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Accurate monocular metric depth estimation (MMDE) ’ SZ
is crucial to solving downstream tasks in 3D perception Prompt \5\

and modeling. However, the remarkable accuracy of recent
MMDE methods is confined to their training domains. These
methods fail to generalize to unseen domains even in the pres-
ence of moderate domain gaps, which hinders their practical
applicability. We propose a new model, UniDepth, capable
of reconstructing metric 3D scenes from solely single images
across domains. Departing from the existing MMDE meth-
ods, UniDepth directly predicts metric 3D points from the
input image at inference time without any additional infor-
mation, striving for a universal and flexible MMDE solution.
In particular, UniDepth implements a self-promptable cam-
era module predicting dense camera representation to condi-
tion depth features. Our model exploits a pseudo-spherical
output representation, which disentangles camera and depth
representations. In addition, we propose a geometric invari-
ance loss that promotes the invariance of camera-prompted
depth features. Thorough evaluations on ten datasets in a
zero-shot regime consistently demonstrate the superior per-
formance of UniDepth, even when compared with methods
directly trained on the testing domains. Code and models
are available at: github.com/Ipiccinelli-eth/unidepth.

1. Introduction

The precise pixel-wise depth estimation is crucial to under-
standing the geometric scene structure, with applications in
3D modeling [10], robotics [11, 63], and autonomous ve-
hicles [38, 51]. However, delivering reliable metric scaled
depth outputs is necessary to perform 3D reconstruction ef-
fectively, thus motivating the challenging and inherently ill-
posed task of Monocular Metric Depth Estimation (MMDE).

While existing MMDE methods [3, 14, 16, 40, 41, 43,
61] have demonstrated remarkable accuracy across differ-
ent benchmarks, they require training and testing on datasets
with similar camera intrinsics and scene scales. Moreover,
the training datasets typically have a limited size and con-
tain little diversity in scenes and cameras. These characteris-
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Figure 1. We introduce UniDepth, a novel approach that di-
rectly predicts 3D points in a scene with only one image as input.
UniDepth incorporates a camera self-prompting mechanism and
leverages a pseudo-spherical 3D output space defined by azimuth
and elevation angles, and depth (6, ¢, z). This design effectively
separates camera and depth optimization by avoiding gradient flow-
ing to the camera module due to depth-related error (e ).

tics result in poor generalization to real-world inference sce-
narios [52], where images are captured in uncontrolled, arbi-
trarily structured environments and cameras with arbitrary
intrinsics.

Only a few methods [21, 59] have addressed the challeng-
ing task of generalizable MMDE. However, these methods
assume controlled setups at test time, including camera in-
trinsics. While this assumption simplifies the task, it has
two notable drawbacks. Firstly, it does not address the full
application spectrum, e.g. in-the-wild video processing and
crowd-sourced image analysis. Secondly, the inherent cam-
era parameter noise is directly injected into the model, lead-
ing to large inaccuracies in the high-noise case.

In this work, we address the more demanding task of gen-
eralizable MMDE without any reliance on additional exter-
nal information, such as camera parameters, thus defining
the universal MMDE task. Our approach, named UniDepth,
is the first that attempts to solve this challenging task with-
out restrictions on scene composition and setup and distin-
guishes itself through its general and adaptable nature. Un-
like existing methods, UniDepth delivers metric 3D predic-
tions for any scene solely from a single image, waiving the
need for extra information about scene or camera. Further-
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more, UniDepth exibly allows for the incorporation of ad- niData [L3], and LeReS%8], show robust generalization by
ditional camera information at test time. training on extensive datasets. Their limitation lies in the ab-
Our design introduces a camera module that outputs asence of a metric output, hindering practical usage in down-
non-parametrid,e. dense camera representation, serving as stream applications.
the prompt to the depth module. However, relying only on Monocular Metric Depth Estimation. The introduction
this single additional module clearly results in challenges re-of end-to-end trainable neural networks in MMDE, pio-
lated to training stability and scale ambiguity. We propose neered by [4], marked a signi cant milestone, also intro-
an effective pseudo-spherical representation of the outputducing the optimization process through the Scale-Invariant
space to disentangle the camera and depth dimensions dbg loss Sliog). Subsequent developments witnessed the
this space. This representation employs azimuth and elevaemergence of advanced networks, ranging from convolution-
tion angle components for the camera and a radial compobased architectured, 27, 31, 40] to transformer-based ap-
nent for the depth, forming a perfect orthogonal space beproachesd, 41, 57, 61]. Despite impressive achievements
tween the camera plane and the depth axis. Moreover, then established benchmarks, MMDE models face challenges
camera components are embedded through Laplace spher zero-shot scenarios, revealing the need for robust general-
ical harmonic encoding. Figure 1 depicts our camera self-ization against domain shifts in appearance and geometry.
prompting mechanism and the output space. Additionally, General Monocular Metric Depth Estimation. Recent ef-
we introduce a geometric invariance loss to enhance the roforts focus on developing MMDE models,[21, 59] for gen-
bustness of depth estimation. The underlying idea is that theeral depth prediction across diverse domains. These models
camera-conditioned depth features from two views of the often leverage camera awareness, either by directly incorpo-
same image should exhibit reciprocal consistency. In par+ating external camera parameters into computatidis[1]
ticular, we sample two geometric augmentations, creating aor by normalizing the shape or output depth based on intrin-
pair of different views for each training image, thus simulat- sic properties, as seenin [1, 28, 59].
ing different apparent cameras for the original scene. However, these generalizable MMDE methods often
Our overall contribution is the rst universal MMDE  adopt speci c strategies to enhance performaeag,geo-
method, UniDepth, that predicts a point in metric 3D space metric pretraining 4] or dataset-speci c prior like reshap-
for each pixel withouanyinput other than a single image. In ing [59]. In addition, these methods assume access to noise-
particular, rst, we design a promptable camera module, an less camera intrinsics both at training and test time, also lim-
architectural component that learns a dense camera represeiting their applicability to pinhole camera models. Addition-
tation and allows for non-parametric camera conditioning. ally, SotA methods depend on a prede ned backprojection
Second, we propose a pseudo-spherical representation of theperation, blurring the distinction between learning depth
output space, thus solving the intertwined nature of cameraand the 3D scene. In contrast, our approach aims to over-
and depth prediction. In addition, we introduce a geometric come these limitations, presenting a more demanding per-
invariance loss to disentangle the camera information from spectivee.g universal MMDE. Universal MMDE involves
the underlying 3D geometry of the scene. Moreover, we ex-directly predicting the 3D scene from the input imagih-
tensively test UniDepth and re-evaluate seven MMDE State-out anyadditional information other than the latter. Notably,
of-the-Art (SotA) methods on ten different datasets in a fair we do not require any additional prior information at test
and comparable zero-shot setup to lay the ground for the gentime, such as access to camera information.
eralized MMDE task. Owing to its design, UniDepth consis-
tently sets the new state of the art even compared with nong, UniDepth
zero-shot methods, ranking rst in the competitive of cial

KITTI Depth Prediction Benchmark. MMDE SotA methods typically assume access to the cam-
era intrinsics, thus blurring the line between pure depth es-
2 Related Work timation and actual 3D estimation. In contrast, UniDepth

aims to create a universal MMDE model deployable in di-
Metric and Scale-agnostic Depth Estimationlt is crucial verse scenarios without relying on any other external infor-
to distinguish Monocular Metric Depth Estimation (MMDE) mation, such as camera intrinsic, thus leading to 3D space
from scale-agnostic, namely up-to-a-scale, monocular depthestimation by design. However, attempting to directly pre-
estimation. MMDE SotA approaches typically con ne train- dict 3D points from a single image without a proper internal
ing and testing to the same domain. However, challengesrepresentation neglects geometric prior knowledgeper-
arise, such as over tting to the training scenario leading to spective geometry, burdening the learning process with re-
considerable performance drops in the presence of minofearning laws of perspective projection from data.
domain gaps, often overlooked in benchmarks like NYU-  Sec. 3.1 introduces a pseudo-spherical representation of
Depthv2 B5] (NYU) and KITTI [18]. On the other hand, the output space to inherently disentangle camera rays' an-
scale-agnostic depth methods, including MiD&g[Om- gles from depth. In addition, our preliminary studies indi-



