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Figure 1. Re-Depth Anything refines the predictions of Depth Anything V2 [53] by re-lighting the reconstructed geometry and extracting
knowledge from diffusion models in a self-supervised manner. In this example, test-time optimization enhances facial detail (see frontal
view) and refines the nose shape to look more like a tiger (side view), correcting the dog-like initial resemblance likely originating from a
biased training distribution. The key contribution is a re-synthesis method that replaces photometric reconstruction for self-supervision.

Abstract

Monocular depth estimation remains challenging, as foun-
dation models such as Depth Anything V2 (DA-V2) strug-
gle with real-world images that are far from the training
distribution. We introduce Re-Depth Anything, a test-time
self-supervision framework that bridges this domain gap by
fusing foundation models with the powerful priors of large-
scale 2D diffusion models. Our method performs label-
free refinement directly on the input image by re-lighting
the predicted depth map and augmenting the input. This
re-synthesis method replaces classical photometric recon-
struction by leveraging shape from shading (SfS) cues in
a new, generative context with Score Distillation Sampling
(SDS). To prevent optimization collapse, our framework
updates only intermediate embeddings and the decoder’s
weights, rather than optimizing the depth tensor directly or
fine-tuning the full model. Across diverse benchmarks, Re-
Depth Anything yields substantial gains in depth accuracy
and realism over DA-V2, and applied on top of Depth Any-
thing 3 (DA3) achieves state-of-the-art results, showcasing
new avenues for self-supervision by geometric reasoning.

Code: https://github.com/anantarb/Re-Depth-Anything

1. Introduction

Monocular Depth Estimation (MDE) aims to predict dense
per-pixel depth from a single RGB image, enabling numer-
ous applications, including 3D reconstruction [13, 26, 55],
autonomous driving [46], robotic navigation [50], and vir-
tual or augmented reality [34]. Lately, high-quality depth
maps for diverse images have been enabled by foundation
models using Vision Transformers (ViTs) [7] with dense
prediction heads [33]. Crucially, MiDaS [32] pioneered
training on a myriad of labeled datasets, and Depth Any-
thing V2 (DA-V2) [53] showed that sparse and often noisy
depth labels can be enhanced with a teacher model trained
on synthetic data. While these foundational models are set-
ting new state-of-the-art performance, inaccuracies in in-
the-wild reconstruction remain (see Fig. 1). Monocular
depth estimation remains one of the fundamental yet chal-
lenging problems in computer vision.

In this work, we introduce Re-Depth Anything, a test-
time optimization framework designed to close the domain
gap for feed forward models such as DA-V2 through self-
supervision with 2D generative models. Given a single in-
put image, our framework adapts the pre-trained model to
the specific image content. The core idea is to re-light the



feed-forward depth map under random illumination condi-

tions and superimpose these renderings onto the input im-

age. The depth map is then refined using a 2D diffusion

model as a prior to score how realistic the augmented shad-
ing is. This plausibility estimate is backpropagated to the
depth map through a differentiable renderer using the Blinn-

Phong illumination model [3] and the SDS loss. Crucially,

instead of directly optimizing the depth map or fine-tuning

the entire network, we propose a targeted optimization strat-
egy that jointly optimizes only the intermediate feature em-
beddings fed to the Dense Prediction Transformer (DPT)
decoder and the decoder’s weights. This approach preserves
the strong geometric knowledge encoded in the embeddings
while refining the final output.

3D knowledge distillation from 2D image diffusion mod-
els [30, 36, 37] using the SDS loss and shading cues
was pioneered by DreamFusion [31] for text-to-3D gener-
ation. Their key ingredient is optimizing a 3D NeRF rep-
resentation [26] such that its 2D renderings are perceived
as realistic by the diffusion model. This and subsequent
works [20, 23, 43, 47, 62] have enabled reconstruction of
real images by pairing virtual views with photometric re-
construction of the real one. However, this line of purely
self-supervised learning from geometric relations suffers
from cue ambiguities and lags behind supervised models.

Our key advance is to apply the benefits of self-supervised

learning on top of supervised methods by re-lighting the

predicted depth map. This re-synthesis and augmentation of
the input image is fundamentally different from photometric
reconstruction with a full-fledged NeRF [26] or Gaussian

Splatting [13] renderer in prior self-supervised work, and

alleviates the problem of reconstructing appearance pixel-

perfect. Our main contributions are:

* Re-Depth Anything, a novel test-time optimization
framework that adapts a pre-trained feed-forward model
to real-world images using a 2D diffusion prior on re-
synthesized depth predictions (w/o labeled data).

