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Abstract
The emergence of foundation models has substantially ad-
vanced zero-shot generalization in monocular depth estima-
tion (MDE), as exemplified by the Depth Anything series.
However, given access to some data from downstream tasks,
a natural question arises: can the performance of these mod-
els be further improved? To this end, we propose WeSTAR,
a parameter-efficient framework that performs Weakly su-
pervised Self-Training Adaptation with Regularization, de-
signed to enhance the robustness of MDE foundation mod-
els in unseen and diverse domains. We first adopt a dense
self-training objective as the primary source of structural
self-supervision. To further improve robustness, we intro-
duce semantically-aware hierarchical normalization, which
exploits instance-level segmentation maps to perform more
stable and multi-scale structural normalization. Beyond dense
supervision, we introduce a cost-efficient weak supervision
in the form of pairwise ordinal depth annotations to fur-
ther guide the adaptation process, which enforces informa-
tive ordinal constraints to mitigate local topological errors.
Finally, a weight regularization loss is employed to anchor the
LoRA updates, ensuring training stability and preserving the
model’s generalizable knowledge. Extensive experiments on
both realistic and corrupted out-of-distribution datasets un-
der diverse and challenging scenarios demonstrate that WeS-
TAR consistently improves generalization and achieves state-
of-the-art performance across a wide range of benchmarks.

Introduction
Monocular depth estimation is crucial for applications such
as stereo conversion (Xie, Girshick, and Farhadi 2016), aug-
mented reality (Ganj et al. 2024), and 3D scene reconstruc-
tion (Yin et al. 2022). Recent progress has led to founda-
tion models trained on large-scale combinations of labeled
and unlabeled data, with models like those by (Yang et al.
2024a,b) showing strong generalization to diverse, unseen
domains.

Despite these advancements, it remains unclear how much
further performance can improve when data from down-
stream tasks becomes available. Figure 1 shows that zero-
shot predictions remain imperfect especially under distribu-
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Depth Anything V2

Ours after Adaptation

Figure 1: Illustration of MDE on unseen test samples with
zero-shot results of model and model after adaptation.

tion shifts. Performance can be further improved via adap-
tation. In image segmentation, foundation models have been
effectively adapted using unlabeled or weakly labeled task-
specific data (Zhang et al. 2024; Zhao et al. 2025), often
leveraging self-training (Sohn et al. 2020), self-supervised
learning (Chen et al. 2020; Liu et al. 2021), and distribution
alignment (Su, Xu, and Jia 2022).

However, extending such techniques to depth estimation,
essentially a regression task, poses unique challenges. Un-
like classification, regression complicates self-training due
to the difficulty of generating reliable pseudo-labels. Inac-
curate labels can mislead the model during adaptation, espe-
cially in unseen domains. As shown in Figure 4, naı̈ve self-
training can even degrade performance over time. Moreover,
the dense self-training (ST) objective often provides only
marginal gains on benchmarks, mainly due to the strong ge-
ometric understanding of the pre-trained model, which lim-
its further improvement from ST alone. Finally, an overly
aggressive adaptation process of self-training can be detri-
mental. It risks over-specializing the model to the specific
domains, leading to overfitting and catastrophic forgetting,
where the powerful, generalizable knowledge from the orig-
inal pre-training is compromised.

Our framework addresses these limitations through a syn-
ergistic design. To mitigate confirmation bias and provide
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targeted, non-redundant supervision, we complement dense
self-training with a weakly supervised objective (Chen et al.
2016), incorporating a minimal set of relative depth anno-
tations that correct fine-grained topological errors and intro-
duce label signals independent of the model’s pseudo-labels.
In other words, the weakly supervised loss introduces sparse
but strong ordinal constraints, while the dense self-training
objective provides global structural alignment.

To enhance adaptation efficiency and prevent catastrophic
forgetting, motivated by robustness concerns in pre-trained
models (Zhao et al. 2023), we introduce additive low-rank
adapters (Hu et al. 2022) to constrain the model near the
original. We further introduce a regularization that penalizes
LoRA parameter updates, anchoring the model to the strong
pre-trained depth prior and limiting the influence of noisy
pseudo-labels and sparse ordinal constraints, suppressing
the geometric distortions induced by weak supervision and
mitigating the confirmation bias of self-training.