Figure 2. Model Architecture. UniDepth utilizes solely the input image to generate the 3D output (t bootstraps dense camera
prediction C) from the Camera Module, injecting prior knowledge on scene scale into the Depth Module via a cross-attention layer. The
camera representation corresponds to azimuth and elevation angles. The geometric invariahgg Jassférces consistency between

depth features tensors conditioned on the camera from different geometric augmentatida} (Stop-gradient is applied to the encoded
feature F) owing to the Camera Module to prevent the camera gradient from dominating the depth gradient in the encoder. The depth
output Zioq ) is obtained through three self-attention blocks interleaved with lear2atig@sampling. The nal output is the concatenation

of the camera and depth tenso@§j(Z 1og ), Creating two independent optimization spacedfaise

cate that depth prediction clearly bene ts from prior infor- as(rq;r»;r3) = K *[u;v;1]", whereK is the calibration
mation on the acquisition sensor, leading to the introduc-matrix,u andv are pixel positions in pixel coordinates, and
tion of a self-prompting camera operation in Sec. 3.2. Fur-1 is a vector of ones. Therefore, the homogeneous camera
ther disentanglement at the level of internal depth featuresrays(ry;ry) correspond t {—;; % .
is achieved through a geometric invariance loss, outlined in  Moreover, the angular dense representation can be em-
Sec. 3.3. This loss ensures depth features remain invarianbedded via the Laplace Spherical Harmonic Encoding
when conditioned on the bootstrapped camera predictions(SHE). The camera embedding tensor is de nectas
promoting robust camera-aware depth predictions. The overSHE(C);E 2 R" W d whered is the number of harmon-
all architecture and the resulting optimization induced by the ics chosenSHE(') computes the set of spherical harmonics,
combination of design choices are detailed in Sec. 3.4. i.e., fYgm with degred and ordem, and concatenating
along the channel dimension, with!,, as
3.1. 3D Representation ,
_ YL(; )= L P (cos )™ ; (1)

The general purpose nature of our MMDE method requires
inferring both depth and camera intrinsics to make 3D pre-whereP/, is the associated Legendre polynomial of degree
dictions based only on imagery observations. We design thel and ordem, and !, is a normalizing constant. In partic-
3D output space presenting a natural disentanglement of theular, the spherical harmonics on the unit sphere form an or-
two sub-tasks, namely depth estimation and camera calibrathogonal basis of the spherical manifold and preserve inner
tion. In particular, we exploit the pseudo-spherical repre- products. The total number of harmonics utilize®1s re-
sentation where the basis is de ned by azimuth, elevation,sulting from capping the degréeo 8. SHE is utilized as
and log-depthi.e. (, ,zog), in contrast to the Cartesian rep- a mathematic sounder choice compareaetg,the Fourier
resentationX,y,z). The strength of the proposed pseudo- Transform, to produce the camera embeddings.
spherical representation lies in the decoupling of camera
( , ) and depthZj,g) components, ensuring their orthogo-
nality by design, in contrast to the entanglement present inThe camera module plays a crucial role in the nal 3D pre-
Cartesian representation. dictions since its angular dense output accounts for two di-

It is worth highlighting that in this output space, the non- mensions of the output space, namely azimuth and elevation.
parametric dense representation of the camera is mathemakdost importantly, these embeddings prompt the depth mod-
ically represented as a tensér 2 RH W 2 whereH ule to ensure a bootstrapped prior knowledge of the input
andW are the height and width of the input image and the scene's global depth scale. The prompting is fundamental
last dimension corresponds to azimuth and elevation valuesto avoid mode collapse in the scene scale and to alleviate
While in the typical Cartesian space, the backprojection in-the depth module from the burden of predicting depth from
volves the multiplication of homogeneous camera rays andscratch as the scale is already modeled by camera output.
depth, the backprojection operation in the proposed repre- Nonetheless, the internal representation of the camera
sentation space accounts for the concatenation of cameranodule is based on a pinhole parameterization, namely via
and depth representations. The pencil of rays are de nedfocal length {, fy) and principal pointé, c,). The four

3.2. Self-Promptable Camera



tokens conceptually corresponding to the intrinsics are then
projected to scalar valueisg., fy, fy, ¢, ¢,.How-
ever, they do not directly represent the camera parameters,
but the multiplicative residuals to a pinhole camera initializa-
tion, namely“7 for y-components anéﬁz’r for x-components,
; _ W _ _fyH _ o -

leading tof , = % fy = 3= ¢ = %W ¢ =

°2VH , leading to invariance towards input image sizes.

Subsequently, a backprojection operation based on the in-

trinsic parameters is applied to every pixel coordinate to pro-
duce the corresponding rays. The rays are normalized andFigure 3.Impact of noise in camera intrinsics. The amount of
thus represent vectors on a unit sphere. The critical step infelative distortion {cam@) ) of the intrinsics is shown on the x-
volves extracting azimuth and elevation from the backpro-axis, while o5 performance on OOD test sets on the y-axis. Rely-
Jected rays’ effect|ve|y Creatlng a “dense” angular Cameralng on external input inhel’ently leads to being SUbjeCt to its noise.
representation. This dense representation undergoes SHE tgniDepth functions in dual regimes, with and without external in-
produce the embeddings The embedded representations trinsic. In situations of unknown intrinsics or high noise, UniDepth
are then seamlessly passed to the depth module as a prom %xhibits total robustness by bootstrapping camera predicbong.

h th | ital rol ditioning fact ™ qri contrast, with low-noise intrinsics, we leverage it for enhanced
where they play a vital role as a conditioning factor. The .. neformancequrs-CAM.
conditioning is enforced via a cross-attention layer between

the initialized feature of Depth Module 2 R" % © and camera representation and camera-prompted depth features,

the camera embeddingswhere(h; w) = ( H=16, W=16). respectively, corresponding to augmentaffonit is evident
The camera-prompted depth featubgiE 2 R" W € are that the camera representations differ when two diverse geo-
de ned as metric augmentations are applied, i€;,6 C; if T; 6 T;.

DJE = MLP(CA( D;E)); (2) Therefore, the geometric invariance loss can be expressed as

whereCA is a cross-attention block aMdLP is a Multi-
Layer Perceptron with ordC-channel hidden layer.
Figure 3 illustrates one of the main bene ts of our cam- T, T, ' (DyE1) sgD2iEs) ,;
era module. In particular, in high-noise intrinsics or camera-
agnostic scenarios, UniDepth can bootstrap the camera pre¥hereD;jE; represents the depth feature after being con-
diction, thus displaying total noise insensitivity. However, ditioned by camera prom#;, as outlined in Sec. 3.2,
we can substitute the camera module output to improve 3Dand sg() corresponds to the stop-gradient detach op-
reconstruction peak performance if any external dense cameration needed to exploiDjE, as pseudo ground-
era representation is provided. This adaptability enhancedruth (GT). The bi-directional loss can be computed as:
the model's versatility, allowing it to operate seamlessly in di- 3 (Lcon(D 1jE1; D2jE2)+ Leon(D 2jE2; D1jE1)). Itis nec-
verse setups. Moreover, Figure 3 suggests that training withessary to apply the geometric invariance laftsr the fea-

noisy self-prompts enhances the robustness of UniDepth tdures are conditioned on the viewing informatiae,, cam-
noisier external intrinsics if given at test time. era. Otherwise, the loss would enforce consistency across

features that inherently carry distinct camera information.

