, ground-truth sur-
face normals are challenging to acquire outside simulation
environments or controlled laboratory conditions. Conse-
quently, surface normals are often derived from available
depth measurements; however, this approach introduces no-
table artifacts, including noise on planar regions and exces-
sive smoothness at depth discontinuities.

To address these challenges, we train our model on three
large-scale synthetic datasets that span both indoor and out-
door scenes. Notably, Hypersim and InteriorVerse offer
photorealistic renderings of diverse indoor environments,
providing rich supervision for both depth and normal es-
timation tasks.

Figure S.4 presents the qualitative results of ConFiDeNet
on the FFHQ dataset for both depth estimation and surface



Figure S.1. Additional qualitative results of ConFiDeNet on images taken from the internet

normal prediction, demonstrating the ability of the model
to recover accurate geometric information in challenging,
real-world images.



Figure S.2. Additional qualitative results of ConFiDeNet on High-Resolution images captured from a smartphone on Historic monuments
(Ellora Caves)

F. Additional visual comparison: Point cloud
from Depth Map

Figure S.3 demonstrates the superiority of ConFiDeNet
over MariGold [12] in the real-world path-planning sce-
nario. While MariGold provides competitive depth predic-
tions, ConFiDeNet demonstrates extended vertical and hori-
zontal horizons in the point cloud, enabling longer and more

feasible trajectories via standard planners (e.g., RRT* [11]).
ConFiDeNet better preserves critical scene elements, such
as right-turn pathways, which enhances downstream plan-
ning reliability.

In particular, ConFiDeNet maintains finer geometric fi-
delity, aligning closer to the actual scene structure visible in
RGB images (e.g., vehicles and road turns), while MariGold
exhibits greater depth compression in complex regions.



a) Monocular Image

b) Depthmap
(ConFiDeNet)

c) Depthmap
(Marigold)

d) Point Cloud with Path-Planning (ConFiDeNet) e) Point Cloud with Path-Planning (Marigold)

Figure S.3. Visualization of depth estimation and path planning
results. a) Monocular RGB Image. Depthmap predicted from b)
ConFiDeNet and c) Marigold [12]. Generated point cloud with
planned trajectory based on depthmap from d) ConFiDeNet and
e) Marigold. Trajectories are generated using standard planners
(e.g., RRT* [11]), and show the scene structure captured in their
depth predictions.

ConFiDeNet better preserves critical scene elements,
such as right-turn pathways, which enhances downstream
planning reliability. This improvement stems from our
model’s dense and pixel-accurate depth predictions, result-
ing in smoother color distributions and a more continuous
depth representation. These advances contribute to more
informative point clouds and enhanced real-time path plan-
ning performance. We refer the reader to the Supplementary
Material for more point-cloud visualizations.

We conduct a qualitative comparison between our pro-
posed method, ConFiDeNet, and the baseline Marigold [12]
on real-world sequences from the KITTI dataset [7,15], us-
ing reconstructed point clouds from estimated depth maps.
In the visualizations shown in Figure S.5, red boxes indi-
cate obstacles or elements visible in the RGB image but
missing in the point cloud, while green boxes denote ele-
ments present in the RGB image but not reconstructed in
the point cloud. Across multiple scenes (Examples I–V) in
Figure S.5, ConFiDeNet consistently exhibits superior re-
construction quality in both the horizontal and vertical hori-
zons. This expanded perceptual field enables capturing crit-
ical environmental cues that are often missing in Marigold’s
outputs. For instance, in Examples I–III, our model recov-
ers occluded and distant obstacles—such as parked vehicles
and roadside barriers— that are completely absent in the
Marigold reconstructions. In Example IV, traffic lights are
clearly visible in our point cloud but omitted in Marigold’s
output, underscoring the semantic degradation present in
the baseline. Example V further demonstrates our model’s
ability to generate broader and deeper spatial reconstruc-
tions, facilitating high-fidelity visualization of long-range
road geometry.

A wider field of horizon plays a pivotal role in safe and

efficient autonomous path planning. Horizontally, it pro-
vides lateral scene context crucial for lane change deci-
sions, intersection handling, and obstacle circumvention,
while vertically, it allows the perception system to antic-
ipate elevation changes, detect overhead objects, and bet-
ter localize features in urban environments. The extended
view captured by ConFiDeNet enhances both spatial cover-
age and geometric consistency, enabling downstream plan-
ners to compute trajectories that are not only smoother and
longer-term, but also safer under uncertainty. By reveal-
ing obstacles and semantic elements earlier in the plan-
ning pipeline, our model allows anticipatory planning, re-
ducing reactive behavior and improving robustness in dy-
namic scenes. These improvements in spatial perception
directly translate into more accurate, informed, and reliable
decision-making in autonomous navigation systems.

G. Additional visual comparison for Zero-shot
video depth estimation

We present additional zero-shot qualitative comparisons
on the KITTI-360 and Bonn datasets, as shown in Fig-
ure S.6 and Figure S.7 respectively. Remarkably, our
method achieves high spatial accuracy in the zero-shot set-
ting, performing comparably to or even surpassing state-
of-the-art models that are either trained or fine-tuned on
these datasets. Moreover, inspection of the y-t slices in-
dicates that while most competing approaches introduce
high-frequency artifacts, our method yields consistently
smoother results, demonstrating superior temporal con-
sistency and generalization capabilities without dataset-
specific adaptation.
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Figure S.7. Zeroshot Qualitative Comparision on Bonn dataset
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