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Abstract—Accurate monocular metric depth estimation
(MMDE) is crucial to solving downstream tasks in 3D perception
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 presence of
moderate domain gaps, which hinders their practical applicability.
We propose a new model, UniDepthV2, capable of reconstructing
metric 3D scenes from solely single images across domains. De-
parting from the existing MMDE paradigm, UniDepthV2 directly
predicts metric 3D points from the input image at inference time
without any additional information, striving for a universal and
flexible MMDE solution. In particular, UniDepthV2 implements
a self-promptable camera module predicting a dense camera
representation to condition depth features. Our model exploits a
pseudo-spherical output representation, which disentangles the
camera and depth representations. In addition, we propose a
geometric invariance loss that promotes the invariance of camera-
prompted depth features. UniDepthV2 improves its predecessor
UniDepth model via a new edge-guided loss which enhances the
localization and sharpness of edges in the metric depth outputs,
a revisited, simplified and more efficient architectural design, and
an additional uncertainty-level output which enables downstream
tasks requiring confidence. Thorough evaluations on ten depth
datasets in a zero-shot regime consistently demonstrate the supe-
rior performance and generalization of UniDepthV2. Code and
models are available at: github.com/lpiccinelli-eth/UniDepth.

Index Terms—Depth estimation, 3D estimation, camera predic-
tion, geometric perception, foundation model.

I. INTRODUCTION

RECISE pixel-wise depth estimation is crucial to under-

standing the geometric scene structure, with applications
in 3D modeling [!], robotics [2], [3], and autonomous vehi-
cles [4], [5]. However, delivering reliable metric scaled depth
outputs is necessary to perform 3D reconstruction effectively,
thus motivating the challenging and inherently ill-posed task
of Monocular Metric Depth Estimation (MMDE).

While existing MMDE methods [6]-[12] have demonstrated
remarkable accuracy across different 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 contain little diversity in scenes and
cameras. These characteristics result in poor generalization to
real-world inference scenarios [13], where images are captured
in uncontrolled, arbitrarily structured environments and cameras
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Fig. 1. We introduce UniDepthV2, a novel approach that directly predicts 3D
points in a scene with only one image as input. UniDepthV2 incorporates a
camera self-prompting mechanism and leverages a spherical 3D output space
defined by azimuth and elevation angles, and depth(, ¢, z). This design
effectively separates camera and depth optimization by avoiding gradient
flowing to the camera module due to depth-related error (.) compared to the
standard Cartesian representation.

with arbitrary intrinsics. What makes the situation even worse
is the imperfect nature of actual ground-truth depth which is
used to supervise MMDE models, namely its sparsity and its
incompleteness near edges, which results in blurry predictions
with inaccurate fine-grained geometric details.

Only a few methods [14]-[16] have addressed the challeng-
ing task of generalizable MMDE. However, these methods as-
sume controlled setups at test time, including camera intrinsics.
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 camera parameter noise
is directly injected into the model, leading 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 external
information, such as camera parameters, thus defining the uni-
versal MMDE task. Our approach, named UniDepthV2, ex-
tends UniDepth [17] and is the first that attempts to solve this
challenging task without restrictions on scene composition and
setup and distinguishes itself through its general and adaptable
nature. Unlike existing methods, UniDepthV2 delivers met-
ric 3D predictions for any scene solely from a single image,
waiving the need for extra information about scene or camera.
Furthermore, UniDepthV2 flexibly allows for the incorporation
of additional camera information at test time. Simultaneously,
UniDepthV2 achieves sharper depth predictions with better-
localized depth discontinuities than the original UniDepth
model thanks to a novel edge-guided loss that enhances the
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consistency of the local structure of depth predictions around
edges with the respective structure in the ground truth.

The design of UniDepthV2 introduces a camera module
that outputs a non-parametric, i.e. dense camera representation,
serving as the prompt to the depth module. However, relying
only on this single additional module clearly results in chal-
lenges related to training stability and scale ambiguity. We pro-
pose an effective pseudo-spherical representation of the output
space to disentangle the camera and depth dimensions of this
space. This representation employs azimuth and elevation angle
components for the camera and a radial component for the
depth, forming a perfect orthogonal space between the camera
plane and the depth axis. Moreover, the pinhole-based camera
representation is positionally encoded via a sine encoding in
UniDepthV2, leading to a substantially more efficient com-
putation compared to the spherical harmonic encoding of the
pinhole-based representation of the original UniDepth. Figure |
depicts our camera self-prompting mechanism and the output
space. Additionally, we introduce a geometric invariance loss to
enhance the robustness of depth estimation. The underlying idea
is that the camera-conditioned depth outputs from two views of
the same image should exhibit reciprocal consistency. In partic-
ular, we sample two geometric augmentations, creating different
views for each training image, thus simulating different appar-
ent cameras for the original scene. Besides the aforementioned
consistency-oriented invariance loss, UniDepthV2 features an
additional uncertainty output and respective loss. These pixel-
level uncertainties are supervised with the differences between
the respective depth predictions and their corresponding ground-
truth values, and enable the utilization of our MMDE model
in downstream tasks such as control which require confidence-
aware perception inputs [18]-[21] for certifiability.

The overall contributions of the present, extended journal
version of our work are the first universal MMDE methods,
the original UniDepth and the newer UniDepthV2, which pre-
dict a point in metric 3D space for each pixel without any
input other than a single image. An earlier version of this
work has appeared in the Conference on Computer Vision
and Pattern Recognition [17] and has introduced our original
UniDepth model. In [17], we have first designed a promptable
camera module, an architectural component that learns a dense
camera representation and allows for non-parametric camera
conditioning. Second, we have proposed a pseudo-spherical
representation of the output space, thus solving the intertwined
nature of camera and depth prediction. In addition, we have
introduced a geometric invariance loss to disentangle the cam-
era information from the underlying 3D geometry of the scene.
Moreover, in the conference version, we have extensively eval-
uated and compared UniDepth on ten different datasets in a
fair and comparable zero-shot setup to lay the ground for our
novel generalized MMDE task. Owing to its design, UniDepth
consistently set the state of the art even compared with non-
zero-shot methods, ranking first at the time of its appearance
in the competitive official KITTI Depth Prediction Benchmark.
Compared to the aforementioned conference version, this arti-
cle makes the following additional contributions:

1) A revisited architectural design of the camera-conditioned

monocular metric depth estimator network, which makes

UniDepthV2 simpler, substantially more efficient in com-
putation time and parameters, and at the same time more
accurate than UniDepth. This design upgrade pertains to
the simplification of the connections between the Cam-
era Module and the Depth Module of the network, the
more economic sinusoidal embedding of the pinhole-based
dense camera representations fed to the Depth Module
that we newly adopt, the inclusion of multi-resolution
features and convolutional layers in our depth decoder,
and the application of the geometric invariance loss solely
on output-space features.

2) A novel edge-guided scale-shift-invariant loss, which is
computed from the predicted and ground-truth depth
maps around geometric edges of the input, encourages
UniDepthV?2 to preserve the local structure of the depth
map better, and thus enhances the sharpness of depth out-
puts substantially compared to UniDepth even on camera
and scene domains which are unseen during training.