Leon (D 1jE1; DoJE2) = 3)

3.3. Geometric Invariance Loss

3.4. Network Design
The spatial locations from the same scene captured by dif- 9

ferent cameras should correspond when the depth modulérchitecture. Our network, described in Fig. 2, comprises
is conditioned on the speci c camera. To this end, we pro-an Encoder Backbone, a Camera Module, and a Depth
pose a geometric invariance loss to enforce the consistencjModule. The encoder can be either convolutional or ViT-
of camera-prompted depth features of the same scene fronbased {7], producing features at different “scales&. F 2
different acquisition sensors. In particular, consistency is en-R" " © B where(h;w) = ( X; %) andB = 4.

forced on features extracted from identical 3D locations. The Camera Module parameters are initialized class to-
For each image, we perforh distinct geometrical aug- kens for ViT-style or pooled feature maps for convolutional-
mentations, denoted &E; g\, , with N = 2 in our experi-  style backbones. The encoded features from the Encoder

ments. This operation involves involves sampling a rescal-Backbone are passed to the Camera Module as a stack of de-
ing factorr ~ 2Yt 11 and a relative translation on tixe tached tokens, the encoder class tokens are utilized as cam-
axist U | o.1.0:1], then cropping it to the network's input  era parameters initialization. The features are processed to
shape. This is analogous to sampling a pair of images fromobtain the nal dense representati@nas detailed in Sec. 3.2,

the same scene and extrinsic parameters but captured by difind further embedded  via SHE( ) outlined in Sec. 3.1.
ferent cameras. Lef; andD;jE; describe the predicted Note that the stop-gradient operation is necessary because



of the low variety of effective cameras compared to the im- ingStereo §6], CityscapesT], BDD100K [60], Mapillary-
age diversity. In fact, the Camera Module component easily PSD [L], A2D2 [19], ScanNet §], and Taskonomy{Z]. The
over ts and clearly dominates the overall backbone gradient.resulting dataset amounts roughly to 3M real-world images
The Depth Module is fed with the encoder features to with different cameras and domains, compareatg,Met-
condition the initial latent featurds 2 R" ¥ € via one ric3D [59] and ZeroDepth31] which exploit 8M and 17M
cross-attention layer to obtain the initial depth featuBes,  training images, respectively.
The latent feature tensbris obtained as the average of the Zero-shot testing datasetsWe evaluate the generalizability
features= along theB dimension. Furthermore, the depth of the compared models by testing them on ten datasets not
features are conditioned on the camera proripts obtain seen during training. More precisely, each method is tested
DjE as described in Sec. 3.2. The camera-prompted deptton validation splits from SUN-RGBD4E] without NYU
features are further processed via self-attention layers wheresplit, Diode Indoor $0] , IBims-1 [26], VOID [54] HAM-
the positional encoding utilized 5 and upsampled to pro- MER [25], ETH-3D [44], nuScenesH], and DDAD [20]
duce a multi-scale output. The log-depth predictfagy 2 with split proposed in41] and evaluated with of cial masks.
R" W 1 corresponds to the mean of the interpolated inter- Also, UniDepth and the models frora], 59] are zero-shot-
mediate representations. The nal 3D out@u2 RH W 3 tested on NYU-Depth V235] and KITTI [18]. In particu-
is the concatenation of predicted rays and deptly CjjZ, lar, KITTI testing is performed on the corrected Eigen-split
with Z as element-wise exponentiationDj . test set 4] with the Garg evaluation mask f], while NYU
Optimization. The optimization process is guided by a re- testing uses the evaluation mask from [28].
formulation of the Mean Squared Error (MSE) loss in the Evaluation Details. All methods have been re-evaluated
nal 3D output space (, ,ziog) from Sec. 3.1 as: with a fair and consistent pipeline. In particular, we do not
L wse (") = kV['ki + T(E['] E[']); 4) exploit any test-time augmentations. We use training image
. 3 A_ AN . _ shapes for zero-shot testing and evaluate on the same valida-
where” = 6 0 2 R% 0= (", , Zog) is the predicted o pits and masks. Unfortunately, ZeroDepth lacks full
3Doutputo =( ; ;Ze)Iisthe GT3Dvalue,and = ¢q4e reproducibility, thus we report results from the original
( : i 2)2 R®isavector of weights for each dimension paper only, and for visualization, we utilize their provided
of the outputV["] andE["] are computed as the vectors of ¢ode and weights. When methods do not report the con gu-
empirical variances and means for each of the three outputation for a speci ¢ test dataset, we use the settings of NYU
dimensions over all pixelse. " (VglL; . Note thatif ¢ =1 ang KITTI for indoor and outdoor testing, respectively. We
for a dimensiord, the loss represents the standard MSE 10ss tjlize common depth estimation evaluation metrics: root
for that dimension. If 4 < 1, a scale-invariant loss termis  ean square erroRMS) and its log variantRMSjog ), ab-
added to that dimension if it is expressed in log spaag,  spjute mean relative erroA(Rel), the percentage of inlier
for the depth dimensionqg and a shift-invariant loss term is pixels ( ;) with t%esholdl:ZS‘ , scale-invariant error in log-
gdded if that output is exp_resseql in I!near space. In particulargegle Bliog): 100 Var("og). In addition, we report point-
if only the last output dimension is con_&de_rgda., the cloud-based metrics proposed &V], namely Chamfer Dis-
one corresponding to depth, angd = 0:15is utilized, the tance CD) and F-scoreR, ), with the latter aggregated as
corresponding loss is the stand@fthg . In our experiments,  the area under the curve up1e20 of the datasets' maxi-

weset =  =1and ,=0:15 Therefore, the nal  mym depth. All methods exploit GT intrinsics during evalu-
optimization loss is de ned as ation. Nonetheless, we present results both with and without
L=1L wmse + Lecon; With =0:1 5) GT intrinsics for UniDepth.

The loss de ned here serves as a motivation for the de-Implementation Details. UniDepth is implemented in
signed output representation. Speci cally, employing a PyTorch B9 and CUDA [36]. For training, we use the
Cartesian representation and applying the loss directly to theAdamW [34] optimizer (1 = 0:9, , = 0:999) with an ini-
output space would result in backpropagation througlyy, tial learning rate oD:0001 The learning rate is divided by a
andzg errors. Howeverx andy components are derived factor of 10 for the backbone weights for every experiment
asry z andry z as detailed in Sec. 3.1. Consequently, and weight decay is set 1. As the learning rate sched-

the gradients of camera components, expressed,hyy(), uler, we exploit Cosine Annealing to one-tenth starting from
and of depth become intertwined, leading to suboptimal op-30% of the training. We run 1M optimization iterations with
timization as discussed in Sec. 4.3. a batch size of 128, each training dataset is uniformly rep-
) resented in each batch. In particular, we sample 64 images
4. Experiments and then we sample two different augmented views of the

same image for consistency loss. The augmentations include
both geometric and appearance (random brightness, gamma,
In-domain training datasets. The training dataset utilized saturation, hue shift, and grayscale) augmentations. ViT-

is the ensemble of Argoverse2d, Waymo [9], Driv- L [12] backbone is initialized with weights from DINO-pre-

4.1. Experimental Setup



Table 1.Comparison on zero-shot evaluationAll methods are tested in a zero-shot setting on eight different datasets without overlap with
any of the sets used for training. UniDeft@; Vg: UniDepthf ConvNext 3], VIiT [ 12]g. (T): DDAD [20] in training set. §): predicted
intrinsics are utilized for conditioning and backprojecting. Best viewed on a screen and zoomed in.

