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Abstract

Current self-supervised monocular depth estimation (MDE)
approaches encounter performance limitations due to insuf-
ficient semantic-spatial knowledge extraction. To address
this challenge, we propose Hybrid-depth, a novel frame-
work that systematically integrates foundation models (e.g.,
CLIP and DINO) to extract visual priors and acquire suf-
ficient contextual information for MDE. Our approach in-
troduces a coarse-to-fine progressive learning framework:
1) Firstly, we aggregate multi-grained features from CLIP
(global semantics) and DINO (local spatial details) under
contrastive language guidance. A proxy task comparing
close-distant image patches is designed to enforce depth-
aware feature alignment using text prompts; 2) Next, build-
ing on the coarse features, we integrate camera pose infor-
mation and pixel-wise language alignment to refine depth
predictions. This module seamlessly integrates with existing
self-supervised MDE pipelines (e.g., Monodepth2, Many-
Depth) as a plug-and-play depth encoder, enhancing con-
tinuous depth estimation. By aggregating CLIP’s seman-
tic context and DINO’s spatial details through language
guidance, our method effectively addresses feature gran-
ularity mismatches. Extensive experiments on the KITTI
benchmark demonstrate that our method significantly out-
performs SOTA methods across all metrics, which also in-
deed benefits downstream tasks like BEV perception. Code
is available at https://github.com/Zhangwenyao1/
Hybrid-depth.

1. Introduction
Monocular depth estimation (MDE) is a challenging task
involving the accurate prediction of per-pixel depth val-
ues within a scene from a single image. It plays a crit-
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Figure 1. CLIP and DINO exhibit complementary strengths:
CLIP excels in capturing global semantic context, while DINO
specializes in local spatial detail extraction. However, their
fusion is hindered by inherent feature-level mismatches. Direct
aggregation strategies like channel concatenation (Fig. 1(a)) result
in suboptimal depth representations due to misaligned semantic
and spatial features. In contrast, our approach (Fig. 1(b)) employs
depth-aware language prompts as a granularity calibrator to
align cross-level features into a unified depth hierarchy, ensuring
semantic coherence and spatial precision.

ical role in advancing 3D vision, especially in applica-
tions such as autonomous driving [59, 60, 76, 107, 123],
robotics [87, 114, 131, 132, 134, 143], and 3D reconstruc-
tion [18]. Recent advancements in deep learning method-
ologies have enabled supervised MDE algorithms [3, 4, 82,
116] to achieve notable improvements in depth estimation
accuracy. Nonetheless, the reliance on large-scale datasets
with per-pixel depth annotations for supervised training re-
mains a significant bottleneck, limiting their practical appli-
cability in realistic scenarios.

To address these limitations, numerous studies [5, 9, 27,
142] have explored self-supervised MDE by exploiting 3D
geometric consistency in monocular video sequences. For
instance, existing methods typically employ separate net-
work branches to predict depth and camera pose [27, 142],
optimizing the model via image reconstruction and smooth-
ness losses. However, this paradigm suffers from con-
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Figure 2. The detailed pipeline of our proposed method. We first aggregate different-grained features from CLIP and DINO for coarse
depth sensing under contrastive language guidance (Fig. 2(b.1)), incorporating prior geometric knowledge (Fig. 2(a)). These models are
then optimized with the help of the auxiliary camera pose from PoseNet like existing methods to learn a fine depth estimation (Fig. 2(b.2)).
It also can be extended to improve the capture of continuous depth variations. By equipping our method, existing self-supervised MDE
methods (e.g., Monodepth2 [27], ManyDepth [112], and Mono-VIFI [70]) achieve significant performance improvements (Fig. 2(c)).

strained data diversity and limited model capacity, resulting
in performance gaps compared to supervised approaches.