We also observe that self-training for MDE must address
scale and shift ambiguity between teacher pseudo-labels
and student predictions. While hierarchical depth normal-
ization (HDN) (Zhang et al. 2022a; He et al. 2025) was de-
signed to mitigate scale variation and depth discontinuities,
its reliance on content-agnostic grids overlooks semantic
context, often resulting in inferior performance. To address
this, we propose using an external segmentation foundation
model (Ravi et al. 2025) to inject semantic information as
masks, enabling semantic-aware HDN.

We refer to our adaptation framework as WeSTAR. WeS-
TAR enables fine-tuning of pre-trained models using min-
imal data from the target domain, resulting in improved
performance on downstream tasks. We validate the method
on both unseen image domains and corrupted inputs (Kong
et al. 2023), simulating real-world out-of-distribution sce-
narios. This makes it especially suitable for depth estima-
tion tasks in specific contexts where limited data with weak
annotations can be collected for adaptation.

Our contributions are summarized as follows:

• We address the challenge of generalizing depth esti-
mation foundation models to unseen data distributions
through a low-rank regularized self-training framework
with semantic-aware hierarchical normalization.

• We incorporate low-cost weak labels, specifically pari-
wise ordinal depth annotations, to further enhance the ro-
bustness of the adaptation process.

• Our proposed method WeSTAR demonstrate robust gen-
eralization across diverse and challenging scenarios, in-
cluding novel tasks and corrupted datasets.

Related Work
Monocular Depth Estimation: Monocular depth esti-
mation (MDE) has advanced rapidly with deep learn-
ing, supported by architectural innovations and large-scale
datasets (He et al. 2016; Dosovitskiy et al. 2020; Geiger
et al. 2013). Early supervised (Eigen, Puhrsch, and Fer-
gus 2014; Bhat, Alhashim, and Wonka 2021) and self-
supervised methods (Godard, Mac Aodha, and Brostow
2017; Godard et al. 2019) achieved strong performance

but struggled to generalize due to dataset biases. Transfer
learning with pretrained backbones (e.g., ImageNet (Deng
et al. 2009)) improved generalization but still required task-
specific tuning. Recent foundation models like MiDaS (Ran-
ftl et al. 2020) and Depth Anything (Yang et al. 2024a,b)
enhance robustness by training on large-scale data.
Source-Free Domain Adaptation: Source-Free Domain
Adaptation (SFDA)(Liang, Hu, and Feng 2020) adapts mod-
els without access to source data. Our work aligns with
SFDA, as zero-shot generalization often relies solely on pre-
trained models. In classification, early SFDA methods re-
construct source-like features(Ding et al. 2022) or augment
target samples (Jing et al. 2022; Hwang et al. 2024). More
recent approaches use contrastive learning (Zhang et al.
2022b; Chen et al. 2022), pseudo-labeling (Liang, Hu, and
Feng 2020), and iterative self-training (Karim et al. 2023),
along with diversity constraints (Mitsuzumi, Kimura, and
Kashima 2024) and feature alignment (Lee and Lee 2023;
Su, Xu, and Jia 2022). For regression, TASFAR (He et al.
2024) calibrates models using pseudo-label distributions. In
depth estimation, some methods discretize depth into ordinal
labels (Yi and Kim 2023), while others combine scale align-
ment and self-supervision (Li et al. 2023) to adapt without
target supervision.
Robustness in Depth Estimation: MDE models often fail
under severe domain shifts like weather or noise, as shown
in RoboDepth (Kong et al. 2023). Our analysis reveals that
even state-of-the-art models (e.g., Depth Anything V2) de-
grade significantly under compounded corruptions. While
this vulnerability is known, systematic methods to address it
remain limited. We present a principled solution to enhance
robustness under such shifts.
Weakly Supervised Depth Estimation: Due to the diffi-
culty of obtaining dense depth labels, alternatives like self-
supervision from videos (Godard, Mac Aodha, and Brostow
2017; Zhao et al. 2022) and weak supervision via ordinal
or semantic cues (Chen et al. 2016) have gained popularity.
Inspired by this, we introduce a structured pairwise ranking
loss that enforces transitive ordinal relations, promoting a
globally coherent depth manifold.