* We propose a single-image re-lighting model that differ-
entiably links the predicted depth map to the input image,
enabling the use of an SDS loss for self-supervised geom-
etry refinement from a single view.

e We introduce a targeted optimization scheme that

jointly optimizes the decoder’s input embeddings and its

weights, which we show is crucial for avoiding overfitting
and preserving geometric structure.

The method is developed on DA-V2, and we verify gen-

erality on Depth Anything 3 (DA3) [21].

L]

2. Related Work

Our work, Re-Depth Anything, builds upon progress in
three primary research areas: monocular depth estimation,
test-time adaptation for monocular depth estimation, and
the use of 2D diffusion models as priors for 3D reconstruc-

tion. Below, we review the most related methods from each
of these domains.

Monocular Depth Estimation. Monocular depth estima-
tion has been a long-standing challenge in computer vi-
sion. Early approaches [1, 8, 15, 19, 40, 51, 54, 56, 58]
relied heavily on supervised learning, training on datasets
with ground-truth depth, such as KITTI [9] for outdoor
driving and NYU Depth V2 [41] for indoor scenes. More
recently, the field has shifted towards building general-
purpose foundation models for depth. MiDaS [32] enabled
joint training on multiple datasets by predicting disparity
instead of depth and by normalizing predictions to a unit
range, enabling zero-shot generalization to new domains.
Even better performance is possible with DPT heads [33]
and large diffusion models [12, 61]. DA [52] and its suc-
cessor, DA-V2 [53], use the same relative prediction and
achieved further improvements by training on massive-scale
image datasets, aligning the predictions of a teacher model
to sparse ground-truth measurements. This approach miti-
gates, but does not resolve, noise in LiDAR-based ground
truth on in-the-wild images.

Another line of research predicts absolute depth without
disparity normalization, from single images [4, 29, 44, 57]
or multiple images [5, 14, 45]. We focus on relative depth
prediction, as these models typically yield higher surface
detail, which we aim to improve. Moreover, the absolute
depth scale is invariant to shading cues. Hence, we use the
recent and popular DA-V?2 model as our foundation, aiming
to correct its errors rather than retraining it, so that it applies
to underrepresented and out-of-distribution inputs.
Test-Time Adaptation for MDE. Test-Time Adaptation
(TTA) or Test-Time Optimization (TTO) aims to adapt a
pre-trained model to a specific test input at inference time.

In the context of MDE, TTA often relies on self-
supervision signals available from the input itself. For
video inputs, temporal and photometric consistency be-
tween frames is a powerful signal used to fine-tune a depth
network [16, 18, 28].

TTA for a single image is challenging because self-
supervision cues are scarce. While existing methods rely
on specific external priors—such as 3D meshes or sparse
points—our method leverages a general-purpose 2D diffu-
sion model to refine relative depth for any arbitrary scene.
Crucially, instead of relying solely on the input image’s fea-
tures, we introduce a powerful prior that provides a dense,
geometry-aware supervisory signal for adaptation.
2D Diffusion Models as Priors for 3D. 2D image diffusion
models [30, 36, 37], trained on internet-scale image and
text data, have learned incredibly rich priors about the vi-
sual world. A recent line of work has focused on leveraging
these 2D priors for 3D tasks. The most influential is Dream-
Fusion [31], which introduced the SDS loss, enabling the
use of a pre-trained text-to-image diffusion model as a loss



function to optimize a 3D NeRF representation from scratch
using only a text prompt. This concept has been extended
and improved by numerous follow-ups [23, 25, 43, 62], in-
cluding using mesh representations [20, 47] and Gaussian
Splatting [6, 42] as differentiable renderers. Reconstruct-
ing a real input image brings additional challenges. Re-
alFusion [24] proposes a method that combines real and
synthetic views through diffusion-model fine-tuning and
carefully selects compatible virtual views, while others di-
rectly fine-tune a 2D diffusion model for multi-view re-
construction [22]. Our re-lighting principle is inspired by
the recent virtual shape-from-texture approach [2], which
utilizes shape-from-texture cues through virtual augmenta-
tion. However, these fully unsupervised methods have not
demonstrated advantages over the latest supervised depth
estimation techniques.