The remarkable success of foundation models such
as CLIP [88] and DINO [8, 77], pre-trained on massive
datasets and subsequently fine-tuned for downstream
tasks, has revolutionized a range of vision applications
including zero-/few-shot classification [51, 68, 141],
detection [30, 138], and segmentation [15, 72, 91]. This
raises the question: “Can large-scale pre-training on coarse
data, followed by task-specific fine-tuning, advance self-
supervised MDE ?” Recent works [21, 53, 101] highlight
the complementary strengths of CLIP and DINO: CLIP
captures global semantic context (e.g., object categories,
scene layouts) through text-image alignment, while DINO
excels at local spatial detail extraction (e.g., edges, local
geometry) via self-supervised patch-level learning. This
synergy suggests a promising pathway for improving
self-supervised MDE. However, as shown in Fig. 1,
naive feature fusion (e.g., direct concatenation) often
produces suboptimal results due to inherent feature-level
mismatches. Specifically, CLIP’s global semantic represen-
tations lack spatial precision for depth estimation, whereas
DINO’s local features fail to encode contextual depth hi-
erarchies [46, 100, 127]. Consequently, harmonizing these
complementary capabilities remains a pivotal challenge for
advancing self-supervised MDE.

To address these issues, we propose Hybrid-depth, a
novel framework that systematically integrates foundation
models (e.g., CLIP and DINO) to extract visual priors
and contextual information for MDE. Our approach intro-
duces a coarse-to-fine learning scheme that progressively
endows CLIP and DINO with depth estimation capabil-
ities while fully exploiting their hybrid-grained features
through language alignment. As illustrated in Fig. 2,
Hybrid-depth consists of two phases: 1). Coarse depth

sensing. This stage aims to harness geometric priors from
autonomous driving scenes (e.g., depth gradients along van-
ishing lines) to design a proxy task with close-distant patch
comparison. Specifically, we extract multi-grained features
from CLIP and DINO along lane markings in images
and align these feature patches with depth-related textual
prompts (e.g., “This patch appears to be [close/far/very
far]”) to formulate two novel contrastive learning losses.
Unlike previous 2D CLIP-based methods [1, 41, 130] that
employ foundation models solely as depth encoders, this
stage equips CLIP and DINO with coarse depth reasoning
ability through structured semantic guidance. 2). Fine
depth estimation. This stage refines Hybrid-depth to
achieve precise depth estimation. Different from previous
methods, Hybrid-depth not only combines camera pose
information but also conducts pixel-wise alignment with
learnable depth prompts for hybrid-grained features. Due
to the modular independence from typical self-supervised
MDE pipelines, Hybrid-depth can be seamlessly integrated
as an enhanced depth encoder to boost performance in
existing frameworks. Additionally, the coarse-to-fine
language guidance harmonizes multi-grained features
by acting as a granularity calibrator (Fig. 1), balancing
the model’s focus between high-level semantic richness
(from CLIP) and low-level spatial precision (from DINO).
This structured multi-scale feature handling maximizes
the complementary strengths of both models. The key
contributions of our work are summarized as follows:

• To the best of our knowledge, our framework is the first
work that leverages foundation models (CLIP and DINO)
for self-supervised MDE. Our approach introduces a
coarse-to-fine learning framework that progressively
transfers 2D priors from foundation models to enhance
3D geometric perception.

• By synergistically aggregating CLIP’s semantic context
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Figure 3. Left: For the coarse depth sensing stage, we first aggregate the CLIP and DINO features and then design two contrastive learning
strategies to endow them with coarse depth sensing capabilities by leveraging geometric priors from self-driving scenes. Right: During the
fine depth estimation phrase, different from previous methods, Hybrid-depth not only combines camera pose information from PoseNet
but also conducts pixel-wise alignment with learnable depth prompts for hybrid-grained features to learn a fine depth estimation ability.

and DINO’s spatial details through language guidance,
we defectively resolve feature granularity mismatches.

• Our method functions as an efficient depth encoder
compatible with existing self-supervised MDE pipelines,
achieving significant performance improvements.

2. Related Works
2.1. Monocular Depth Estimation
2.1.1. Supervised Monocular Depth Estimation
Early researchers [39, 69, 93] conduct monocular depth es-
timation based on traditional computer vision techniques
and hand-crafted features. However, these methods en-
counter limitations due to their reliance on explicit depth
cues. With the development of deep learning, certain ap-
proaches can efficiently learn regressing depth from nu-
merous annotations [25]. In detail, Eigen et al. [19]
first proposes a multi-scale fusion network to regress the
depth value from the RGB images. Based on this, many
researches concentrate on improving the accuracy [6, 12,
49, 50, 52, 55, 63, 78, 80, 83, 94, 96, 108, 126] and gen-
eralization [17, 28, 75, 113, 124]. Furthermore, some
works [3, 24, 64] propose conducting depth regression as
a classification task, and other methods choose to intro-
duce more priors like segmentation [95], geometry[120],
and better objective functions [115]. Recently, many studies
[4, 20, 34, 40, 57, 76, 90, 105, 116, 117, 121, 147] propose
pre-trained models on numerous depth labels that would
work well in generalizable metrics. Nevertheless, collect-
ing vast amounts of manually labeled data is resource-
consuming.