Methodology
Problem Formulation
We begin by formally defining the task of adapting a pre-
trained monocular depth estimation foundation model to a
target domain. Let Ds = {xi, di} denote a labeled source
dataset, where xi represents input RGB images and di their
corresponding ground-truth depth maps. A depth estimation
model f(x; Θ) is trained on this data using supervised or
semi-supervised techniques (Yang et al. 2024a). Although
the pre-trained model often generalizes well to many un-
seen domains, we hope to further enhance its effectiveness
on the unseen domains. Our goal is to adapt f(x; Θ) to a
new target domain dataset Dte = {xj} by utilizing a small
set of either unlabeled or weakly labeled training samples
Dtr = Dw

tr ∪ Du
tr, where Dw

tr = {xj , wj} is weakly labeled
and Du

tr = {xj} is unlabeled. An overview of the framework
is presented in Figure 2.
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Figure 2: Illustration of the overall framework. Two augmentations are applied and the teacher model Θ̃ generates pseudo labels.
Self-training is regularized by model weights consistency and optionally weak labels to adapt pre-trained foundation model.

Domain Adaptation via Self-Training
We first consider a fully unsupervised adaptation scenario,
where Dw

tr = ∅. Self-training (ST) is a well-established tech-
nique for unsupervised adaptation of pre-trained models,
particularly successful in classification tasks (Su, Xu, and
Jia 2022; Liang, Hu, and Feng 2020). ST typically adopts a
teacher-student architecture (Tarvainen and Valpola 2017),
where the teacher model generates pseudo labels to guide
the student model’s learning.

We employ an Exponential Moving Average (EMA) up-
date rule for maintaining the teacher weights: Θ̃t+1 =

αΘ̃t+(1−α)Θt+1, where α is a smoothing factor. Each un-
labeled sample is augmented with weak (Tw) and strong (Ts)
perturbations before being passed to the teacher and student
models, respectively. The self-training loss is defined as:

Lst =
1

|Du
tr|

1

HW

∑
xi∈Dtr

∑
p∈xi

Lst(p), (1)

where Lst(p) denotes the point-wise self-training loss, H
and W are the height and width of the image.
Semantic-Aware Hierarchical Normalization: Depth nor-
malization is a crucial component in our self-training frame-
work, designed to resolve the inherent scale and shift ambi-
guity in both the teacher’s pseudo-labels d∗ and the student’s
predictions d. For each pixel p with depth dp and associated
context Cp, normalization maps the depth into a canonical
space using robust statistics:

Φ(dp, Cp) =
dp − t(Cp)
s(Cp) + ϵ

(2)

where t and s denote the median and the median absolute
deviation (MAD) of depths within Cp.

Traditional normalization approaches differ primarily in
how they define Cp. Global Normalization (Ranftl et al.
2020; Yang et al. 2024a) uses a single context Cp =
Cglobal containing all valid pixels. In contrast, Hierar-
chical Depth Normalization (HDN) (Zhang et al. 2022a;
He et al. 2025) constructs a multi-scale hierarchy Cp =
{Cglobal, Cl−1, Cl−2, . . . } based on fixed grids or depth bins.
However, these content-agnostic groupings often fragment
semantic objects, leading to unstable statistics.

We propose Semantically-Aware Hierarchical Depth Nor-
malization (SA-HDN) to address these limitations by defin-
ing the hierarchy using semantic instance masks. SA-HDN
includes two levels:

• The Global Context Cglobal provides a scene-level nor-
malization using all valid pixels.

• The Instance Contexts {Ck
ins} capture fine-grained

object-level structure, where each Ck
ins contains pixels in

a specific object instance Mk.

We employ SAM2 (Ravi et al. 2025) to automatically
generate Mk on the fly, allowing flexible domain-adaptive
context construction without retraining. For each pixel p
assigned to instance k, the context is defined as Cp =
{Cglobal, Ck

ins}, enabling dual supervision at global and in-
stance levels. The self-training loss at pixel p is then defined
as the average MAE between the normalized pseudo-label
and prediction over all associated contexts:

Lst(p) =
1

|Cp|
∑
c∈Cp

∣∣sg(Φ(d∗p, c))− Φ(dp, c)
∣∣

d∗p = f(Tw(xp); Θ̃t), dp = f(Ts(xp); Θt)

(3)
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where sg(·) indicates stop-gradient to block teacher back-
propagation. Φ applies the context-dependent normalization
to the predicted relative depth.