Our work builds directly on this idea but applies it in a
novel context. Instead of generating a 3D shape or optimiz-
ing a NeRF from multiple views, we use the SDS loss on a
single image to refine the parameters of a pre-trained, feed-
forward depth estimation model (e.g., DA-V2) using re-
lighting rather than photometric reconstruction. This test-
time optimization adapts the model’s prediction to the spe-
cific image content, guided by the diffusion model’s knowl-
edge about the shading of natural objects.

Single-View Geometry and Shading.  Shape-from-
Shading (SfS) [10, 60] is a classical attempt to recover 3D
shape from shading variations in a single 2D image. The
idea is to decompose the image into (piecewise-constant)
albedo and shading components, e.g. using the diffuse and
specular components of a Blinn-Phong [3] model. How-
ever, classical SfS [10, 60] and other shape-from-X meth-
ods, such as Shape-from-Texture (SfT) [48, 49], are highly
ill-posed, relying on strong assumptions about lighting, tex-
ture regularity, and material properties that are rarely met in
practice.

DreamFusion and RealFusion were the first to revisit the
SfS principle in a modern context using generative models.
Although they could lift some assumptions, RealFusion still
follows the classical reconstruction principle of rendering a
synthetic object optimized to reconstruct the input image.
However, real illumination and material properties are com-
plex, leading to artifacts around specular highlights when
attempting to match them with simplistic shading models in
deployed differentiable renderers.

By contrast, we do not attempt to solve the full, ill-posed
inverse graphics problem. Instead, one of our key con-
tributions is to augment the input with additional shading
cues, which is achieved by modifying a simple, lightweight
Blinn-Phong [3] renderer. This allows the diffusion prior
to critique the plausibility of the 3D shape as expressed
through its shading, linking the underlying geometry and
image content without photometric reconstruction.

3. Preliminaries and Notation

Score Distillation Sampling. Given a 2D image X, ren-
dered from a differentiable representation with parameters
6, SDS [31] utilizes a pre-trained diffusion model ¢ to opti-
mize 6 via gradient descent. Specifically, a gradient toward
a more likely image is obtained from the noise €4 predicted
by ¢ given a noisy image X, text embedding c, and noise
level ¢,

0X
VoLsps(X,c) = gﬁ‘% w(t) (€p(Xy;¢,t) —€) 20 | (1)

where w(t) is a weighting function and ¢ ~ N(0,I). In
DreamFusion [31], the SDS loss matches 2D renderings
from random angles to the text prompt. In our work, we
apply the SDS loss to the re-lit image and use it to opti-
mize both the intermediate feature embeddings and decoder
weights in DA-V2 to enhance depth prediction.

Depth Anything V2 Architecture. DA-V2 [53] follows
the recent trend of using ViT encoders, as in DINOv2 [27]
and DPT [33], with a DPT-based disparity decoder. Specif-
ically, the encoder transforms input tokens into new feature
representations using L transformer layers. Features from
four selected layers are extracted and passed to the DPT
head for disparity prediction, with layer selection depending
on the ViT variant. For example, layers [ = 3,6,9, 12 are
used in the ViT-Small configuration. Given an input image
I, we denote the extracted feature representations as embed-
dings W. The final disparity ﬁdisp = f(W;0) is predicted
by the DPT head f(-), parameterized by pre-trained weights
f and taking embeddings W as input.

4. Method

Given an input image I € RE*H*W our goal is to refine an

initial disparity map estimate Diny € RFT>W predicted by
the pre-trained DA-V2 [53] model. As illustrated in Fig. 2,
Re-Depth Anything is a self-supervised test-time optimiza-
tion framework that adapts the DA-V2 model to the specific
input image.

Key to our method is how we use the SDS [31] loss as
a 2D diffusion prior for 3D refinement. To this end, we
first introduce a differentiable rendering function that links
the predicted disparity map ﬁdisp to a re-illuminated image
i through augmentation. We then use the SDS loss on i
to jointly optimize the decoder’s input embeddings W and
the weights 6 to better align the re-illuminated and original
images. We describe each component in detail below.