2.1.2. Self-supervised Monocular Depth Estimation
To address the above limitations inherent in the supervised
MDE, Zhou et al. [142] introduces incorporating an addi-
tional PoseNet to learn the 6-DoF camera pose from monoc-
ular videos, enabling the prediction of depths. Building on

this foundation, many advanced techniques [5, 10, 13, 16,
22, 27, 32, 33, 58, 74, 84, 98, 103, 104, 106, 122] are de-
veloped to boost the performance. Other studies leverage
supplementary supervisory information, such as traditional
stereo matching [111] and semantic cues [47, 54]. Many-
depth [112] proposes employing multiple frames available
at test time and leveraging geometric constraints by con-
structing a cost volume, resulting in superior performance.
To tackle the well-known edge-fattening issue, Bello. et
al. [29] and Zhu et al. [145] utilize an occlusion mask
to remove the incorrect supervision under photometric loss.
Furthermore, some works investigate to estimate depths in
more challenging environments like bad weather [92], night
time [102] and indoor environments [43, 136]. However,
these methods typically encounter performance bottlenecks
and overfitting dilemmas due to limited data.

2.2. Foundation Models and Prompt Learning

Recently, CLIP [88] and ALIGN [44] leverage large-scale
image-text datasets containing numerous samples to learn
a joint representation by contrastive learning. By map-
ping image and text information into a common space to
compute the similarity of the text and image, the mod-
els can gain a more comprehensive understanding of vi-
sual and textual inputs. Additionally, single-modal meth-
ods focus on learning from visual data alone: MAE [38]
reconstructs masked image patches to model spatial con-
text, and MoCo [37] builds dynamic dictionaries via mo-
mentum contrast to capture discriminative features. DINO
[8, 77] uses self-distillation with multi-crop augmentation
to learn hierarchical visual patterns. Furthermore, these
pre-trained foundation models also show remarkable trans-
ferability for novel datasets [44, 88] and other downstream
tasks [14, 61, 62, 66, 67, 73, 85, 86, 91, 118, 129, 146].

Prompt learning is tailored to optimize text prompts to
facilitate better downstream performance while maintain-
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ing the generalization of models. Inspired by the recent
advances [56, 81, 81] in NLP, prompt learning has be-
come prevalent in computer vision and multimodal mod-
els. Zhou et al.[140, 141] introduce prompt learning to
CLIP, which changes the input text from the handcrafted
template to learnable context vectors and gains signifi-
cant improvements. Following this, many advanced tech-
niques [11, 45, 51, 51, 71, 133] are proposed to boost per-
formance. Additionally, researchers investigate employ-
ing prompt learning to benefit different downstream tasks
[62, 119, 144]. However, there are few studies on self-
supervised MDE using foundation models.

DepthCLIP [130] is a pioneering attempt to conduct
zero-shot depth estimation using CLIP, but the predicted
depth is ambiguous. Furthermore, Dylan et al. [1], Hu
et.al. [41] and Eunjin et.al. [99] reveal that learnable
prompts outperform the human handcraft template, but they
still underperform previous MDE methods. It implies exist-
ing self-supervised MDE methods with CLIP do not fully
unleash the power of the vision-language model and knowl-
edge [125]. Therefore, we explore employing foundation
models to facilitate self-supervised MDE.

3. Hybrid-depth
We present Hybrid-depth, a novel framework that first ag-
gregates multi-grained features from CLIP (global seman-
tics) and DINO (local spatial details) under contrastive lan-
guage guidance (Sec. 3.1). Then, we further optimize
the model with the help of the auxiliary camera pose in-
formation and align the hybrid-grained features with lan-
guage guidance. Additionally, it could serve as a plug-and-
play depth encoder to improve the capture of continuous
depth variations, thereby enhancing the accuracy of self-
supervised MDE methods (Sec. 3.2).