Method NuScenes DDAD ETH3D Diode (Indoor) SUN-RGBD VOID IBims-1 HAMMER
1" Slog# Fa" | 1" Shog# Fa" | 1" Shog# Fa" | 1" Shog# Fa"] 1" Slog# Fa"| 1" Shog# Fa" | 1" Shog# Fa"] 1" Shog# Fa"

AdaBins [3] 333 614 352 | 377 444 356 | 243 283 252 | 174 216 287 | 777 139 654 | 505 238 650 | 550 156 578 | 7.21 215 277
NeWCRF [61] | 442 494 422 | 456 349 416 | 357 261 323 | 201 185 353 | 753 119 616 | 531 223 679 | 536 147 592 | 143 149 208
iDisc [41] 394 371 345 | 284 322 258 | 356 275 314 | 238 158 334 | 837 124 710 | 553 203 686 | 489 132 554 | 258 140 326
ZoeDepth [4] | 283 315 260 | 272 317 211 | 350 176 264 | 369 128 405 | 867 958 756 | 634 159 724 | 580 109 596 | 0:72 978 210
Metric3D' [59] | 723 290 539 456 189 359 | 392 111 421 | 154 134 144 | 659 162 704 | 797 101 685 | 340 121 290

UniDepth-C 833 229 623 49:8 132 337 | 602 903 500 | 948 810 814 20:2 878 571
UniDepth-V 86:2 217 64:2 326 116 243 | 771 638 5914 | 96:6 7:05 819 133 7:41 559

832 214 593
86:4 20:3 618

866 128 851 | 79:7 892 667
894 109 857 | 239 722 371

865 128 850 | 794 888 642
90:2 109 862 | 175 7:20 365

127 930 548
256 835 538

UniDepth-C | 833 229 609
UniDepth-V* 86:2 21:7 630

831 214 573
86:4 20:3 604

229 131 254
176 11:4 214

604 901 499
774 6:36 586

923 827 752

BTS [28] 337 680 375 | 430 408 405 | 268 299 274 | 192 228 316 | 761 146 648 | 474 258 645 | 531 175 572 | 389 209 228
| | | R |

Table 2.Comparison on NYU test setThe rst ve methods are Table 3.Comparison on KITTI Eigen-split test set. The rst ve
trained on NYU and tested on it. The last four methods are tested inmethods are trained on KITTI and tested on it. The last four meth-
a zero-shot setting. UniDepfte, Vg: UniDepthf ConvNext B3], ods are tested in a zero-shot setting. UniDdpih-Vg: UniDepth-

VAT [12]g. (T): MiDaS [42] pre-trained. f ConvNext [33], ViT [12]. (T): MiDasS [42] pre-trained.

0:5 1 Fa | A:-Rel RMS RMSy CD  Slig 0:5 1 Fao | A:Rel RMS RMS;q CD Sl
Method Higher is better Lower is better Method Higher is better Lower is better
BTS [28] 661 885 740 | 109 0391 Q141 Q160 115 BTS [28] 869 962 820 | 5163 243 0089 Q42 818
AdaBins [3] 681 901 747 | 103 0365 Q131 Q156 106 AdaBins [3] 862 963 815 | 5385 238 089 Q429 810
NeWCRF [61] | 696 921 758 | 956 (333 Q119 Q147 916 NeWCRF [61] | 889 975 827 | 520 207 0078 Q388 700
iDisc [41] 745 938 782 | 861 (313 Q110 Q133 885 iDisc [41] 892 975 831 | 509 207 0077 Q380 711
ZoeDepth [4] 784 952 801 | 770 Q278 Q097 Q125 719 ZoeDepth [4] 874 965 821 | 5776 239 0089 Q431 747
ZeroDepth [21] 90:1 100 0380 ZeroDepth [21] 89:2 102 438 0196
Metric3D [59] | 763 926 778 | 9:38 (0337 Q120 Q146 913 Metric3D [59] | 889 975 829 | 533 226 0081 Q392 728

UniDepth-V

UniDepth-C 854 972 843 | 626 0232 0082 (0101 641 UniDepth-C 91:1 979 839 | 469 200 0072 0371 671
88:6 98:4 859

5:78 0:201 0:073 0:092 5:27 UniDepth-V

trained_ Pl models, anq Conv_N.ext-I73[3] is ImageNet p]- Table 2 and Table 3 display results on the two popular
pre-trained. The required training time amounts to roughly benchmark NYU $5] and KITTI [1€] Eigen-split. UniDepth

12 days_ on 8 NVIDIA A100. Ablatlons_ are c_ondu_cted W't_h sets the state of the art in these two benchmarks despite be-
three different seeds and for 100k training iterations, using ing compared with models trained on the same domain. Im-
a randomly sampled subset with a size equal to 20% of theportantly, the KITTI Depth Prediction Benchmark, which

original training set. provides a perfectly fair evaluation, underscores the excel-
lent zero-shot performance of our method and its robustness
compared to the current MMDE SotA methods, as UniDepth

Our method Consistenﬂy Outperforms previous SotA meth-ranks rst on this benchmark at the time of submission, with
ods as shown in Table 1. We particularly excel in the scale-a 15.5%improvement irSli,q over the second-best method.
invariant aspect, represented®ksg , with an average 34.0% Performance disparities are not solely attributed to dataset
improvement, and an average 12.3% improvementif@nd characteristics, as observed in the Comparison with Metric3D
FA. However, Un|Depth could fail to capture the Speci c and ZeroDepth. Despite being trained on a smaller dataset,
scene scales in certain cases) in ETH3D and IBims-1.  UniDepth outperforms both of these methods. In particu-
This pitfall is demonstrated by the drop in scale-dependentlar, UniDepth improves in; over Metric3D and ZeroDepth
metrics,e.g Fa drop is 11.8% and 31.4%, respectively, al- by 5.8% and 7.3%, respectively, on NYU (Table 2) and by
though having a clear scale-invariant improvement of 36.9%1.1% and 9.4%, respectively, on KITTI (Table 3). Moreover,
and 28.5%. Therefore, we speculate that our method wouldZoeDepth, which has a capacity similar to our ViT-based ap-
still greatly bene t from domain-speci ¢ ne-tuning. proach and is pre-trained on the diverse MiDaS dataisg [
The last two rows in Table 1 present UniDepth in its whole shows limitations in general zero-shot scenarios in Table 1,
design, namely functioning with solely the input image by exhibiting perfo_rmance comparaple to tra(_jitional MMDE
self-prompting the predicted dense camera representatiorin€thods especially on scale-invariant metrics.
as detailed in Eq. (3). Experiments show that not only is  For the sake of fair comparison, we provide in Table 4 a
the performance preserved for most of the test sets, butomparison between Metric3D, iDisc, and UniDepth where
UniDepth with the bootstrapped camera can also outperformthe latter two are retrained orstrict subset of Metric3D's
models with GT camera,.g Sliog in ETH3D and IBims-1.  data, namely accounting for one-quarter of the original Met-
On the other hand, in cases with particularly out-of-domain ric3D dataset, with same framework detailed in Sec. 4.1. The
camera types, such as ETH3D or HAMMER, bootstrapping results are two-fold: they demonstrate how UniDepth still
camera prediction results in additional noise for scaled depthsurpasses Metric3D with a subsplit of the training set, and
prediction, thus worsening results for. how MMDE SotA methods designed for single-domain can

4.2. Comparison with the State of the Art



KITTI

NYUv2

Diode

RGB & GT ZoeDepth [4] ZeroDepth [21] Metric3D [59] UniDepth Metersj A:Rel

Figure 4.Zero-shot qualitative results. Each pair of consecutive rows corresponds to one test sample. Each odd row shows the input RGB
image and the predicted pointcloud color-coded witblwarmbased on the absolute relative error. Each even row shows GT depth and the
predicted depth. The last column represents the speci ¢ colormap ranges for depth and error. (1): KITTI and NYU in the training set.