4.1. Shaded Depth Rendering

To leverage a 2D diffusion prior, we must establish a dif-
ferentiable link between the depth map D and a 2D image.
A full inverse-rendering approach, which would decompose
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Figure 2. Re-Depth Anything overview. Our main contribution is the re-lighting module, which randomizes light conditions and shades
the estimated geometry on the input. Notably, the re-lighting does not need to look physically accurate, as we are only augmenting the
image, not photometrically reconstructing it. Key is also the optimization of the embeddings and decoder, while leaving the encoder frozen.

the scene into albedo, lighting, materials, and 3D geometry,
is highly ill-posed from a single image.

Instead, we propose augmenting the input image with
additional shading effects through re-lighting. We synthe-
size diffuse and specular reflectance maps with the classical
Blinn-Phong shading model [3] as a function of the nor-
mals N of the depth map. Computing the normals at pixel
coordinates u, v requires a camera model. We test scaled
orthographic and perspective projections with intrinsic ma-
trices Ko, and Kpersp, respectively. We then unproject the
depth map element-wise into a 3D mesh with vertices

UD U
X =Ky VD o X=K (V] @
D D

where U and V are the tensors of horizontal and vertical
pixel coordinates ranging from —1 to 1. The normal N is
orthogonal to the spatial gradients (VX,,, VX, ), which are
computed across the entire image using the element-wise
cross product.

VX, x VX,
[[VX, x VX2

Crucial for our re-lighting of the input image is using the
inverse-tonemapped input image, 7! (I), as a proxy for the
scene’s diffuse albedo, and we assume that specular high-
lights are colorless and not affected by albedo. While not
physically accurate, this approach exploits the fact that il-
lumination effects are linear, and there remains ambiguity
between light and surface color, providing a sufficient, dif-
ferentiable connection between geometry and re-lit appear-
ance. Specifically, we synthesize a re-illuminated image
I € ROXHXW ysing Blinn-Phong shading [3],

N = 3)

I =7(81 max(N-1,0)07 ' (I)+ 8> max(N-h,0)%), (4)

where N € R3*H*XW g the per-pixel normal map derived
from the depth gradients of D, 1 € R? is the light direction,

h € R3 is the halfway vector between 1 and the view direc-
tionv = [0,0,1]7, and «, 81, and 3 are material and light-
intensity parameters that are determined in the next section.
The tone-mapping function 7(I) = I'/7, with v = 2.2,
ensures that shading is performed in the linear RGB color
space.

Note that using I as the albedo can double the shad-

ing effects (e.g. existing shadows get darker), and the ad-
dition of specular maps may saturate the image; however,
this rarely occurs in our experiments and is similar to spec-
ular highlights appearing white in photographs. We keep
values within bounds by clamping the rendered output it
the range [1073, 1].
Handling normalized relative depth. DA-V2 outputs nor-
malized relative depths in the form of the normalized dis-
parity map ﬁdisp =(1/ D- m)s, where m is the minimum
disparity and s is the inverse of the maximum-minimum
disparity range. Converting to absolute depth requires

1 s

D=— = — ,
Ddisp/s +m Ddisp +ms

®)

where neither the scaling s nor the offset m is known at
test time. However, the normal is invariant to global scale,
and hence we only have to optimize the unknown scalar
b = ms alongside depth refinement. Notably, we found
the optimization to be insensitive to these parameters, likely
because shading depends on the relative angle between the
light and the normal, not absolute orientation. Specifically,
it is sufficient to fix b = 0.1 with scaled orthographic pro-
jection.

4.2. Augmentation Objective

Our goal is to refine the depth map to produce shading ef-
fects that yield plausible re-lightings of the input image.
This augmentation principle lets us choose random light and
material properties instead of estimating parameters for po-
tentially absent or complex shading effects in the input im-



age, as required for photometric reconstruction. At each
optimization step, we randomly sample the light direction
1, diffuse and specular intensities (31, 82), and exponent «
to ensure the refined geometry is consistent with the image
across diverse shading conditions.

Loss Function. Plausibility of the augmentation is mea-
sured by the total loss, which combines the generative prior
with a smoothness regularizer,

= a - At 2ij
L(L, ¢, Daisp) = Lsps (L, ¢) + o Z IADGL 1%, (6)

i,
where Lgps is the SDS loss defined in Eq. (1), and Iis the
image rendered from D using Eq. (4). The second term is an
¢ regularizer on the disparity gradients, which encourages
smoother surfaces and prevents noisy artifacts.