3) An improved practical training strategy that presents the
network with a greater diversity of input image shapes
and resolutions within each mini-batch and hence with
a larger range of intrinsic parameters of the assumed
pinhole camera model, leading to increased robustness to
the specific input distribution during inference.

4) An additional, uncertainty-level output, which requires no
additional supervisory signal during training yet allows
to quantify confidence during inference reliably and thus
enables downstream applications to geometric perception,
e.g. control, which require confidence-aware depth inputs.

The methodological novelties introduced lead to improved per-
formance, robustness, and efficiency of UniDepthV2 compared
to UniDepth across a wide range of camera and scene domains.
This is demonstrated through an extensive set of comparisons
to the latest state-of-the-art methods as well as ablation studies
on 10 depth estimation benchmarks, both in the challenging
zero-shot evaluation setting and in the practical supervised fine-
tuning setting. UniDepthV2 sets the overall new state of the
art in MMDE and ranks first among published methods in the
competitive official public KITTI Depth Prediction Benchmark.

II. RELATED WORK

Metric and Scale-Agnostic Depth Estimation. It is crucial
to distinguish Monocular Metric Depth Estimation (MMDE)
from scale-agnostic, namely up-to-a-scale, monocular depth
estimation. MMDE SotA approaches typically confine training
and testing to the same domain. However, challenges arise,
such as overfitting to the training scenario, leading to consid-
erable performance drops in the presence of minor domain
gaps, often overlooked in benchmarks like NYU-Depthv2 [22]
(NYU) and KITTI [23]. On the other hand, scale-agnostic
depth methods, pioneered by MiDaS [24], OmniData [25], and
LeReS [26], show robust generalization by training on exten-
sive datasets. The paradigm has been elevated to another level
by repurposing depth-conditioned generative methods for RGB
to RGB-conditioned depth generative methods [27] or large-
scale semi-supervised pre-training as in the DepthAnything
series [28], [29]. In particular, these two paradigms have been



Fig. 2. Model Architecture. UniDepthV2 utilizes solely the input image to generate the 3D outPyt (t bootstraps a dense camera predicti@) from

the Camera Module, injecting prior knowledge on scene scale into the Depth Module via a cross-attention layer per resolution, with 4 layers in total. The
camera representation corresponds to azimuth and elevation angles. The geometric invariahggnlpEnforces consistency between geometric camera-
aware output tensors from different geometric augmentatidnsTz). The depth outputZe ) is obtained through an FPN-based decoder that gradually
upsamples the feature maps and injects multi-resolution information. The nal output is the concatenation of the camera and dept jj&ngpysdreating

two independent optimization spaces foi,sg . The depth output is supervised with the proposed Edge-guided Normalized Lild@ss ss; . In addition,
UniDepthV2 computes a prediction uncertainty)(which is supervised with an L1-loss on the error in log space between predicted and ground-truth depth.

used extensively for other dense prediction tasks, such as semchmarks [44]. For non-Lambertian materials, methods tai-
mentation [30] and surface normal estimation [31], [32], arldred to transparent and mirror surfaces mitigate severe failure
for other modalities, notably video [33], [34]. The limitationmodes [45], [46]. Our work is complementary: we pursue
of all these methods lies in the absence of a metric outpuhiversal MMDE, aiming for a single camera-free model that
hindering practical usage in downstream applications. generalizes across such conditions through large-scale training.

Monocular Metric Depth Estimation. The introduction of . UNIDEPTHV2

end-to-end trainable neural networks in MMDE, pioneered by _
[6], marked a signi cant milestone, also introducing the optj- MOSt of the SotA MMDE methods typically assume access to

mization process through the Scale-Invariant log I&ig). the camera intrinsics, thus blurring the line between pure depth

Subsequent developments witnessed the emergence of advaficdgation and actual 3D estimation. In contrast, UniDepthV2
networks, ranging from convolution-based architectures [#MS {0 create a universal MMDE model deployable in diverse
[10], [25], [36] to transformer-based approaches [2], [11], [12§c€narios Wlthou_t r(_alyl_ng on any ot_her external mform_atlon,
[27]. Despite impressive achievements on established berifff! @s camera intrinsics, thus leading to 3D-space estimation
marks, MMDE models face challenges in zero-shot scenariB¥, design. However, attempting to directly predict 3D points
revealing the need for robust generalization against appearaff@&" @ single image without a proper internal representation
and geometry domain shifts. neglect§ geometric prior knowledgge. perspectllve geometry,
burdening the learning process with re-learning laws of per-
General Monocular Metric Depth Estimation. Recent efforts spective projection from data.
focus on developing MMDE models [14], [15], [38] for general ' gec i1-A introduces a pseudo-spherical representation of the
depth prediction across diverse domains. These models offgfiout space to inherently disentangle camera rays' angles from
leverage camera awareness, either by directly incorporatifighth. In addition, our preliminary studies indicate that depth
external camera parameters into computations [15], [39] g¥ediction bene ts from prior information on the acquisition
by normalizing the shape or output depth based on intrinsjgnsor, leading to the introduction of a self-prompting camera
properties, as seen in [14], [16], [40], [41]. A new paradigrgperation in Seclll-B. Further disentanglement at the level
recently emerged [17], [42], where the goal is to directly eshf depth prediction is achieved through a geometric invariance
mate the 3D scene from the input imagehout anyadditional |oss, outlined in Sed!I-C. This loss ensures depth predictions
information other than the RGB input. Our approach ts iRemain invariant when conditioned on the bootstrapped camera
the latter new paradigm, namely universal MMDE: we do n@jredictions, promoting robust camera-aware depth predictions.
require any additional prior information at test time, such gsrthermore, the spatial resolution is enhanced via an edge-
access to camera information. guided normalized loss on the depth prediction that forces the
network to learn both sharp transitions in depth values and at
Depth Estimation under Challenging Conditions. A par- surfaces. The overall architecture and the resulting optimization

allel line of work targets robustness when image formatigiduced by the combination of design choices are detailed in
departs from the Lambertian, well-lit assumption. Diffusion2€C- lI-E.

augmented training and guidance improve performance in rare

or adverse conditiongg. night, fog, rain, low light) [43], while A. 3D Representation

dedicated training/evaluation protocols formalize the “chal- The general-purpose nature of our MMDE method requires
lenging conditions” setting and report consistent gains acrdsgerring both depth and camera intrinsics to make 3D predic-



tions based only on imagery observations. We design the &ature mapsF ;g*, , with F; 2 R" W © and the camera
output space presenting a natural disentanglement of the tamabeddingsE where (h; w) = ( H=14; W=14). The camera-
sub-tasks, namely depth estimation and camera calibration piompted depth featurés;jE 2 R" ¥ € are de ned as
particular, we exploit the pseudo-spherical representation where N .