Table 4.Comparison with equivalent training setup. All meth- tion splits of training domains, whil®ut-of-Domaincorre-
ods have the same backbone, ConvNex&d pnd are tested in  gponds to zero-shot testing, as detailed in Sec. 4.1. Notably,
a zero-shot regime on KITTI Eigen-split and NYU. iDisc and | pomainresults exhibit a higher degree of homogeneity
UniDepth are retrained on a strict subset of Metric3D for 500Kk iter- compared t@ut-of-Domainwhich is noisier yet more infor-

ti in [59]. . . ’ .
ations as in [>9] mative for gauging expected performances in downstream

KITTI NYU - . ;
Method ‘ " Shag # Fa” ‘ " Slog # Fa® appll_cat|ons and in-the-wild deployment.
iDisc [41] 934 836 780 | 921 882 750 Architecture. TheOraclemodel demonstrates more robust
Metric3D [59] | 975  7:28 829 ‘ 926 913 778 scale-dependent performance during zero-shot testing com-
UniDepth | 97:9  6:66 83:8 | 97:1 6:69 84:3 pared to thé=ull model, highlighting how the proposed task

is inherently more demanding. THaselinemodel illus-

not fully exploit the training diversity. Qualitative results in trates an approach to the problem without utilizing external

Fig. 4 emphasize how the method excels in capturing theinformation and lacking a proper design for both internal

overall scale and scene complexity in a zero-shot setup.  and output space. This approach yields markedly inferior re-
. sults for bothin-Domainand Out-of-Domainscenarios in

4.3. Ablation Study terms of depth and 3D reconstruction metrics.

The importance of each component introduced in UniDepth Camera Module. In Table 5, row 3, the bene t of the Cam-

in Sec. 3 is evaluated by ablating the method in Table 5. All era Module becomes apparent, revealing a substantial dis-
ablations exploit the predicted camera representation, if notparity in the effect of this module on scale-invariant and
stated otherwise. The rst distinction involves tlgacle scale-dependent metrics for in- and out-of-domain testing.
model, which operates under ideal conditions with known This disparity stems from the absence of prior knowledge
camera information during training and testing, addressing of the model regarding scale, impeding its optimal utiliza-
a task similar to 71, 59. On the other handBaselineis tion of the diverse training set. Concentrating solely on pre-
a straightforward encoder-decoder implementation with adicting depth, rather than a complete 3D output, proves ad-
(x,y,z) output, as outlined at the beginning of Sec. 3, while vantageous in averting convergence issues during training.
Baseline++exploits the proposed pseudo-spherical repre-This is evident in comparison with methods predicting 3D,
sentation. Modules' architectures are consistent across exeither without reliance on camera information (rows 8 and
periments. Thén-Domaincolumn re ects testing on valida-  9) or in uenced by intertwined optimization (row 4), as elu-



Table 5.Ablations of UniDepth. In-Domaincorresponds to the union of the training domain's validation sets, Whiteof-Domainnvolves

the union of zero-shot testing se@®racleis the model with provided GT cameras at training and test tBaselinedirectly predicts 3D

points in Cartesian spacBaseline++in pseudo-sphericakull represents the nal UniDepth. All models have the same depth and camera
module architecture, if anyARel¢ is the mean of elementwise absolute relative error for camera intringlcsGT camera intrinsics

utilized for backprojection. The backbone used is ConvNext-L [33]. Medians and median average deviations over three runs are reported.

Ablation In-Domain Out-of-Domain

1" Sligg # Fa " ARel¢c # 1" Sligg # Fa" ARelc #
1 Oraclé | 89:06 0:03 13:15 0:02 65145 0:13 n/a | 68:11 0:17  14:78 o001 57:17 0:09 n/a
2 Ful 88:89 o0:10 13:13 o0:01  63:52 0:08 2:05 o0:01 57.06 1:48 14:83 o0:04 49:71 o0:55 13:54 o:85
3 —Camerh | 87:42 004 13:49 008 6378 0:02 n/a 48:38 0:97 1555 o0:15 45:21 0:86 n/a
4 —Spherical| 61:30 1:.00 19:36 0:09 17:89 0:11 4829 4:03 | 37:09 1:37 22:49 o0:16 21:78 0:14 87:51 111
5 —Lcon 88:53 0:07 13:24 o0:01 60:89 0:15 2:65 0:06 52:89 0:21  14:85 o0:01  45:17 0:32 14:27 o0:41
6 —Dense 87:62 0:11 13:41 o0:05s 61:33 0:54 1:91 o0:04 55:65 o0:18 15:04 o0:04 43:19 o0:24 16:61 0:41
7 —Detach 88:16 0:12 1348 0:06 64:19 o0:17 0:93 0:02 46:60 0:25 15:26 0:10 43:85 2:01  18:99 1:00
8 Baseline 77:36 0:22  21:17 o0:28  16:29 o0:26 n/a 48:19 1:02 23:05 0:45 14:29 0:36 n/a
9 Baseline++| 82:41 0:13 16:31 o0:05 41:98 0:12 n/a 51:22 o0:35 18:14 o0:05 38:27 o0:02 n/a

cidated in Sec. 3. Refraining from relying on the camera and camera over tting in zero-shot testing, and stabilizes the
also constrains the model's capacity to recover a multimodal training. The more stable training is obtained by limiting the
distribution for out-of-domain samples. The lack of a (boot- dominant effect that camera supervision has on the gradient
strapped) prior prevents the depth module from serving asof the Encoder weights compared to depth supervision.
a corrective mechanism based on an initial scale estimationCamera Representation.In row 6, the model incorporates
and imposes an unnecessary computational buraemne- a sparse camera representation, speci cally the pinhole cam-
covering the depth values from scratch. This limitation is era model with {x, fy, ¢, ¢;), leading to sparse camera
underscored by the marked variability observed for test setsprompting and scalar supervision; the camera module still
strongly out-of-distribution, such as KITTI, when compar- predicts the residual components as outlined in Sec. 3.2. This
ing the utilization or absence of camera information (rows approach hurts generalization, as evidenceARglc in the
2 and 3, respectively). In particuldfull achieves 95.2% in  out-of-domain evaluation, despite the slight improvement in
1 in KITTI, while “— Camerd obtains 58.9% for the same in-domainARelc . We speculate that the four prompts con-
test set, despite a mere 2% difference between the two vervey less robust information to the depth module than their
sions on nuScenes and DDAD. dense counterpart, resulting in inferior performance for depth