Weakly Supervised Adaptation
While self-training strategy described above provides con-
sistent performance gains even without labeled data, its ef-
fectiveness is hampered by confirmation bias from pseudo-
labels, which can reinforce structural errors. Furthermore, it
becomes redundant and offers only marginal gains when the
baseline model is already proficient. To overcome these is-
sues, we complement the dense self-training with a weakly
supervised objective (Chen et al. 2016), incorporating a min-
imal and inexpensive set of relative depth annotations such
that Dw

tr ̸= ∅, to guide a more efficient adaptation.
Each weak label wj = {p+jn, p

−
jn, ljn} represents the

ordinal relationship between two pixels. The label ljn ∈
{−1, 0, 1} indicates whether p+jn is farther, equal in depth,
or closer than p−jn, respectively. We use a margin ranking
loss to enforce these relations:

Lweak =
∑

(p+
jn,p

−
jn,ljn)∈wj

ℓ(d̂+jn, d̂
−
jn, ljn) (4)

where the loss for a single pair is defined as

ℓ(d̂+jn, d̂
−
jn, ljn) =1(ljn ̸= 0) ·max (0,−ljn∆djn + δ)

+ 1(ljn = 0) · |∆djn|
s.t. ∆djn = d̂+jn − d̂−jn, d±jn = f(Tw(xj); Θt)p±

jn

(5)
where δ is a slack variable controlling the margin. This loss
encourages depth estimates that are consistent with the weak
supervision, even with sparse annotations. Our experiments
demonstrate that a small amount of such supervision signif-
icantly enhances training stability and generalization.

Robust Adaptation with LoRA
Full fine-tuning of large-scale MDE foundation models is
often impractical due to excessive computational demands
and limited batch sizes, which lead to inefficiencies and
potential overfitting on small target datasets. Additionally,
full fine-tuning risks catastrophic forgetting of pre-trained
knowledge, leading to potentially poorer performance on
the target domain. To address this challenge, we adopt a
low-rank adaptation (LoRA) strategy (Hu et al. 2022), in-
jecting trainable low-rank matrices into each attention layer
Θa ∈ Rd1×d2 of the encoder. The adapted weights are for-
mulated as:

Θa + UV (6)
where U ∈ Rd1×r and V ∈ Rr×d2 with r ≪ min(d1, d2).
Only U and V are updated during adaptation, substan-
tially reducing memory and computational overhead. This
lightweight tuning mitigates overfitting and catastrophic for-
getting while retaining the model’s generalization capabili-
ties.
Weight Regularization: Despite LoRA’s benefits, adapta-
tion under severe domain shifts or noisy pseudo-labels re-
mains susceptible to confirmation bias, where erroneous

pseudo-labels may reinforce model errors. To stabilize adap-
tation, we introduce a weight regularization term that con-
strains the student weights to remain close to the pre-trained
initialization.

Let U0, V0 be the initial LoRA weights (typically U0V0 =
0), and Ut, Vt be the student’s current weights. We define a
regularization loss that penalizes large deviations:

Lreg =
∑

Utk∈Ut,Vtk∈Vt

∥∥∥α
r
UtkVtk

∥∥∥2
2

(7)

where α controls the regularization strength. This encour-
ages parameter updates only when strongly justified by new
evidence from the target domain, helping to mitigate overfit-
ting and stabilize adaptation.

Overall Loss
Starting from a public depth foundation model, we perform
adaptation using a self-training framework enhanced with
weight regularization and weak supervision. The total loss
is a weighted sum of three components.

L = λstLst + λwLweak + λrLreg (8)

Experiment
Datasets and Metrics
We evaluate our method WeSTAR on several widely-used
datasets across diverse scenarios. These datasets exhibit sig-
nificant domain shifts from the training data, providing a
robust testbed for assessing the generalization ability of
our method under diverse distribution shifts. The evalu-
ated datasets include: NYU-V2 (Silberman et al. 2012),
KITTI (Geiger et al. 2013), Sintel (Butler et al. 2012),
DIODE (Vasiljevic et al. 2019), and their correspoding
corrupted benchmarks NYU-C, KITTI-C, DIODE-C, and
Sintel-C, following (Kong et al. 2023). These benchmarks
introduce 6 types of corruptions at the highest severity 5 to
the original datasets. Moreover, to evaluate our method on
more realistic datasets under distribution shift, we choose
the night version of NuScenes (Caesar et al. 2020) and
the DrivingStrero (Yang et al. 2019) dataset with different
weathers (Sunny, Cloudy, Foggy and Rainy). More dataset
details are provided in the Appendix.