To obtain the conditioning text prompt ¢, we employ
BLIP-2 [17], a state-of-the-art image-to-text model, to gen-
erate a descriptive caption for the input image I.

4.3. Optimization Scheme

Our goal is to refine the output depth map of feed-forward
depth estimators, specifically the DA-V2 model. However,
directly optimizing the depth map with the proposed re-
lighting loss remains an ambiguous problem with many
plausible solutions. Instead, we propose optimizing the la-
tent feature space and weights of DA-V2, thereby leverag-
ing the prior on 3D shapes learned at training time.

Candidates for optimization are the entire DA-V2
weights or its components. We found that fine-tuning the
entire DA-V2 tends to fall into poor local minima or causes
the geometry to overfit to image textures. To address this,
we jointly optimize only the intermediate embeddings W
(the intermediate feature embeddings of the frozen ViT en-
coder) and the DPT head’s weights 6.

W+, 0 arg %anelc( » Gy dlsp) @)

where f)disp = f(W;#0) and 1 is a function of f)disp.
Depth Map Ensembling. The stochastic nature of the
SDS loss, primarily due to random sampling of noise € and
timestep ¢, can lead to high variance in the optimization re-
sults. Consequently, disparity predictions can vary notice-
ably across different runs. To stabilize the final prediction,
inspired by the ensembling in Marigold [12], we perform
the optimization N times with different random seeds. We
then aggregate the resulting disparity maps using a simple
mean operation. The final disparity map Dy;p is obtained
as

N
1
Ddisp = N E f(Wr; 9:)7 (8)
i=1

where (W7, 67) are the optimized embeddings and decoder

1771
weights from the ¢-th run.

5. Experiments

We study the effectiveness and accuracy of our self-
supervised re-lighting approach on three benchmarks,
demonstrating consistent improvements over the DA-V2
and DA3 baselines across established metrics, including a
relative error improvement of up to 11.4% and a normal
map improvement of 14.7%. Fig. 3 shows exemplary cases
that are improved by removing noise from flat areas and
adding missing details. Additional results are shown in the
supplemental document.

Baselines. We utilize the small variant of the DA-V?2 archi-
tecture as our base model, which is one of the most popu-
lar monocular relative depth estimation methods. Besides
various baseline variants that use only parts of our con-
tributions, we also compare against a simple Shape-from-
Shading implementation to demonstrate the advantage of
re-lighting over photometric reconstruction.
Implementation Details. For all experiments, input images
are first resized, maintaining their original aspect ratio, such
that at least one side measures 518 pixels to match the train-
ing resolution of the DA-V2 model. Before applying Stable
Diffusion, the images are further zero-padded if they have a
non-square aspect ratio and resized to 512 x 512.

Our entire pipeline is implemented in PyTorch. For SDS
guidance, we employ v1.5 of Stable Diffusion [36]. We op-
timize the encoder’s embeddings and DPT weights for 1000
iterations using the AdamW optimizer. We set a learning
rate of 1 x 1072 for the embeddings and 2 x 10~ for the
DPT weights. We set the regularization weight A; to 1.0.
At each optimization step, we uniformly sample two coeffi-
cients (81, 32) ~ U[0,1] and an exponent , where o = 2¥
and k ~ U[2,8]. (1 and By are subsequently normalized
to ensure their sum is 1.0 (i.e. 51 + B2 = 1). Similarly,
the light direction vector 1 = (L, Ly, L,) is sampled by
drawing the X and Y coordinates from a uniform distribu-
tion, L, L, ~ U[—1,1], while fixing the Z coordinate to
L, = 1. The resulting vector 1 is then ¢s-normalized. In
the absence of known camera parameters for in-the-wild
images, our default is a scaled orthographic camera, and
we optimize the scaling starting from 7.0. For a perspec-
tive camera, the focal length is initialized to 2.0 and re-
fined alongside disparity optimization. The final prediction
is generated by aggregating the results from 10 optimization
runs. Each of these 10 runs is initialized from the original
pre-trained weights of the DA-V2 model. We conduct our
evaluation at the resolution of the initial 518-pixel-side re-
sized input image. One run takes approximately 80 seconds
on a single NVIDIA RTX 5000.