S _ _ metrics compared tbull for both in- and out-of-domain.
Optimization and Output Representation. All ablations

employ the same lodsysg , but across different output 5. Conclusion

spaces. Inrow 4, a Cartesian output space is used instead of a

pseudo-spherical from Sec. 3.1, which results in substantially!n this work, we propose UniDepth to predict metric 3D
inferior performance due to the respective intertwined formu- Points in diverse scenes relying solely on a single input im-
lation of camera and depth output spaces. Bhaseline(row age. Through meticulous ablation studies, we systematically
8) also employs a Cartesian representation, but the negativ@ddress the challenges inherent in universal MMDE tasks,
impact of this choice is less pronounced in this model be-underscoring the pivotal contributions of our work. The de-
cause of the absence of a camera module. More speci callysigned self-prompting camera allows camera-free test time
the decoder oBaselineis not conditioned on inaccurate application and renders the model more robust against cam-
prior camera and scale information as in row 4. Moreover, €ra noise. The introduced pseudo-spherical output space rep-
row 9 corresponds tBaselinewith pseudo-spherical repre- fesentation adequately disentangles the camera and depth
sentation. Comparison between row 8 and row 9 shows thatof the optimization process. Furthermore, the proposed ge-
when predicting directly the 3D outputs, the choice of the ometric invariance loss effectively ensures camera-aware
output representation is still relevant in de ning a better in- depth consistency. Extensive validations unequivocally ex-
ternal representation and optimization. Row 5 demonstrateshibit how UniDepth sets the new state of the art across mul-
the positive impact of the geometric invariance loss. This tiple benchmarks in a zero-shot regime, even surpassing in-
loss contributes to enhanced in-domain and out-of-domaindomain trained methods. This attests to the robustness and
performance by promoting the invariance of depth features€f cacy of our model and, most importantly, outlines its po-
to appearance variations owing to different camera intrinsics tential to propel the eld of MMDE to new frontiers.
Furthermore, stopping the gradient from propagating from

the Camera Module to the Encoder (row 7), as describedAcknowledgment. This work is funded by Toyota Motor

in Sec. 3.4, proves particularly bene cial in avoiding scale Europe via the research project TRACE¥ich.
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Supplementary Material

This supplementary material offers further insights into Table 7.Comparison on KITTI Eigen-split test set. The rst ve
our work. In Sec. A we provide results on the of cial KITTI methods are trained on KITTI and tested on it. The last six methods

benchmark, and standard metric evaluation on KITTI and 7€ tested in a zero-shot setting. UniDep@;Vg: UniDepth-
NYU validation set. Moreover, Sec. B includes additional ' CONVNext B3, VIT [12)g. (1): MiDas [42] pre-trained. ).
ablations, namely with VIT backbone and a comparison of predicted in
different pseudo-spherical representations. In addition, dif- ™" ‘
ferences between convolutional and ViT-based backbones re-BTS [2€] 962 994 998 820 | 563 243 Q089 042 818

X ; | . . AdaBins[3] | 963 995 998 815 | 585 238 (0089 Q429 810
garding generalization are discussed. In Sec. C, we describe NewcrF[61]| 975 997 99:9 827 | 520 207 Q078 0388 700
the datasets used for training and testing and how we pro- 'Z'f,'ch[eﬁL Ul | o6n soi 904 o1 | o765  Qose  ous 47
pose to amend Diod&()] artifacts at boundaries presentin _Metic3D[59] | 975 995 998 829 | 533 226 0081 0392 728

i i Ours-C 978 997 999 839 | 469 200 0073 0371 672
ground-truth dgpth. We analyze the <_:ompIeX|ty of UniDepth Ours-V 98:6 99:8 99:9 850 | 421 175 0:064 0:338 5:84
and compare it with other methods in Sec. D. Furthermore, = —
we describe in Sec. E the network architecture in more de- ours-v*

tail, necessarily Sec. E overlaps with Sec. 3. Eventually, ad-_I_ ble 8. C , NYU validati ¢ Th ‘
ditional visualizations are provided in Sec. F. abe 8. f.omparison on vaidation set. 'he rst ve

methods are trained on NYU and tested on it. The last six methods
are tested in a zero-shot setting. UniDep@-Vg: UniDepth-
fConvNext B3], ViT [12]g. (1): MiDaS [42] pre-trained. ):
predicted intrinsics are utilized for conditioning and backprojecting.

F A:Rel RMS L CD Slio
KITTI benchmark [ 18]. Table 6 clearly shows the com-  Method ‘ " igheris boter & wer S er o

pelling performance of UniDepth on the of cial KITTI pri- BTS [28] 885 97:8 994 740 | 109 0391 Q046 Q160 115

trinsics are utilized for conditioning and backprojecting.

A:Rel RMS RMSy CD  Slig
Lower is better

2 3 Fa
Higher is better

97:8 997 9919 808
98:6 99:8 99:9 827

477 200 Q073 Q427 @72
4:21 1:75 0:064 0381 5:84

A. Results

vate test set. Results of the latest published methods are renanchr | o1 991 se8 156 | ote 0w aod0 olsy sis

ported. The table is fetched from the of cial KITTI leader-  iDisc[41] 938 992 998 782 | 861 0313 0037 Q133 885

. . . ZoeDepth[4] | 952 995 998 801 | 7:70 (0278 Q033 Q125 719
board for depth prediction. In particular, UniDepth ranks rst  Metricap[59] | 926 979 991 778 | 9:38 0337 0038 0146 913
in the KITTI benchmark at the time of submission among  oursc ‘ 972 996 99:9 844 | 6:22 0231 0026 0101 639

. QOurs-V 98:4 997 999 85:9 | 5:78 0:201 0:024 0:092 5:27
all methods, published and not. e =

Ours-G
Ours-V

972 996 99:9 841
983 997 99:9 855

6:33 0232 Q027 Q103 640
6:04 0205 0:025 0:.094 528

Table 6.Results on of cial KITTI[ 18] Benchmark. Comparison
of performance of methods trained on KITTI and tested on the B. Ablations
of cial KITTI private test set. '

Sloy SqRel A:Rel iRMS B.1. Ablations with ViT backbone

Method Lower is better - . . -

Ablations with ViT backbone are provided in Table 9. The
MG [29] 993 168% 7.99% 10.63 trend in Table 9 is consistent with the one outlined for
URCDC-Depth [45]| 10.03 1.74% 824% 10.71  the convolutional backbone. More speci cally, the ablated
iDisc [41] 989  1.77% 811% 1073  components contribute similarly between ViT-L7 and

YEAI';’Ii:r)fsp[T;\]let [30] g:gg 1:2822 ;:ggzﬁ: 18::3“81 ConvNext-L B3] backbones. However, utilizing a ViT
NDDepth [46] 962 159% 775% 1062 backbone shows a larger variability for out-of-domain re-

sults, also showing a stronger effect of the usage of pseudo-
UniDepth | 813 1.09% 654% 8.24 spherical representation both for tBaselineandFull. The
increased susceptibility of the scene's depth scale to domain
shift is also related to the backbone comparison in Table 1.
KITTI Eigen-split and NYUv2-Depth. For the sake of  In particular, zero-shot results suggest that the convolutional
completeness, we report the “standard” metrics results in Ta-architecture exhibits superior resilience to scale-related do-
ble 7 and Table 8 on KITTI Eigen-split and NYU validation main shifts, although showing relative disadvantage in han-
set, respectively. Itis worth noting that the typical metrigs  dling appearance-related domain shifd,y consistently
and, especially,3 are saturated, thus not informative. There- favors ViT over convolutional methods, emphasizing the lat-
fore, we advocate our choice of not reporting them in the ter's diminished performance in appearance domain shifts.
main paper and prefer to repogts. Moreover, we suggest However, scale-dependent metrics do not consistently favor
in future works the use of the area under the curve of the VIT, indicating that the constrained receptive eld of convo-
metrics as a more informative and comprehensive metric, in-lutional methods yields higher robustness to domain shifts
stead of the values at xed thresholds, f 1:25 ¢, . associated with scale.
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Table 9. Ablations of UniDepth. In-Domaincorresponds to the union of the training domain's validation sets, v@hileof-Domain
involves the union of zero-shot testing se@racleis the model with provided GT cameras at training and test tiBaselinedirectly
predicts 3D points in Cartesian spaBaseline++in pseudo-sphericakull represents the nal UniDepth. All models have the same depth
and camera module architecture, if aAfRelc is the mean of elementwise absolute relative error for camera intrin)c& T camera
intrinsics utilized for backprojection. The backbone used is ViT-£][ Medians and median average deviations over three runs are reported.