the basis is de ned by azimuth, elevation, and log-depth, FiJE = MLP(CA( Fi; E)); @
(', .zi0g), in contrast to the Cartesian representatio)y,¢). whereCA is a cross-attention block adLP is a MultiLayer
The strength of the proposed pseudo-spherical representaf@nceptron with ondC-channel hidden layer.

lies in the decoupling of camera,() and depth £,4) com-

ponents, ensuring their orthogonality by design, in contrast ¢¢ Geometric Invariance Loss

the entanglement present in Cartesian representation. The spatial locations from the same scene captured by dif-

It is worth highlighting that in this output space, the non- .
parametric dense representation of the camera is mathemr:xtié}aelfent cameras should correspond when the depth module is

represented as a tengdr2 R" W 2, whereH andW are the €ohditioned on the speci ¢ camera. To this end, we propose a

height and width of the input image and the last dimension Cgrcgometrlc invariance loss to enforce the consistency of camera-

responds to azimuth and elevation values. While in the typic%rlOmpted depth features of the same scene from different

: o ..~ acquisition sensors. In particular, consistency is enforced on
Cartesian space, the backprojection involves the multlpllcatlfsn ) . .
tures extracted from identical 3D locations.

of homogeneous camera rays and depth, the backprojecti%ﬁor each image, we perfori distinct geometrical augmen-
operation in the proposed representation space accounts for the g€, E . 9 g

. . ta Ipns, denoted & g%, , with N = 2 in our experiments.
concatenation of camera and depth representations. The pe.Pﬁl o . : Ur

S _ Iro. AT IS operation involves sampling a rescaling factor 2t 2:2

of rays are de ned a¢ri;ro;r3) = K *u;v;1]", whereK : ; oo
) . X . . - L and a relative translation U | ¢.1.0.1}, then cropping it to the
'S the calibration matrixi andv are pixel positions in pixel current step randomly selected input shape. This is analogous
coordinates, and is a vector of ones. Therefore, the homog P y P be- 9

) . ?6 sampling a pair of images from the same scene and extrinsic
neous camera ray$y;ry) correspond tq ™ ; -2). Moreover, X
i ry) b 4 ) t%rr?meters but captured by different cameras.QetaindZ;

this dense camera representation can be embedded via a - ) :
. . . iscrlbe the predicted camera representation and camera-aware
dard Sine encoding, where the total amount of harmonics is

. . . th output, respectively, corresponding to augmentation
er homogeneous ray dimension, hamely 128 channels in t sPth C ' ' ? )
P g y y 0I I$ evident that the camera representations differ when two

B. Self-Promptable Camera diverse geometric augmentations are applied, Cg.6 C;

The camera module plays a crucial role in the nal 3[5f Ti 8 Tj. Therefore, the geometric invariance loss can be
expressed as

predictions since its angular dense output accounts for two

dimensions of the output space, namely azimuth and elevation.  L.,n(Z1;Z5) = kTo T, ' (Z1) sSg@Z2)ki; (2)

Most importantly, these embeddings prompt the depth modul . .

to ensure a bootstrapped prior knowledge of the input scen@’%erezi represents the depth oqtput after being condmor.]ed

global depth scale. The prompting is fundamental to avo%' camera prompE;, as outlined n Sedil-B, and de_coded,

mode collapse in the scene scale and to alleviate the de ) cor_responds fo the stop-gradient detach oper_at_lon T‘eeded

module from the burden of predicting depth from scratch exploitZ, as pseudo ground truth (GT). The bidirectional

the scale is already modeled by camera output. 0SS can be computed a%(l‘m“(zl;ZZ). N L.°°”(Zz;zl))'
Nonetheless, the internal representation of the camera midS Necessary to apply the geometric invariance loss on the

ule is based on a pinhole parameterization, namely via fo&QMPONents that are camera-aware, such as the output depth

length €, f,) and principal pointd, c,). The four tokens map. Otherwise, the loss would enforce consistency across

conceptually corresponding to the intrinsics are then projectg??tures that carry camera information purposely different.

to scalar valuesi.e. , fy, fy, ¢, ¢c,. However, they

do not directly represent the camera parameters, but the mifti- Edge-Guided Normalized Loss

plicative residuals to a pinhole camera initialization, namely Modern depth estimation methods must balance global scene
5 for y-components andy- for x-components, leading to understanding with local geometric precision. While UniDepth

fx = fgw ,fy = fzyH o= oW ¢ = CZVH , leading excels at the former, it lacks accuracy in local, ne-grained
to invariance towards input image sizes. details of the geometry of the depicted scenes. To address

Subsequently, a backprojection operation based on thethis, UniDepthV2 involves a novel loss function, named Edge-
trinsic parameters is applied to every pixel coordinate to pr@uided Scale-Shift Invariant Los& £ ssi), which is explic-
duce the corresponding rays. The rays are normalized and titlysdesigned to enhance local precision. This loss is computed
represent vectors on a unit sphere. The critical step involveger image patches extracted from regions where the RGB
extracting azimuth and elevation from the backprojected ragpatial gradient ranks in the top 5%-quantile, capturing high-
effectively creating a “dense” angular camera representatioaontrast areas likely to contain depth discontinuities. Patch
This dense representation undergoes Sine encoding to prodsizes are randomly sampled between 4% and 8% of the input
the embedding&. The embedded representations are thémage's smallest dimension. By concentrating on these visually
seamlessly passed to the depth module as a prompt, where gaient regions, our model learns to distinguish between gen-
play a vital role as a conditioning factor. The conditioning is emine geometric discontinuities and misleading high-frequency
forced via a cross-attention layer between the projected encotittures that do not correspond to actual depth changes. The



loss oversamples high RGB-gradient regions so that thin, higD outputO 2 R" W 3 is the concatenation of predicted
frequency boundaries are well represented. We do not uags and depthQ = CjjZ, with Z as element-wise exponenti-
superpixels €.g. SLIC [47]) because their emphasis on reation of Z,,q. Owing to the architecture's modularity, the ray
gion uniformity suppresses thin structures and creates a nmmdleC need not come from UniDepthV2's Camera Module:
maximum-suppression-like effect that harms boundary detail.inference, it can be injected from any camera model with
For instance, structured patterns such as checkerboard textkresvn parameters and a speci ed unprojection operator.