Datasets. We evaluate Re-Depth Anything on three stan-
dard benchmarking datasets. CO3Dv2 [35] contains multi-
view images of several objects across 50 categories, with
camera poses, 3D point clouds, foreground masks, and
depth maps that we utilize as sparse ground truth depth.



Table 1. Comparison with DA-V2 across datasets. Relative error reduction of Ours over DA-V2 is shown in the last row of each dataset.

Dataset | Method Higher is better 1 Lower is better |,
o1 02 03 AbsRel RMSE logl0 RMSElog SIlog SqRel
DA-V2 1.0 1.0 1.0 0.00227 0.0602 0.000985  0.00321  0.321 0.000244
CO3D | Ours +DA-V2 1.0 1.0 1.0 0.00223 0.0588 0.000968 0.00314 0.314 0.000235
Rel. A (%) - - - 2.26 1.74 2.24 2.24 3.66
DA-V2 0.568 0.796 0.902 7.01 0.118 0.348 33.6 2.49
KITTI | Ours + DA-V2 0.593 0.818 0.917 6.71 0.110 0.319 30.7 2.20
Rel. A (%) 573 109 153 4.29 6.55 8.51 8.51 114
DA-V2 0.884 0.956 0.978 0.955  0.0448 0.153 15.1 0.391
ETH3D | Ours + DA-V2 0.898 0.965 0.982 0.875  0.0413 0.143 14.1 0.347
Rel. A (%) 122 211 195 8.39 7.72 6.44 6.22 11.1

From each sequence with a valid depth map, we randomly
selected two images. This preprocessing step yielded a to-
tal of 80 images from 20 object categories. KITTI [9] is
a large-scale autonomous driving dataset featuring sparse
metric depth captured by a LiDAR sensor. We randomly
sampled 10 images from each sequence in the official vali-
dation set, resulting in a total of 130 images. ETH3D [39] is
a high-resolution benchmark with both indoor and outdoor
scenes. We randomly sampled ten raw images and their
corresponding depth maps from 13 scenes. This process
resulted in a total of 130 images for evaluation.

Evaluation protocol. We apply the widely adopted met-
rics for assessing the quality of monocular depth estimation:
61, 02, 03, AbsRel, RMSE, log10, RMSE log, SI log, and
SgRel. We compute these metrics on absolute depth maps,
obtained by first finding the least-squares affine fit to the la-
bels in disparity, then converting to depth, and subsequently
finding the affine fit in depth, as is typical for relative depth
prediction on these benchmarks [53].

5.1. Quantitative Evaluation

Table 1 shows that our test-time refinement improves upon
DA-V2 across CO3D, KITTI, and ETH3D on all nine eval-
uation metrics. Notably, we achieve significant relative re-
ductions in error, including 8.5% in SIlog and RMSE log on
KITTI, alongside an 8.4% reduction in AbsRel on ETH3D.

On CO3D, errors are smaller overall, leading to smaller
yet still consistent improvements. This robustness across
nine different metrics validates the efficacy of our self-
supervised approach, demonstrating considerable potential
for fine-tuning foundational models.

Notably, the improvements are consistent across CO3D,
which covers single objects in a close-up setting, street
scenes in the KITTI dataset, and indoor scenes in the
ETH3D dataset. This highlights the strong generalization
capability of our test-time re-lighting approach, inherited
from the robustness of generative image models. The
nature of the improvement is best explained with examples.

Table 2. Quantitative comparison against DA3.

Dataset | Method AbsRel SqRel  Normal MSE
DA3 0.00251 0.000317  0.000479

CO3D | Ours + DA3 0.00238 0.000294  0.000409
Rel. A (%) 4.83 7.39 14.65
DA3 0.0444  0.0853 0.00057

ETH3D | Ours + DA3  0.0441  0.0847 0.00054
Rel. A (%) 0.54 0.71 3.74

Re-Depth generalization to DA3. In Table 2, we show the
effectiveness of our self-supervised refinement strategy on
a different backbone by applying it to the recent DA3 [21]
model (DA3SMONO-LARGE). Our method consistently im-
proves DA3 on CO3D and ETH3D, achieving state-of-the-
art results. In particular, normal errors are improved by up
to 15%, verifying strong detail improvement. Further re-
sults and details are given in the supplemental document.