Ablation In-Domain Out-of-Domain

1" Sliog # Fa" ARelc # 1" Sliog # Fa" ARel¢c #
1 Oracle 91:46 o0:09 12:12 0:02 68:35 0:14 n/a 72:17 0:44 13:07 o0:01 59:84 o0:18 n/a
2 Full 91:43 o0:05 12:06 0:06 6544 o0:84 2:19 o0:14 64.45 o0:52 13:0 o0:02 52:46 0:29 12:31 o0:61
3 —Camera 89:33 0:04 12:54 0:04 66:02 o0:27 n/a 60:67 0:22 13:4 o0:07 52:43 o0:08 n/a
4  —Lcon 90:27 0:13 12:21 o:01 63:28 0:66 1:92 o0:31 61:98 0:41  13:24 0:04 50:91 o0:16 13:11 o0:36
5 —Spherical| 32:92 o0:18 18:11 o0:08 33:62 0:.07 21.64 o0:2 | 4843 127 1853 0:35 42:85 1:18 17:16 0:79
6 —Dense 90:16 o0:15 12:23 0:01  64:19 0:03 1:83 o0:18 62:44 0:19 13:36 0:04 49:34 0:28 13:68 o0:61
7 —Detach 89:93 0:02 12:58 0:04 66:30 0:35 0:94 0:03 51:77 o0:09 13:45 0:02 4991 o0:01  14:87 o0:22
8 Baseline 21:26 0:23 2343 0:45 29:19 o0:09 n/a 34:15 0:74 20:39 0:42 40:14 o0:52 n/a
9 Baseline++| 88:84 0:11 1293 0:11 4272 o0:10 n/a 59:31 0:58 14:04 o0:03 44:12 o0:10 n/a

B.2. Alternative pseudo-spherical representation Algorithm 1 GT depth boundaries re ning.

procedure BOUNDARYREFINE(Z og)

. ) L = Laplacian(Zog; k = 5)
Sec. 3 focuses on describing the pseudo-spherical represen- ;= L1y L Loow] . Compute Laplacian

tation chosen to disentangle the two sub-tasks, namely cali- 54 threshold at 10-90 percentile

bration and depth estimation, and ablations studies con rm M=(M eye) eye . Opening with size 3
the effectiveness of disentangling the sub-tasks. In particu- M = MedianBlur( M ;k = 3)

lar, UniDepth exploits an angular pseudo-spherical represen- Z = exp(Zig) M

tation, namely based on azimuth, elevation angle, and log- return Z

depth,i.e. (, ,zog). Nevertheless, an alternative solution

to disentangle the two different sub-tasks, namely calibra-

tion and depth estimation, is to exploit the bearing vector and C. Datasets

log-depth. More speci cally, a bearing vector corresponds to

the unit-length ray represented by (ry, r;) 2 S?, with S? C.1. Datasets details

corresponding to the unit-sphere manifold. The bearing vec-

tors are obtained as the unprojection of image coordinatedDetails of training and testing datasets are presented in Ta-

based on the (pinhole) camera model. With this design, theble 12. The training datasets are processed in a way that the

output is represented by the tuptg (ry, r,, zi,g) and the interval between two consecutive RGB and GT depth frames

lossL wmse is applied seamlessly as depicted in Sec. 3, butis not smaller than one second. We do not apply any post-

with , = = ,=1and ;=0:15 processing apart from the aforementioned subsampling. The
total amount of training samples accounts for 3'743'000 sam-

ples. SUN-RGBD48] validation set involves also NY U3[]

test set. Therefore, we removed the samples corresponding

30 NYU test set to avoid any overlap between test sets. As

e _ _ per standard practice, KITTI Eigen-split corresponds to the
arct.an(;) and . arccos(ry). Table 10 gxplores the ef corrected and accumulated GT depth maps with 45 images
fectiveness of this alternative representation and compare

: . ith i Tdi f he original 697 i .
to the one presented in Sec. 3. The ablation study reporteg\/It inaccurate GT discarded from the original 697 images

in Table 10 highlights how the difference between the two
representations is marginal and, in most cases, within the un

certainty range, thus proving their similarity. The main dif- pjode [50] ground-truth depth is not perfectly accurate on
ference lies in the output space dimensionality. In principle, poundaries, in particular, a simple inspection shows how
the bearing vectors would span the enfespace. How-  depth in boundaries presents low values, but greater than
ever, the space is constrained to the unit-sphere manifold bysero. These artifacts present in the GT affect the valida-
L2 normalization. tion pipeline and results. Therefore, we design a simple
image processing algorithm, outlined in Algorithm 1, that,
Furthermore, we ablate our camera prompting with re- 'st, detects the aforementioned boundary artifacts and, sec-
spect to CAMConvs [15] in Table 11 ond, masks the depth in the corresponding neighborhoods.

However, the disentanglement in rays and log-depth can
be viewed as an alternative pseudo-spherical represent
tion, in fact, rays and angles share a direct relationship

C.2. Diode Indoor ground-truth correction
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Table 10.Ablations of speci ¢ pseudo-spherical representationin-Domaincorresponds to the union of the training domain's validation

sets, whileOut-of-Domaininvolves the union of zero-shot testing sets. All models have the same depth and camera module architecture.
ARelc is the mean of elementwise absolute relative error for camera intrinsics. Medians and median average deviations over three runs are
reported.

Ablation Backbone In-Domain Out-of-Domain

1" Sligg # Fa " ARel¢c # 1" Sliog # Fa " ARel¢c #
UniDepth ViT-L [12] 91:43 o0:05 12:06 0:06 65:44 0:84 2:19 0:14 | 64:45 o052 13:00 0:02 52:46 0:29 12:31 o061
UniDepthrays ViT-L [12] 90:93 0:02 12:19 o0:06 64:70 0:05 2:44 0:11 | 6550 0:81  13:03 o0:01 53:12 0:02 11:82 0:99
UniDepth ConvNext-L [33] | 88:89 o0:10 13:13 o0:00 63:52 0:08 2:05 0:01 | 57:06 1:48 14:83 0:04 49:71 0:55 13:54 o:85

UniDepthrays | ConvNext-L [33] | 88:55 0:31  13:24 0:10  62:58 1:11 2:74 0:13 | 55:10 0:39  14:91 o:01  46:38 0:61  15:00 0:36