or repetitive details on at surfaces can falsely suggest dep@btimization. The optimization process is guided by a re-

variations, leading to hallucinated discontinuities. formulation of the Mean Squared Error (MSE) loss in the nal
Our approach discourages such errors by enforcing locg) output space ( ,zig) from Sec. IlI-A as:

consistency between the predicted and ground-truth depth. At

nwy — " T " "y -
each selected patch location, we apply a local normalization L wse (") = KV['Tky + R /(\E[ 1 ElD: (4)
step where both the predicted depth and ground-truth depth ateere” = 6 o 2 R3, 6 = (] 7 2og) is the predicted
independently aligned in scale and shift based on the patcB9 output,o =( ; ;z,,) is the GT 3D value, and =

statistics. This ensures that the loss directly measures shape ; ) 2 R? is a vector of weights for each dimension
consistency rather than absolute depth values, making it robaéthe output.V["] andE["] are computed as the vectors of
to variations in depth scale across different scenes. Speci calynpirical variances and means for each of the three output

our loss function is formulated as: dimensions over all pixels,e. f"'gl, . Note that if 4 =1 for
L . o a dimensiord, the loss represents the standard MSE loss for
Lee ssi(D;D 7)) = Nt (D) N (D)l (3) that dimension. If ¢ < 1, a scale-invariant loss term is added

t2 to that dimension if it is expressed in log spaeg). for the

whereD andD are the predicted and ground-truth inversdepth dimensiorzog, or a shift-invariant loss term is added if
depth, is the set of extracted RGB patches, dhd repre- that output is expressed in linear space. In particular, if only the
sents depth values within patth The functionN, () denotes last output dimension is considerdads. the one corresponding
the standardization operation via subtracting the median aeddepth, and , = 0:15 is utilized, the corresponding loss is
dividing by the mean absolute deviation (MAD) over the patcthe standardlieg. In our experiments, we set = =1

I'. A key advantage of this formulation is that it penalizes twand , = 0:15. In addition, we extended the optimization with
distinct failure cases: (i) regions where the model ignores strotige supervision for the uncertainty prediction de ned as an
chromatic cues, failing to capture a true depth discontinuityl loss between the predicted uncertainty and the detached
and (ii) regions where the model incorrectly exploits changesror in log space between predicted de@hq) and GT depth
solely in appearance, hallucinating depth discontinuities t}‘(allog). More formally,

do not correspond to actual geometric edges. Since random Lis= k 7 7 ke 5
patch extraction is computationally inef cient in standard ML Lt = S9(Ziog  Ziogh)K1; )
frameworks such as PyTorch, we implement a custom CUDWith sg() referring to the stop gradient operation. Therefore,
kernel, accelerating loss computation by 20x. the nal optimization loss is de ned as

. L=L mse * Lcon* Lec ssi*+ Lui; ®)
E. Network Design with (; ;) =(0:1;1:0,0:1):

Architecture. Our network, described in Fig. 2, comprises an The loss de ned here serves as a motivation for the designed
Encoder Backbone, a Camera Module, and a Depth Modwatput representation. Speci cally, employing a Cartesian rep-
The encoder is ViT-based [48], producing features at fowssentation and applying the loss directly to the output space
different “scales”,i.e. fFigt,, with F; 2 R" W € where would result in backpropagation througk, ), andzg errors.
(h;w) = (£ ¥. However,x andy components are derived ag z andry z

The four Camera Module parameters are initialized as clags detailed in Sedll-A . Consequently, the gradients of cam-
tokens present in ViT-style backbones. After this initializatiogra components, expressed by, (ry), and of depth become
they are (i) processed via 2 layers of self-attention to obtain threertwined, leading to suboptimal optimization as discussed
corresponding pinhole parameters which are used to prodirc&ec.l\V-C. Depth estimators often entangle image shape with
the nal dense representatidd as detailed in Sedll-B, and scene scale by implicitly encoding aspects of the camera param-
(ii) further embedded td& via a Sine encoding. eters within the image dimensions [14]. This reliance on xed

The Depth Module is fed with the four feature mdfs g,  input shapes can limit their ability to generalize across different
from the encoder. Each feature mBp is conditioned on the image resolutions and aspect ratios. In contrast, UniDepthV2
camera prompt& to obtainD JE as described in Sedll-B  is designed to be robust to variations in image shape, ensuring
with a different cross-attention layer. The four feature maplat the predicted scene geometry and camera FoV remain
are then processed with an FPN-style decoder where the “tatnsistent regardless of input resolution. This exibility allows
eral” convolution is transposed convolution to match the Vithe model to adapt to different computational constraints, strik-
resolution to the resolution of the different layers of the FPg a balance between ner detail and processing speed while
The log-depth predictioZi,g 2 R? W ! corresponds to the maintaining global scene accuracy. To achieve this robustness,
last FPN feature map which is upsampled to the original inpwe train on dynamically varying image shapes and resolutions,
shape and processed with two convolutional layers. The nahsuring that the model learns to infer depth consistently across



DDAD TUM-RGBD IBims-1

Sintel

RGB & GT UniDepth [17] Metric3Dv2 [16] DepthPro [42] UniDepthVv2 Depth A:Rel

Fig. 3. Zero-shot qualitative results. Each pair of consecutive rows corresponds to one test sample. Each odd row shows the input RGB image and the 2D
error map color-coded withoolwarmbased on the absolute relative error. Each even row shows GT depth and the predicted point cloud. The last column
represents the speci ¢ colormap ranges for depth and error. (1): DDAD domain in the training set.

a wide range of input conditions. Speci cally, we sample inthe generalizability of models by testing them on ten datasets
ages with variable pixel counts between 0.2MP and 0.6M#t seen during training, grouped in different domains that
allowing the model to operate effectively across diverse reswe de ned based on indoor, outdoor or “challenging” settings.
lutions without being biased toward a single xed input size.The indoor group corresponds to the validation splits of SUN-
RGBD [72], IBims [73], and TUM-RGBD [74], the outdoor
IV. EXPERIMENTS group comprises ETH3D [75], Sintel [76], DDAD [77], and
A. Experimental Setup NuScenes [78], while the “challenging” domain is composed

o ) o of HAMMER [79], Booster [46], and FLSea [80].
Data. The training data is the combination of 23

publicly available datasets: A2D2 [50], Argoverse2 [51Evaluation Details. All methods have been re-evaluated with a
ARKit-Scenes [52], BEDLAM [53], BlendedMVS [54], fair and consistent pipeline. In particular, we do not exploit any
DL3DV [55], DrivingStereo [56], DynamicReplica [57],test-time augmentations, and we utilize the same weights for
EDEN [58], HOI4D [59], HM3D [60], Matterport3D [61], all zero-shot evaluations. We use the checkpoint corresponding
Mapillary-PSD [41], MatrixCity [62], MegaDepth [63], Ni-to the zero-shot model for each methag, not ne-tuned
anticMapFree [64], PointOdyssey [65], ScanNet [66], Scapn KITTI or NYU. The metrics utilized in the main experi-
Net++ [67], TartanAir [68], Taskonomy [69], Waymo [70],ments are !, Fa, and A. 1 measures the depth estimation
and WildRGBD [71] for a total of 16M images. We evaluat@erformanceF, is the area under the curve (AUC) of F1-



TABLE |
RESULTS FOR INDOOR DOMAINS . ALL METHODS ARE TESTED IN A ZERGSHOT FASHION MISSING VALUES (-) INDICATE THE MODEL'S INABILITY TO
PRODUCE THE RESPECTIVE OUTPUTH: REQUIRES GROUNBTRUTH (GT) CAMERA FOR 3D RECONSTRUCTION }: REQUIRESGT CAMERA FOR 2D DEPTH
MAP INFERENCE