5.2. Qualitative Evaluation

For visual assessment, we present a qualitative comparison
against DA-V2 in Fig. 3. Re-Depth Anything produces vis-
ibly superior results by enhancing fine-grained details such
as the threads on a ball (first image), balcony railings, and
electricity wires (second-to-last image), while also remov-
ing noise from flat surfaces, as indicated by an arrow in the
fourth example. These qualitative improvements are con-
sistent with the quantitative gains reported in Table 1.

We also compare to classical shape-from-shading, which
fails drastically when its strict assumptions are violated. For
instance, even in the relatively simple ball example in Fig. 4
(first row), discoloration of the leather leads to spurious
and noisy normals. This highlights the importance of our
re-lighting augmentation strategy, which does not assume
albedo constancy and does not suffer from seam artifacts
typically associated with shape-from-shading.
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Figure 3. Qualitative Comparison, highlighting the added detail (rows 1,2,3,6) and noise-removal effects (rows 4,5).
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Figure 4. Qualitative ablation showing that directly optimizing
depth or fine-tuning the whole network at once is detrimental. The
listed error values relate to visual and quantitative improvements.

Limitations. We rarely observed small hallucinated edges,
such as the sticker on the truck in Fig. 3, which are plausi-
ble but incorrect. Sometimes, the method extends geometry
into the sky and over-smooths fine details, such as trees in
dark regions, as seen in the
KITTI example (see inset
Fig. 5), which could poten-
tially be handled by thresh-
olding. In general, we
found that single objects
in the CO3D dataset show
stronger detail improve-
ments, while in room and
street scenes the largest
gains come from remov-
ing suspicious details in
the initial DA-V2 predictions that lead to unrealistic re-
lighting highlights and are thus effectively removed by our
method while preserving actual detail.

5.3. Ablation study

Optimization. Table 3 presents an ablation study on the
CO3D evaluation set, comparing our full pipeline to a base-
line lacking the SDS loss and four optimization variants: (1)
direct depth pixel optimization, (2) full DA-V2 fine-tuning,
(3) fine-tuning only embeddings and DPT weights, and (4) a
two-stage version of (3) that first optimizes the embeddings
and subsequently fine-tunes the decoder.

The qualitative results in Fig. 4 show that direct opti-
mization (1) creates noise artifacts (first row), while full

Figure 5. Limitations.

Table 3. Ablation on the CO3D dataset showing the significance
of the major design choices.

Method AbsRel | RMSE| logl0| RMSElog] SIlog] SqRell]
w/o Lsps 0.00427  0.0993  0.00185 0.00532 0.532  0.000661
Tensor Model  0.00226  0.0601  0.000985 0.00321 0.321  0.000244

Full Model 0.00331  0.0779  0.00143 0.00418 0.418  0.000412
Two Stage 0.00225  0.0597  0.000979 0.00319 0.319  0.000241
Ours 0.00223  0.0588  0.000968 0.00314 0.314  0.000235

2.30

2.00

1.70

Rel. Improvement in SI log over DA-V2 (%)

1.40

1 2 3 10
Ensemble Size (N)

Figure 6. Ensemble size vs. improvement in SI log on CO3D.

fine-tuning (2) causes the geometry to collapse (second
row), even though we reduced the learning rate to a very
small value of 2 x 10~% for optimizing both the ViT en-
coder and the DPT decoder. Our chosen approach (3) strikes
a balance, enhancing detail without degradation. These vi-
sual observations are corroborated by the quantitative met-
rics in Table 3. Although variants (3) and (4) are visually
comparable, (3) achieves lower errors.

Ensembling predictions. We investigate the impact of en-
sembling predictions via mean aggregation. The results,
shown in Fig. 6, demonstrate clear benefits but with rapidly
diminishing returns. While a prediction from a single run
achieves a 1.58% improvement in SI log over DA-V2, en-
sembling predictions from three runs significantly increases
this to 2.22%. This benefit quickly saturates, with 10 pre-
dictions offering only a negligible further gain (2.24%).

6. Conclusion

Re-Depth Anything presents a new method for test-time op-
timization through re-lighting. The key contribution is us-
ing generative models to score shading—image alignment
instead of requiring photometric reconstruction. This al-
leviates the need to construct a photorealistic renderer for
inverse graphics and shows consistent improvements across
all tested datasets and metrics. Notably, it sets a new state-
of-the-art for detail reconstruction on the CO3D dataset us-
ing DA3 as the backbone.
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