For each dataset, we construct non-overlapping training
and test splits. Adaptation is performed only on the training
split, while evaluation is carried out on the unseen test set.
Evaluation Metrics: Following (Yang et al. 2024a,b), we
adopt two standard metrics to evaluate depth estimation per-
formance on all datasets: δ1 (the percentage of pixels sat-
isfying max(d∗i /di, di/d

∗
i ) < 1.25) and AbsRel (the mean

absolute relative error 1/N
∑N

i=1 |d∗i − di|/di).

Experimental Settings
MDE Model: We focus on Relative Depth Estimation and
adopt two Relative MDE foundation models, Depth Any-
thing v2 (Yang et al. 2024b) and MiDas v3.1(Birkl, Wofk,
and Müller 2023) as our base model, known for their strong
zero-shot generalization.
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Figure 3: Qualitative results on some selected examples.

Hyper-parameters: We use AdamW optimizer with weight
decay of 0.0001. For Depth Anything v2 backbone, loss
weights {λst, λw, λr} are set to {1.0, 0.001, 1.0}. Initial
learning rate is set to 0.1 and scaled linearly with batch
size (Goyal et al. 2017), i.e., 0.1 · (BS/256). A cosine an-
nealing schedule is applied to decay learning rate. We train
for up to 100 epochs with early stopping after 30 epochs.
The EMA decay factor is 0.996. We use a LoRA with the
rank of 8 and alpha of 16. Hyper-Parameters for Midas v3.1
backbone follow a similar configuration, as detailed in the
appendix. All experiments are conducted on single NVIDIA
RTX 3090 GPU with a batch size of 4.
Pixel-Pairs Sampling: To construct the ranking loss in
weakly-supervised component, we employ a structured
pixel-pair sampling strategy instead of sampling pairs in-
dependently. For each image, we perform 5 sampling it-
erations. In the k-th iteration, we first randomly select an
anchor pixel pk, then randomly sample a farther point p+k
and a nearer point p−k . This results in two structured pairs,
(p+k , pk) and (pk, p

−
k ) for supervision. Unlike random sam-

pling, this approach enforces the geometric property of tran-
sitivity, providing more coherent and consistent supervision.
Competing Methods: We compare our method WeSTAR
against approaches from source-free domain adaptation and
weakly supervised depth estimation. As a baseline, we in-
clude the zero-shot performance of the original pretrained
model without fine-tuning (Source). Among adaptation
methods, TTT++(Liu et al. 2021) applies contrastive learn-
ing and online feature alignment for improved test-time ro-
bustness. FR(Eastwood et al. 2022) uses softly-binned his-
tograms for feature alignment, while TTAC(Su, Xu, and
Jia 2022) aligns Gaussian feature distributions across do-
mains. SSA(Adachi et al. 2025) proposes a regression-
specific strategy by aligning features in a dominant sub-
space. Note that FR, TTAC, and SSA rely on source-domain
statistics, which are unavailable in true zero-shot settings,

but we include them here for comparison. We also consider
recent ViT-based self-supervised learning methods, which
have proven effective for unsupervised feature representa-
tion. In particular, we use iBOT(Zhou et al. 2021) as a repre-
sentative baseline due to its strong performance. We further
fine-tune our encoder module using iBOT and denote this
variant as iBOT*. For weak supervision, SGRL(Xian et al.
2020) introduces a structure-guided relative ranking loss. To
ensure fairness, all methods are evaluated using the same
backbone.

Adaptation Results on Diverse Benchmarks
Adaptation to Corrupted Datasets: We present the com-
parison results on four corrupted benchmarks and report
the average performance over all 6 corruptions in Table 2
(detailed results on each corruption are deferred to the Ap-
pendix). When the target images are affected by data corrup-
tions, sensor failures, or adverse weather conditions, the per-
formance of the base model degrades significantly. Specifi-
cally, the average performance of NYU-C across 6 corrup-
tion types drops from δ1: 97.7 to 87.4 (a 10.5% decrease)
and AbsRel: 4.6 to 10.6 (a 56.6% increase). These re-
sults underscore the substantial challenge that domain shifts
pose to the zero-shot generalization capability of monocular
depth estimation (MDE) foundation models.