SUNRGBD IBims-1 TUM-RGBD
Method 1" ARel # Fp" " 1" ARel # Fp" " 1" ARel# Fp"
Metric3D* [14] 1:9 487 - - 75:1 19:3 - - 7.7 611 -
Metric3Dv2'* [16] | 81:2 133 - - 68:4 20:7 - - 63:0 9:3 -
ZoeDeptH [38] 80:9 13:6 - - 49:8 21:5 - - 55:6 336 - -
UniDepth [17] 94:3 10:4 786 858 15:7 41:0 30:3 76:6 | 72:3 172 54:8 868
MASIt3R [49] 80:1 14:4 715 920 | 610 19:7 55:7 760 52:4 279 441 937
DepthPro [42] 83:1 133 711 893 | 823 17:0 628 759 | 56:9 19:9 481 965
UniDepthV2-Small | 90:8 10:5 742 877 | 86:6 135 624 675 | 69:0 23:6 506 86:1
UniDepthV2-Base | 94:4 8:4 7999 911 | 897 11:1 685 765 | 77:5 20:7 57:3 894
UniDepthV2-Large | 96:4 6:8 84:6 93:4 | 945 7:8 70:9 741 | 90:5 22:1 62:9 896

TABLE Il
RESULTS FOR OUTDOOR DOMAINS. ALL METHODS ARE TESTED IN A ZERGSHOT FASHION MISSING VALUES (-) INDICATE THE MODEL'S INABILITY TO
PRODUCE THE RESPECTIVE OUTPUT: REQUIRES GROUNBTRUTH (GT) CAMERA FOR 3D RECONSTRUCTION }: REQUIRESGT CAMERA FOR 2D DEPTH
MAP INFERENCE FOR DDAD, METRIC3D AND METRIC3DV2 ARE EXCLUDED FROM EVALUATION AS THEY ARE TRAINED ON IT.

Method ETH3D Sintel DDAD NuScenes

1" ARel# F1" " 1" ARel# F1" " 1" ARel# Fp1" " 1"  ARel# Fi"
Metric3D'¥ [14] 19:7 1368 - - 1.4 1055 - - n/a n/a n/a nla| 7514 237
Metric3Dv2# [16] | 90:0 12:7 - - 34:5 43:9 - - n/a n/a n/a n/a| 841 23:6
ZoeDepth [38] 33:8 54:7 - - 5:6 95:9 - - 279 50:9 - - 33:8 42:.0 - -
UniDepth [17] 185 533 27.6 426 | 13:2 124:6 40:2 656 | 858 12:5 72:8 98:1 | 846 127 64:4 97:7
MASt3R [49] 21:4 45:3 284 92:2 17:2 71:6 41:5 72:2 4:3 56:7 22:1 74:6 2:7 65:6 13:6 783
DepthPro [42] 397 65:2 412 774 | 26:2 1334 497 752 | 299 37:3 421 830 | 56:6 28:7 465 791
UniDepthV2-Small | 64:6 1132 443 784 | 146 107:7 3721 735 | 833 16:4 685 947 | 821 18:3 597 96:2
UniDepthV2-Base | 75:4 70:1 535 91:4 | 31.9 50:1 51:8 759 | 868 14:2 71:4 961 | 853 16:2 636 966
UniDepthV2-Large | 85:2 16:6 59:3 926 | 344 61:0 51:.4 76:3 | 88:2 13:8 73:3 96:7 | 87:0 15:.0 66:7 97:2

score [81] up to1=20 of the datasets' maximum depth androm 30% of the whole training. We run 300k optimization iter-
evaluates 3D estimation accuracy, [82], [83] evaluates the ations with a batch size of 128. The training time amounts to 6
camera performance and is the AUC of the average anguliays on 16 NVIDIA 4090 with half precision. The dataset sam-
error of camera rays up to 15We do not use parametricpling procedure follows a weighted sampler, where the weight
evaluation ofe.g. focal length, since it is a less exible metricof each dataset is its number of scenes. Our augmentations are
across diverse camera models and perfectly unrecti ed imagesth geometric and photometrice. random resizing, cropping,
Moreover, we present the ne-tuning ability of UniDepthV2and translation for the former type, and brightness, gamma,
by training the nal checkpoint on KITTI and NYU-Depth V2 saturation, and hue shift for the latter. We randomly sample
and evaluating in-domain, as per standard practice. the image ratio per batch between 2:1 and 1:2. Our ViT [48]
Con dence predictions are evaluated with speci ¢ and estabackbone is initialized with weights from DINO-pretrained [35]
lished metrics such a8USE[34] (w.r.t. 1) and its normalized models. We train three models, one for each available ViT
version (AUSB and Spearman's . AUSE ranks pixels by backbonej.e. Small, Base, and Large, corresponding to the
predicted uncertainty, progressively masks the most uncertdlniDepthV2 variants “-Small”, “-Base”, and “-Large”. For the
fraction, recomputes; at each step, and integrates the gagblations, we run 100k training steps with a ViT-S backbone,
to the oracle curve (ranking by true error). Oracle's AUSWIth the same training pipeline as for the main experiments.
is 0 by de nition and nAUSE is AUSE normalized by the Because the ablation runs use a shorter schedule and a xed
random errorj.e. NAUSE = 1 equalsrandom is the rank ViT-S backbone, the ablation “ nal” model is not directly com-
correlation between predicted uncertainty and per-pixel erfgarable to the main UniDepthV2-Small results in Tabs. | to IIl.
(1 perfect ordering0 no monotonic relationg 0 inverted).
Both metrics therefore assess ranking quality: AUSE undgr Comparison with The State of The Art

progressive masking andas a global monotonicity check. We evaluate our method on a total of ten zero-shot valida-

Implementation Details. UniDepthV2 is implemented in tion sets. The domains cover indoor, outdoor, and challenging
PyTorch [85] and CUDA [86]. For training, we use thescenese.g. underwater or transparent objects, shown in Tables |
AdamW [87] optimizer (1 =0:9, » =0:999 with an initial to Ill, respectively. Our model performs better than or at least
learning rate o5 10 °. The learning rate is divided by aon par with all baselines, even outperforming methods that
factor of 10 for the backbone weights for every experimentquire ground-truth camera parameters at inference time, such
and weight decay is set 1. We exploit Cosine Annealing asas [14], [16]. Notably, UniDepthV2 excels in 3D estimation,
learning rate and weight decay scheduler to one-tenth starteng re ected in theF4 metric, where it achieves a consistent



TABLE Il
RESULTS FOR CHALLENGING DOMAINS. ALL METHODS ARE TESTED IN A ZERGSHOT FASHION MISSING VALUES (-) INDICATE THE MODEL'S INABILITY
TO PRODUCE THE RESPECTIVE OUTPUTH: REQUIRES GROUNDTRUTH (GT) CAMERA FOR 3D RECONSTRUCTION ¥: REQUIRESGT CAMERA FOR2D
DEPTH MAP INFERENCE