Table 11.Ablate UniDepth with CAMConvs. Full is complete Table 13.Parameters and ef ciency comparison.Comparison
UniDepth, as row 2 in Tab. 5/ CAMConvsepresents UniDepth  of performance of methods based on latency, throughput, and num-

with CAMConvs [15] conditioning instead of our prompting. ber of trainable parameters. Tested on RTX3090 GPU, 32-bit preci-
Ablation ‘ In-Domain ‘ Out-of-Domain sion oat, and input image with size (480, 640). The last two rows
1" Slog # Fa " ARelc # 1" Slog # Fa " ARelc # .
y - - : - . - : correspond to the Camera and Depth Moudel evaluated indepen-
w/ CAMConvs | 87:81 13:49 60:90 2:55 54:65 15:37 43.09 16:11
Full 88:80 13:13 6352  2:05 ‘ 57:.06 14:83 49:71  13:54 dently. R18: ResNet-1&p], D161: DenseNet-16124], EN-B5:
Ef cientNet-B5-AP [55], CNXT-L: ConvNext-L [33].
Table 12.Datasets List. List of the training and testing datasets: _Methed Backbone | Latency (ms) Throughput (FPS) Parameters (M)
number of images, scene type, and method of acquisition are re- /BAZZES[]S] Eﬁés gg:g ggj ;‘;:g
ported. SfM: Structure-from-Motion. MVS: Multi-View Stereo. NewCRF [61]  SWin-L [32] 53.1 18.8 280.0
. iDisc [41] SWin-L [32] 81.1 12.3 209.2
Dataset \ Images Scene Acquisition ZoeDepth [4] BEIT-L 144.8 6.91 345.9
- ZeroDepth [21] R18 955.6 1.05 2326
A2D2 [19] 78k Outdoor LiDAR Metric3D [59]  CNXT-L 40.3 24.8 203.2
Argoverse2 [53] 403k Outdoor LiDAR B;:ggpm \C/#)ET[le] 1516664 élég 2?3‘?)
% BDD100k [60] 270k  Outdoor SfM = P - = : —
@ CityScapes [7] 24k Outdoor MVS Depth Module - 492 i 26.6
£ DrivingStereo [56] 63k Outdoor MVS
£ Mapillary PSD[1] | 742k  Outdoor SfM L
= ScanNet [g] 83k Indoor RGB-D although based on ResNet-18, we argue that this is due to the
Taskonomy [62] 1940k Indoor RGB-D expensive full-resolution cross-attention in the decoder. The
Waymo [49] 223k Outdoor LiDAR last two rows in Table 13 analyze separately the complexity
DDAD [20] 1002 Outdoor LiDAR of the sm_gle Camera and Depth Module._The Camera Mod-
Diode [50] 305 Indoor LIDAR ule is a lightweight component accounting for 13.4M pa-
5 ETH3D[44] 454  Outdoor RGB-D rameters. On the other hand, the Depth Module amounts to
) HAMMER [25] 496 Indoor Mix more than half of the total latency, despite the limited mem-
2 IBims-1[26] 100 Indoor RGB-D ory consumption. The Depth Module's high latency is due
g KITTI[18] 652  Outdoor  LIiDAR to the several (6) self-attention layers in the decoder.
F  NuScenes [5] 3k Outdoor LiDAR
NYU [35] 654 Indoor RGB-D .
SUN-RGBD[48] | 4.4k  Indoor  RGB-D E. Network Architecture
VOID [54] 800 Indoor RGB-D Encoder. We show the effectiveness of our method with

different encoders, both convolutional and transformer-based
Thanks to masking those boundaries, the corresponding resnesge.g, ConvNext B3] and ViT [12]. However, all of them

gions are ignored during validation. follow the same structure: the feature maps are extracted at
each layer and the features map corresponding to a “scale” is
D. Model Complexity obtained as the pixel-wise average. For ConvNext, we obtain

the class tokens as the average pooled feature maps. All
Table 13 displays the parameters and inference complexitybackbones utilized are originally designed for classi cation,
of UniDepth and other SotA methods. UniDepth with ViT-L thus we remove the last 3 layer®,, the pooling layer, fully
backbone is comparable to ZoeDepth in terms of ef ciency connected layer, amgbftmax layer. The feature maps are
and model parameters; however UniDepth surpasses it inattened, then LayerNormZ] (LN) and a linear layer are
terms of performance as stated in Sec. 4. Metric3D displaysapplied. The linear layer projects the features to a common
an improved ef ciency due to the fully convolutional and channel dimension of 512. The projected feature maps are
relatively low dimensionality designed in the decoder. It is interpolated to a common shape, namg@iyw) = ( H 16 16
worth highlighting how ZeroDepth presents a low ef ciency with H, W as input height and width, respectively. Two
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independent projections are utilized for the features maps, and Fig. 7 displays VOID and HAMMER. The error maps

F 2 RM" Y C B with B corresponding to the four scales, are shown after applying median-based rescaling. The rescal-
andC set to 512 as mentioned above, and the class tokensng was deemed necessary to avoid some of the error maps
2 R® B the latter fed to the Camera Module only. being completely red and not informative. Due to sparsity,
Camera Module. The camera parameters are initialized DDAD and Nuscenes GT and error maps are dilated by a
with the four class tokens extracted from the Encoder. Thefactor of 5, leading to visible GT depth and error maps.
attened and stacked feature maps from the encoder are de-

tached and used &eysandvaluesin one cross-attention

layer, where theueriescorrespond to the four camera pa-

rameters. The output is processed by a MultiLayer Per-

ceptron (MLP) with one hidden layer with dimension of

2048 and non-linear activation Gaussian Error Linear Unit

(GELU) [23]. The cross-attention and the MLP present a

residual connection. The four tokens are further processed

with two additional self-attention layers, projected to dimen-

sion one and then exponentiated. The camera parameters

are obtained a8, = W, f, = fZYH , G = W,
Cy = CTVH The dense camera representatidis obtained

by backprojecting with the predicted camera parameters:
(rx;ry;rz) = K *u;v;1]" and calculating the azimuth
and elevation angles,and , as in Sec. B. The angular rep-
resentation is embedded through the Laplace Spherical Har-
monics Embedding (SHE) leading to 81 channels, resulting
inE 2 RM W 81,

Depth Module. The depth latents are initialized as the
average of the featurésalong theB dimension. Then, the
latents are conditioned on the original feature tetseoia

one cross-attention layer where two projection @fccount

for keysandvaluesandL asqueries In addition, one MLP is
applied, seamlessly as in the Camera Module. Furthermore,
the depth features are conditioned on the camera prompts
E with one additional cross-attention layer, wh&eysand
valuesare two projections of camera embeddikgsand one

MLP as above. The features are decoded in three consecutive
stages. The rst stage applies three self-attention layers with
E as positional encoding. The features are then processed
with one ConvNext33] layer, upsampled by a factor of two,
and the channels are halved. The second and third stages are
similar, although the second stage presents two self-attention
layers and the third only one. In the second and third stages,
MLP's hidden channel dimension is sequentially halved,
too, from the initial aforementioned value of 2048. Each
stage's output is projected to a dimension one. Therefore,
the three output maps are interpolated to a common shape,
i.e. (5, %), and pixel-wise averaged. The nal log-depth
outputZeg is obtained by upsampling the obtained tensor
to the input shapeH, W). The nal depth is element-wise
exponentiation oF jog .

F. Visualization

We provide here twenty more qualitative comparisons, two
for each zero-shot test set: KITTI, NYU, Diode, ETH3D in
Fig. 5, DDAD, NuScenes, SUN-RGBD, IBims-1 in Fig. 6,
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KITTI

NYU

Diode

ETH3D

RGB & GT ZoeDepth [4] ZeroDepth [21] Metric3D [59] UniDepth Metersj A:Rel

Figure 5.Zero-shot qualitative results. Each pair of consecutive 1@vs corresponds to one test sample. Each odd row shows the input RGB
image and the absolute relative error map color-coded egitthwarmcolormap. Each even row shows GT depth and the predicted depth.
The last column represents the speci ¢ colormap ranges for depth and error. (): KITTI and NYU in the training set.



DDAD

NuScenes

SUN-RGBD

IBims-1

RGB & GT ZoeDepth [4] ZeroDepth [21] Metric3D[59] UniDepth Metersj A:Rel

Figure 6.Zero-shot qualitative results. Each pair of consecutive 1qws corresponds to one test sample. Each odd row shows the input RGB
image and the absolute relative error map color-coded editthwarmcolormap. Each even row shows GT depth and the predicted depth.
The last column represents the speci ¢ colormap ranges for depth and error. (1): DDAD in the training set.
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