When SFDA methods such as TTAC, FR, and SSA are
applied, they consistently improve performance compared
to the baseline model. In contrast, applying TTT++ results
in a noticeable degradation in performance in KITTI-C. This
suggests that simple contrastive loss and feature alignment
mechanisms are insufficient to effectively handle the distri-
bution shifts caused by the corruptions.

Meanwhile, the self-supervised method iBOT* demon-
strates competitive performance without access to the
ground truth, highlighting the strength of robust feature
learning under severe domain shifts. Similarly, the weakly
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Method NYU KITTI Sintel DIODE NuScenes D-Sunny D-Foggy D-Cloudy D-Rainy

δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel

Source 97.7 4.6 93.4 8.4 74.8 20.3 95.0 7.0 74.4 18.5 78.4 15.7 91.3 9.0 81.5 14.5 84.8 12.1
TTT++ 97.7 4.6 93.4 8.3 74.8 20.2 95.2 7.0 74.5 18.4 78.4 15.7 91.3 9.0 81.5 14.4 84.9 12.1
TTAC 97.7 4.6 93.4 8.5 75.0 20.5 95.0 7.0 74.4 18.5 79.5 15.4 91.1 9.1 82.0 14.4 84.5 12.2
FR 97.6 4.7 93.8 8.2 74.6 20.6 95.0 7.4 74.4 18.5 79.1 15.5 91.3 9.0 82.3 14.3 84.8 12.1
SSA 97.8 4.5 93.5 8.4 75.5 18.9 95.1 6.9 74.3 18.4 79.6 15.3 90.8 9.1 82.1 14.4 84.7 11.9
iBOT* 97.7 4.6 93.2 8.7 74.1 20.5 95.0 7.1 74.5 18.4 78.4 15.6 91.5 8.9 81.6 14.4 84.7 12.1
SGRL 97.6 4.8 94.1 7.7 76.9 21.9 95.1 6.9 75.8 17.6 83.4 13.5 92.0 8.5 84.4 12.9 85.3 12.0
WeSTAR 98.2 4.3 95.1 7.2 82.2 16.9 95.2 6.5 78.1 16.2 82.8 13.6 92.5 8.2 85.4 12.5 87.4 10.6

Table 1: Adaptation results on unseen realistic datasets. For δ1, higher is better, while for AbsRel, lower is better.

supervised method SGRL also achieves strong results, illus-
trating the potential of weak supervision for improving ro-
bustness in the presence of corruptions. Notably, WeSTAR
consistently achieves state-of-the-art performance across
nearly all corruption types, clearly demonstrating superior
generalization under challenging distribution shifts.

We observe a similar results on other datasets, but TTT++
shows better performance than the unadapted baseline
model. WeSTAR maintains a consistent advantage across the
majority of corruption types, particularly under severe dis-
tortions. The performance gains are especially pronounced
on the more challenging synthetic scenes in the Sintel-C
dataset, further validating the robustness and generaliza-
tion capability of our WeSTAR. Notably, with the MiDaS
backbone, TTT++ outperforms other SFDA methods, while
WeSTAR maintains a clear advantage, further validating its
effectiveness in various backbones. We excluded NYU-C
and KITTI-C since their clean versions are part of MiDaS’
training data, ensuring fair evaluation.

Method NYU-C KITTI-C Sintel-C DIODE-C

δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel

Source 87.4 10.6 83.2 13.2 60.3 30.6 88.0 11.1
TTT++ 90.1 9.7 70.2 19.4 62.7 27.1 88.7 10.5
TTAC 91.2 8.9 84.7 12.7 62.3 29.7 89.2 10.6
FR 91.2 8.8 84.0 12.9 62.6 29.5 89.2 10.5
SSA 91.3 8.8 84.2 12.7 63.7 28.5 88.9 10.6
iBOT* 92.1 8.5 85.6 12.5 62.7 29.0 89.6 10.3
SGRL 92.4 8.4 87.4 11.3 66.5 29.9 90.0 10.0
WeSTAR 94.6 7.1 88.7 10.5 71.8 24.1 91.3 9.3

Table 2: Adaptation results averaged over all 6 types of cor-
ruptions on corrupted datasets.