Method HAMMER Booster FLSea

1" ARel # Fa " A" 1" ARel # Fa " A" 1" ARel # Fa " A"
Metric3D* [14] 0:9 122:5 - - 1.2 201:2 - - 0.7 117:9 -
Metric3Dv2™* [16] | 65:3 21:4 - - 9:1 69:0 - - 17:5 85:7 -
ZoeDepth [39] 0:9 90:2 - - 285 527 - - 157 1611 - -
UniDepth [17] 1:8 56:9 52:1 55:3 42:9 34:7 427 737 29:9 70:2 53:6 71.0
MASIt3R [49] 2:2 69:7 381 86:5 | 379 46:1 439 696 | 267 41:5 536 675
DepthPro [42] 29:4 375 71.0 691 | 584 257 111 - 10:6 1452 4.0 4.7
UniDepthV2-Small | 30:6 321 570 656 | 544 30:3 486 701 | 72:3 20:6 905 872
UniDepthV2-Base | 89:7 22:4 685 765 | 62:1 24:4 55:1 75:2 | 8911 12:2 95:3 93:1
UniDepthV2-Large | 64:5 17:5 749 783 | 67:6 19:6 57:9 66:6 | 90:5 12:1 95:9 92:8

TABLE IV
EDGE EVALUATION . SCALE-INVARIANT BOUNDARY F1 ON ETH3D,
IBIMS-1, AND SINTEL FOLLOWING THE PROTOCOL OH42]. T: INFERENCE
PERFORMED AT FIXED RESOLUTION OFAL536 1536 INSTEAD OF THE
INPUT ORIGINAL.

Method | ETH3D | IBims-1 | Sintel
Metric3Dv2 [16] 2:86 13:48 23:03
ZoeDepth [38] 0:75 4:16 2:63
UniDepth [17] 0:22 2:64 0:42
MASI3R [49] 0:60 1:45 1:08
DepthPrd [42] 4:04 19:38 29:24

UniDepthV2-Small 2:13 10:53 20:58
UniDepthV2-Base 2:99 12:93 28:25
UniDepthV2-Large | 2:95 13:75 33:08

Fig. 4. Insensitivity to image shape.UniDepthV2 is trained with a variable

input shape pipeline in addition to random resizing for each of the image pajigq | tions within the same distributed batch. Combined with
The proposed training strategy improves the robustness in terms of predlcte§ )

depth scale and accuracys to the input image's shape compared to twdc@mera conditioning and invariance learning, this approach en-
other state-of-the-art methods. hances the model's robustness to changes in input image shape.

) ) Figure 4 quanti es this effect: the y-axis represents normalized
improvement ranging from 0.5% to 18.1% over the secongatric accuracy ¢ scaled by the method's maximum value),

best method. Additionally, it outperforms UniDepth [17] iRyhjle the x-axis varies the image shape. The normalization
nearly all cases, except for the metric on IBims-1, DDAD, ensyres a consistent scale across models. UniDepthV2 is almost
and NuScenes. Moreover, we evaluate and compare inferefggyiant to image shape, demonstrating that it can effectively

ef ciency in Table VIIl. All models are run with the same setyrade off resolution for speed without sacri cing accuracy, as
tings. UniDepthV2 is among the fastest and most ef cient, eVeflearly illustrated in Figure 4.

though it requires an additional module for camera prediction.
This demonstrates that our proposed version is a signi cantAs shown in Figure 5, increasing input resolution causes
step forward in both performance and ef ciency. However, thePS to drop roughly inversely with resolution, while peak GPU
camera parameter estimatior( sees only marginal improve-memory grows near-quadratically. UniDepthV2 is around 2
ments, indicating that the limited diversity of training camera@ster than the baselines up t@ Megapixel with a comparable
remains a challenge that could be addressed with additiofz@mory footprint, but beyond 5 MP all methods become
camera-only training, as suggested in [42]. memory-bound % 15 GB) and converge to sub-FPS through-
put. In practice, GPU memory sets the feasible operating point,
Table V and Table VI show results for models ne-tuned omotivating our shape-invariant inference that can trade resolu-
the NYU and KITTI training sets and evaluated on their respe@n for speed without sacri cing accuracy (Figure 4). Table IV
tive validation splits, following standard protocols. Fine-tuningpllows protocol from [42], but it is important to note a reso-
performance serves as an indicator of a model's ability to spetion asymmetry: DepthPro is evaluated at a xed high input
cialize to speci c downstream tasks and domains. UniDepth 1536 1536 whereas other models that are more exible
effectively adapts to new domains and outperforms methods.t. input, such as UniDepthV2, are run at the native input
with similar capacity that were pre-trained on large, diversesolution, which is typically between one-sixth to one—quarter
datasets before ne-tuning on NYU or KITTI, such as [16]of DepthPro's. Since boundaffy; improves with input resolu-
[29], [38]. This is particularly evident in the outdoor settindion, i.e. sharper and less aliased contours lead to higher true-
(KITTI), as shown in Table VI. As detailed in Sectioi-E, our positive matches, DepthPro's scores are in ated by resolution.
training strategy incorporates variable image aspect ratios dkn under this stricter setting, UniDepthV2-Large attains the



TABLE VI
COMPARISON ON KITTI E IGEN-SPLIT VALIDATION SET . ALL MODELS
ARE TRAINED ONKITTI EIGEN-SPLIT TRAINING AND TESTED ON THE
CORRESPONDING VALIDATION SPLIT THE FIRST4 ARE TRAINED ONLY ON
KITTI. THE LAST 4 ARE FINE-TUNED ONKITTI.

1 2 3 A:Rel RMS RMS o
Method Higher is better Lower is better o
BTS [40] 96:2 994 998 5:63 2:43 0:089
AdaBins [3] 96:3 995 998 5:85 2:38 0:089
NeWCREF [11] 97,5 997 999 5:20 2:07 0:078
iDisc [12] 97,5 997 999 5:09 2:07 0:077
ZoeDepth [38] 965 991 994 5:76 2:39 0:089
Metric3Dv2 [14] 985 99:8 100 4:40 1:99 0:064
DepthAnythingv2 [29] | 98:3 99:8 100 4:50 1:86 0:067

UniDepthV2 -Large | 98:9 99:8 999 | 3:73 1:71 0:061

TABLE VII
UNCERTAINTY EVALUATION . “I N-DOMAIN" USES THE VALIDATION SPLITS
OF THE TRAINING DATASETS “ZERO-SHOT’ EVALUATES ON UNSEEN
DATASETS. AUSE [84] IS THE AREA UNDER THE SPARSIFICATION ERROR
CURVEW.r.t. 1 SCORE AND NAUSE IS THE NORMALIZED VERSION
WHERE O = ORACLE, 1 =RANDOM. IS THE SPEARMAN RANK
CORRELATION BETWEEN PREDICTED UNCERTAINTY AND ERROR

Fig. 5. Impact of resolution on memory and runtime. Frames-per-second  \oqel ‘ In-domain . ‘ Zero-shot
(top) and peak memory (bottom) versus input resolution in Mega Pixels (log- AUSE # nAUSE # AUSE # nAUSE #
scale). Missing points at 32MP are due to OOM. UniDepthV2-Small | 0:020 0:221 0:682 | 0:040 0:539 0:289
UniDepthV2-Base | 0:018 0:212 0721 | 0:034 0:637 0:291
TABLE V UniDepthV2-Large | 0:017 0:199 0744 | 0:032 0:645  0:299
COMPARISON ON NYU VALIDATION SET . ALL MODELS ARE TRAINED ON
NYU. THE FIRST4 ARE TRAINED ONLY ON NYU. THE LAST 4 ARE All reported metrics correspond to the aggregated zero-shot

FINE-TUNED ONNYU.

performance across datasets, as detailed in Sec. IV-A.

Method 1 2 3 A:Rel RMS Log 19

ST 88-|_5“ghe;7l-sgben:;-4 10_9L°W2_r3'31be“e(;_046 Architecture.  Table 1X outlines the key modications
AdaBins [2] 901 983 996 | 103 0365 oo4s that transform the original UniDepth [17] architecture into
NeWCRF [11] 921 991 998 | 966 0:333 0040  UniDepthV2. The rst major change is the removal of spheri-
iDisc [12] 93:8 992 998 | 861 0:313 0037 : ) ; o ;
ZoeDepth [25] 952 995 998 | 770 0278  0:033 f:al hgrmonlcs (SH)-based encoding, Whlch_ls computlatlonally
Metric3Dv2 [16] 98:9 99:8 100 | 470  0:183 0:020 inef cient. Instead, we revert to standard Sine encoding (row
DepthAnythingv2 [2°]] 984 99:8 100 | 560 0206 0024 2y \whjle the difference in performance is minimal in our

UniDepthV2 -Large | 98:8 99:8 100 | 4:68 0:180 0:020  getyp, we hypothesize that the encoding's impact diminishes
as the model bene ts from larger and more diverse training
best result on Sintel and remains competitive on ETH3D auwldta across different cameras. Next, we eliminate the attention
IBims-1 and clearly outperforms the original UniDepth. mechanism in row 3 due to its high computational cost. This
removal results in a signi cant performance dr@y. -4.3%
for i, but yields a greater than 2x improvement in ef ciency.
C. Ablation Studies In row 4, we replace the pure MLP-based decoder with ResNet
blocks, introducing spatié8 3 convolutions. This modi ca-

. . . . n enhances performance by leveraging local spatial structure
UniDepthV2 in Sec. Ill is evaluated by ablating the metho, P y ging P

. ’ . hile inducing a minimal impact on ef ciency. Finally, row 5
in Tables IX, X, XI, and XII. All ablations exploit the pre-. g P Y Y

dicted tat it not stated otherwise. Tabl integrates a multi-resolution feature fusion from the encoder
Icted camera representation, 1t not stated otherwise. Table yfy, o decoder, following an FPN-style design. This nal ar-

evaluates the '”.‘paCt of various ar.chltectl'JraI modi cation itecture signi cantly reduces computational cost while pre-
compared to UnlDep'gh [1.7], analyzing their effect; on bot erving overall performance: the nal model (row 5) achieves
performance and ef ciency. Table X assesses the_lmportarﬁ%”ar performance to the original UniDepth (row 1) while

of the proposgd loss funcUon_(S_dd.—D_) and examines the_ requiring only one-third of the computation. Row 6 reports
effect of applying the geometric invariance loss originally Mhe full UniDepthV2 con guration,i.e. the architecture from

troc_juced n U_nlDepth [ ]. (Sectll-p) |n_d|fferent_ spaces. Th.e.row 5 with training augmented with the proposed losses.
rationale behind our design choices is to maintain simplicity

while maximizing effectiveness. Additionally, in Table XI welLgg ssi Loss. The effectiveness of the proposkds ss
analyze the role of camera conditioning and report results fass, detailed in Sedll-D, is evaluated in row Zs row 3
the original UniDepth under the same training and evaluatiaf Table X. Introducing this loss results in a 4.7% improve-
setup as our method for a direct comparison. The evaluatiomignt in ; and a 1.8% improvement iR, demonstrating its
based on four key metricsi, which measures metric depthcontribution to both metric accuracy and 3D estimation. In-
accuracy;Slieg, Which assesses scale-invariant scene gearestingly, despit g ss) not explicitly supervising camera
etry; Fa, which captures the 3D estimation capability; andarameter estimation, the, metric also shows improvement.
A, Which evaluates monocular camera parameter estimatibhis suggests that the loss contributes to a less noisy training

The importance of each new component introduced
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KITTI

Sintel

RGB UniDepth [17] UniDepthV2 w/dLgc  ssi UniDepthVv2

Fig. 6. Comparisons of predicted edgesEach row displays the input RGB image and the 2D depth maps predicted by compared methods, color-coded with

the magma reverseolormap with a range between 0 and 50 meters. Better viewed on a screen and zoomed in.

TABLE VI TABLE X
EFFICIENCY RESULTS . INFERENCE EFFICIENCY RESULTS FOR ALL L OSS ABLATIONS. Lgg ss| REFERS TO EITHER EMPLOYING OR NOT THE
METHODS. HARDWARE 1S A AGOOOWITH MIXED PRECISION AND 0.5 PROPOSEDEDGE-GUIDED NORMALIZED LOSS; O ., INDICATES THE
MEGAPIXEL IMAGES, ALL METHODS USE A VIT BACKBONE; VIT-LARGE OUTPUT THERE THE GEOMETRY CONSISTENCY LOSS IS APPLIED TO

FOR COMPETING METHODS T: INFERENCE ON NATIVE1536 1536 Zero-shot Test

RESOLUTION. ¥: CONVNEXT-L BACKBONE. Lec ssi oL con " S| 4 OFa " "
Method | Latency (ms) Params (M) FLOPS (T) Memory (GiB) ! log A A
Metric3D* [14] 29:6 2032 0:90 171 1 7 DJE 54:5 16:3 56:0 779
Metric3Dv2 [16] 133:6 411:9 3:47 350 2 7 Z 55:3 16:2 56:1 78:2
ZoeDepth [38] 64.8 3461 2:08 2:.02 3 3 7 60:0 15:3 57:9 79:8
UniDepth [17] 91:.0 3470 2:02 281
MASt3R [49] 357:3 688:6 319 494
DepthPrd [42] 270:6 952:0 19:3 8:42 TABLE XI
UniDepthV2-Small 23:0 34:18 0:29 0:66 M ODEL ABLATIONS . THE “M ODEL” COLUMN REFERS TO ARCHITECTURE
UniDepthV2-Base 351 114:4 0:82 1:32 AND TRAINING STRATEGY EMPLOYED. “V1" IS THE ORIGINAL UNIDEPTH,
UniDepthV2-Large 65:4 3538 2:17 3:47 WHILE “V2" IS THE PROPOSEOJNIDEPTHV2. “COND” SPECIFIES
WHETHER THE CAMERAPROMPTING MECHANISM IS PRESENT OR NQT
TABLE IX Zero-shot Test
ARCHITECTURAL ABLATIONS . THE DIFFERENT ARCHITECTURAL Model Cond " " "
ADDITIONS (“+”) AND SUBTRACTIONS(“-") FROM THE ORIGINAL 1 SI|09 # Fa A
UNIDEPTH[17] ARE REPORTED “- SHE + SNE”: CAMERA ENCODING VIA . . . .
SINE ENCODING INSTEAD OFSPHERICAL HARMONIC TRANSFORM OF THE 1 Vi 4 50:1 18:0 50:8 767
PINHOLE-BASED PENCIL OF RAYS “- ATTENTION": ATTENTION LAYERS IN 2 V1 3 54:5 16:4 56:1 771
THE DECODER ARE REMOVED “+ RESNET BLOCKS”: THE ATTENTION 3 V2 7 49:3 18:4 49:2 76.6
LAYERS IN THE DECODER ARE SUBSTITUTED WITH SIMPLERRESNET 4 V2 3 54:5 16:3 56:0 779