Results on Realistic Datasets With Diverse Scenarios:
As shown in Table 1, the powerful Depth Anything V2
model already exhibits a high performance ceiling on stan-
dard benchmarks such as NYU, KITTI, and DIODE, leaving
limited room for further improvements, where most adapta-
tion methods struggle to yield further gains and may even
degrade performance. In contrast, our proposed WeSTAR
consistently maintains or improves upon this strong base-
line. Notably, the benefits of WeSTAR are especially evi-
dent on the synthetic Sintel dataset and in realistic scenarios
involving complex environmental changes, such as varying

weather and lighting conditions. This highlights the supe-
rior generalization ability of our WeSTAR, even when adapt-
ing to clean yet distributionally distinct target domains. We
also reach similar conclusions on Midas v3.1 backbone in
Table 3. To ensure fair evaluation, we excluded NYU and
KITTI as they are included in the training data.
Qualitative Studies: We present qualitative results on cor-
rupted and realistic test samples in Figure 3. The compari-
son includes predictions on the corresponding clean images
(Clean Depth), predictions from the pre-trained model with-
out adaptation (Pre-trained Model), and results from various
adaptation methods. Note that when the target image is not
the corrupted version, ”clean depth” and ”Pretrained Model”
is the same result. Overall, our proposed method WeSTAR
consistently produces more accurate depth estimates, often
surpassing even the predictions on clean images. More visu-
alization results are provided in appendix.

Ablation Study and Additional Analysis
Effects of Individual Components: We conduct ablation
studies on three datasets as shown in Table 4. Starting from
the zero-shot baseline, applying self-training (ST) consis-
tently improves performance, especially on the corrupted
Sintel-C dataset (δ1: 60.3 → 63.3, AbsRel: 30.6 → 27.6),
indicating enhanced robustness under domain shifts. How-
ever, ST brings only marginal gains on clean datasets like
Sintel and NuScenes, due to confirmation bias from inac-
curate pseudo-labels and the strong geometric prior of the
pre-trained model, which limits further improvement from
ST alone. Weak supervision (WS) moderately improves δ1
(e.g., 74.8 → 77.5 on Sintel), but its scale insensitivity intro-
duces geometric distortions and yields inconsistent AbsRel
results, sometimes even degrading performance (e.g., 20.3
→ 24.1 on Sintel). Weight regularization (WR) further sta-
bilizes training by anchoring to initial parameters, reducing
overfitting to noisy pseudo-labels or ordinal relations. Com-
bining all components, WeSTAR significantly outperforms
all variants, highlighting their complementary effects.
Effects of Tuning Different Modules: Table 5 shows that
LoRA-based adaptation consistently outperforms full fine-
tuning. Although full fine-tuning slightly outperforms LoRA
on Sintel-C, this likely stems from its tendency to overfit
corruptions. In contrast, LoRA constrains updates to a low-
rank subspace, mitigating overfitting and preserving pre-
trained knowledge. Tuning only the decoder brings no im-
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Method Sintel-C DIODE-C Sintel DIODE NuScenes D-Sunny D-Foggy D-Cloudy D-Rainy

δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel δ1 AbsRel

Source 43.2 40.5 74.6 17.7 58.6 30.4 91.4 9.3 52.3 32.5 73.7 17.8 84.2 11.9 77.2 16.4 62.2 22.4
TTT++ 48.4 36.6 81.7 14.3 61.5 26.6 91.4 9.3 53.0 32.3 75.9 16.8 84.5 11.9 78.1 15.9 67.5 18.6
TTAC 44.8 38.3 80.2 15.0 58.7 30.4 91.4 9.3 52.3 32.5 73.6 17.8 84.2 11.9 77.2 16.4 62.1 22.5
FR 45.2 38.0 81.4 14.7 58.6 30.4 91.4 9.3 53.6 32.0 73.5 17.9 84.5 11.7 78.5 15.7 69.4 18.6
SSA 45.5 38.8 80.3 15.2 58.6 30.4 91.4 9.3 53.1 31.8 75.2 17.2 83.7 12.0 78.1 15.8 70.7 18.0
SGRL 52.0 35.6 85.9 12.2 65.5 26.2 91.6 9.1 63.4 24.4 79.8 15.2 85.3 11.2 79.1 15.0 74.5 16.2
WeSTAR 56.6 34.8 86.6 12.0 67.9 25.8 91.7 9.0 67.5 22.0 78.3 15.8 87.1 10.1 80.4 14.5 75.3 15.5

Table 3: Adaptation results for MiDas v3.1 backbone.

ST WR WS Sintel-C Sintel NuScenes

δ1 AbsRel δ1 AbsRel δ1 AbsRel

- - - 60.3 30.6 74.8 20.3 74.4 18.5
✓ - - 63.3 27.6 74.9 20.3 74.4 18.4
- - ✓ 68.3 28.2 77.5 24.1 76.9 16.9
✓ - ✓ 70.1 27.1 80.2 21.3 76.8 16.7
✓ ✓ ✓ 71.8 24.1 82.2 16.9 78.1 16.2

Table 4: Ablation Studies of Individual Component. ”ST”
is the self-training loss, ”WS” is the weakly-supervised loss
and ”WR” is the weight regularization loss.

provement, and updating both encoder and decoder offers
no advantage over encoder-only tuning, emphasizing the en-
coder’s key role in adaptation.

Component Sintel-C Sintel NuScenes

δ1 AbsRel δ1 AbsRel δ1 AbsRel

All Params 72.4 24.8 80.8 19.5 77.1 16.4
Encoder 72.2 24.7 80.7 19.4 77.2 16.6
Decoder 60.3 30.7 74.8 20.5 74.7 18.3
LoRA 71.8 24.1 82.2 16.9 78.1 16.2

Table 5: Effects of tuning different modules.

Effects of Normalization: Table 6 validates SA-HDN
against Global Norm and HDN. Our method clearly outper-
forms both, consistently surpassing the strong Global Norm
baseline and the grid-based HDN. This is due to its ability to
enforce geometric consistency at multiple semantic scales.
By normalizing within instances, it preserves fine-grained
structure often lost in global alignment.

Norm Sintel-C Sintel NuScenes

δ1 AbsRel δ1 AbsRel δ1 AbsRel

Global 70.9 24.2 80.8 16.4 77.2 16.7
HDN 68.9 28.1 78.6 22.4 77.2 16.6
SA-HDN 71.8 24.1 82.2 16.9 78.1 16.2

Table 6: Effects of different Normalization methods.

Training Stability: We evaluate training stability by exam-
ining performance trajectories on Sintel in Figure 4. Fea-
ture alignment and contrastive methods (e.g., TTAC, FR)
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Figure 4: Comparative Performance over Training Epochs
on Sintel.

show modest, inconsistent gains due to sensitivity to low-
quality pseudo-labels and feature drift. SSA yields smoother
but conservative improvements, avoiding abrupt changes
yet limiting progress. The self-supervised method iBOT
achieves rapid early gains but quickly plateaus, suggesting
pretrained features alone are insufficient for sustained adap-
tation under corruption. SGRL, a weakly supervised ap-
proach, improves sharply initially but degrades over time,
especially on DIODE Indoor-C, due to limited and noisy su-
pervision causing divergence toward suboptimal solutions.
By contrast, WeSTAR delivers stable, consistent improve-
ments on both δ1 and AbsRel through training, benefiting
from reliable task-specific supervision and effective regular-
ization that prevent performance drops and model drift.

Conclusion
This work investigates the generalization capabilities of
pre-trained depth estimation foundation models under un-
seen and corrupted conditions. When limited unlabeled and
weakly labeled target domain data is available, we pro-
pose an adaptation strategy that combines self-training with
weight regularization and optional ordinal supervision. This
design effectively addresses challenges posed by unreliable
pseudo-labels and facilitates stable adaptation. Our compre-
hensive experiments across diverse benchmark datasets val-
idate the efficacy of our method, showing substantial im-
provements in both realistic and challenging corrupted do-
mains. The results underscore the potential of combining
weak supervision and regularized adaptation to enhance the
robustness and applicability of depth estimation foundation
models in real-world scenarios.
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