BLOCKS. “+ MULTI-RESOL”: THE DECODER HAS LATERAL CONNECTIONS
WITH THE SHALLOWER ENCODER LAYER RATHER THAN A SIMPLER
MERGING OF ALL RESOLUTIONS IN THE BOTTLENECK

This contrasts with the original UniDepth [17], which relied

. Perf Efci . . . . . . . .
Architecture L7 St # Fae av | Latency mey Params vy ON @ single conditioning point. Given this architectural shift,

1 UniDepth [17] | 545 164 561 771 732 35.2 we argue that deep conditioning may not be optimal. Features
2 - SHE + Sine 54:6 16:4 56:0 76:9 53.2 35.2 H H H H
3 Atention 203 179 =10 760 204 290 at dlfferent_ resolutions enf:od_e varying levels o_f_abstracn_on,
4 +ResNetBlocks| 526 ~ 166 550  76:6 24.0 335 and enforcing deep conditioning introduces additional design
5 + Multi-resol 54:5 16:3 56:0 779 25.0 34.2 . . .
6  UniDepthv2 60:0 153  57:9 798 25.0 34.2 freedom. Table X investigates where to apply the consistency

loss Lcon) from [17]: either directly in the output spacg ,(
process, leading to better feature representations in the encd@¥.2) or within the camera-conditioned features at each scale
A qualitative comparison of the impact bkg s is presented (DjE, row 1). The results indicate minimal differences from
in Fig. 6. The difference between the third and fourth columrPplying the loss directly in the output space. Therefore, based
highlights the visual impact of the proposed loss, particular§n Occam's razor, we adopt the simpler and more effective
in re ning depth discontinuities. Additionally, the comparisorfiesign from row 2 as the nal approach.
between the second and third columns illustrates the Combir@gnditioning Impact. As previously explored in [17], we

effect of architectural changes and increased data divers&qymyze the impact of our proposed camera conditioning in Ta-

showing improved reconstruction of ner details, such as bodye x|. This ablation includes both UniDepth and UniDepthV2

parts that were previously smoothed or missed. under the same conditions—witholg ss; and without
invariance applied to deep featurd3jE). The results show

Lcon Output Space. UniDepthV2 introduces multiple in-that conditioning has an even stronger positive effect for

stances of camera-conditioned depth featidgs, correspond- UniDepthV2, as evidenced by comparing row8 row 4

ing to different decoder resolutions, as described in 8e&. against the comparison of rowvs row 2.
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Fig. 7. Failure and Edge CasesUniDepthV2 is run on challenging images collected from the internet. The domains include mirrors, non-pinhole cameras,
paintings, and optical illusions, both from cameras and drawings.

TABLE XII mirrors, paintings, optical illusions, and non-pinhole projection.

REPRESENTATION. THE “REPR’ COLUMN REFERS TO DIRECTCARTESIAN  \\/hile UniDepthV2 does not exhibit catastrophic failures on
REGRESSION(Xy? REGRESSIONVS. UNIDEPTH S PSEUDGSPHERICAL th | it | tain h lated optical
OUTPUT (sph). THE “M ODEL” COLUMN REFERS TO ARCHITECTURE AND ese examples, It can resolve certain human-related optica

TRAINING STRATEGY EMPLOYED: “V1” IS THE ORIGINAL UNIDEPTH, illusions and correctly recognize a painting when its frame
WHILE "V2" IS THE PROPOSEUNIDEPTHV2. and contextual objects are visibled. “Liberty Leading the
Model Repr Zero-shot Test People”). However, it struggles with non-realistic paintings
1" Slog # Fp" A" and distorted geometnef. “Starry Night”), though it still
1 Vi xyz | 482 212 412 613 separates foreground from packgrouqd. Mirrors remain partic-
2 V1 sph | 545 16:4 561 771 ularly challenging and ambiguous: without suf cient context,
3 V2 xyz | 49:1 20:4 388  60:2 the model often interprets them as just a cavity and accommo-
4 V2 sph | 60:0 15:3 579 798 dates strong deformation. In addition, UniDepthV2 struggles to

represent non-pinhole projection and is not able to rectify the

i deformation as the implicit camera representation is pinhole-
Camera Disentanglement. We re-evaluate the output reprepased as described in Sec. I1-B

sentation for UniDepthV2 in Tab. XII, mirroring the analysis

in [17]. With otherwise matched camera settings, we observe V. CONCLUSION

a similar comparative picture in the UniDepthV2 setting: a _ . . _
signi cant bene t of our pseudo-spherical representation for We introduced UniDepthV2, a universal monocular metric
depth-speci ¢ metrics and a substantial benet for 3D an€élepth estimation model that enhances generalization across
camera accuracy. diverse domains without requiring camera parameters at test

Con dence. We evaluate in Tab. VIl the con dence estimatorf“me' By improving both the model architecture and introduc-

introduced in Seclll-E on the validation splits of the training ing new loss functions in the training objective, UniDepthV2

3 o . hieves state-of-the-art performance while enhancing compu-
datasets (“In-domain”) and on unseen datasets (“Zero-shof}. . .
. . . . j . ional ef ciency, as demonstrated through extensive zero-shot
In-domain, uncertainty aligns well with erronAUSE is low

] i c7 i : . ; and ne-tuning evaluations. Additionally, our training strategy
(0.199—0.221)_an_d 1S high (0:68-0:74), bOth Improving as ?nables a exible trade-off between inference speed and detalil
model capacity is increased. Under domain shift, the qua“p¥eservation by allowing variable input resolutions at test time
drops,i.e. NAUSE rises t00:54-0:65 and falls to 0:29, i.e. y g P

indicating that ranking is partly preserved but calibration d\év—h"e maintaining global scale consistency.
grades. The opposing trend, namely slightly highget worse
nAUSE for larger models, is probably capacity-driven over- ACKNOWLEDGMENTS
tting: bigger models learn sharper, edge-focused uncertainty
priors that. orde.r . errors correctly while misestimatin r?jectTRACE-Z]rich. Additional thanks to Lavinia Recchioni
their magnitude in novel domains. Nevertheless, even zero-sho o .

. o . - Tor her editing and unwavering support.
uncertainty remains informative and far from random, enabling
reliability-aware masking and exploiting our resolution/speed
trade-offs at inference. REFERENCES
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