3.1. Coarse Depth Sensing
As shown in Fig. 3, we use the geometric priors in self-
driving scenes, where depth increases along lane markings,
to serve as a practical proxy for depth supervision be-
cause lane labels are more accessible than precise depth
measurements.

Given an image I from the lane detection datasets such as
TuSimple, we separately extract global semantics features
f clip using CLIP and the spatial details features f dino with
DINO, as illustrated in Fig. 4:

f clip = Fclip(I)

fdino = Fdino(I).
(1)

Considering the final features from the model’s last layer
have limited information, we obtain multi-scale feature
maps from four ResNet blocks of CLIP and DINO 2-, 5-,
8-, and 11-th layers. To match the spatial dimensions of the

DINO features, we interpolate f clip to the size of fdino and
then concatenate them to acquire the fused features f .
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Figure 4. Patch selecting and feature concatenating.

3.1.1. Patch Selecting
We crop a set of patches fP = [fP0

, fP1
, ..., fPN−1] along

the lane labels on the fused features f , where N is the num-
ber of patches (here, N = 7). These selected patches adhere
to the following rules:
• For any two patches (Pi and Pj , 0 ≤ i < j ≤ N−1), the

position of Pi must be higher (e.g., smaller y coordinate)
than that of Pj .

• They are chosen randomly on the column and regularly
internally across the row. This sample strategy could
mitigate the issue of patches exhibiting nearly identical
depth since the dataset is ego-view and vehicles at similar
depths typically appear in the same row.

3.1.2. Depth Prompt Design
The original CLIP is not designed for depth estimation, it
is necessary to customize effective depth text prompts. As
mentioned above, we have successfully collected a series
of patches whose depths are ordinal/ordered. The depth of
different patches is ordinal, and the higher patches corre-
spond to a more or equal depth. Therefore, we construct
ranking-depth text prompts to describe the ordinal relation-
ship of image patches. The depth text prompt is formatted
as “This patch appears to be [depth token]”, where [depth
token] represents a set of rank distances like “very dis-
tant, ..., close, very close”. These prompts are then fed
into the text encoder to output depth text rank embeddings
T = [T0, . . . ,TN−1] ∈ RN×C .

3.1.3. Contrastive Learning
Unlike the original CLIP [88], which relies solely on a sin-
gle contrastive mechanism, We introduce two complemen-
tary types of contrastive learning loss to refine its ability to
differentiate depth-related features:
• Intramodal Contrastive Learning: Within the visual

modality, we enforce depth-aware representation learning
by defining constraints on patch embeddings. Given a set
of extracted features fP, we use the patch index to guide
the feature alignment. Formally, we compute the similar-
ity between patches as follows:

sintrai,j = fPi
· f ′

Pj
, (2)
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where 0 ≤ i ≤ N − 1 and 0 ≤ j ≤ N − 1. We intro-
duce an intramodal contrastive loss to ensure that the self-
similarity of a patch (which serves as a baseline) is higher
than its similarity with patches corresponding to different
depth levels. Specifically, we hope the similarity matrix
S is a specific ordinal matrix as shown in Fig. 3:

Li =

N−1∑
i=0

max
(
0, sintrai′,i − sintrai,i

)
, (3)

where 0 ≤ i
′ ≤ i ≤ N − 1. This loss penalizes cases

where a patch with a lower index (assumed to be closer)
is less similar to its own representation than a patch with
a higher index (assumed to be farther). It ensures that the
learned features reflect the natural depth ordering present
in the image.

• Language-guided Contrastive Learning: In addition to
intramodal contrastive learning, we use language-guided
contrastive learning to align visual features with corre-
sponding depth-related text embeddings. In our frame-
work, each patch is associated with a textual descriptor
(e.g., “near” or “distant”) based on its relative depth po-
sition, which is determined by the patch index, which
serves as a proxy for depth. This association allows us
to ensure that a patch’s visual features are more similar to
its corresponding text embedding than to other depth de-
scriptors. Furthermore, the depth-related text can serve as
a granularity calibrator to promote the fusion of CLIP and
DINO. We first compute the similarity matrix S ∈ RN×N

with elements defined as:

scrossi,j = fPi
·T′

j . (4)

Due to the inheritance of ranking relationships from the
patches and depth text prompts, we hope the similarity
matrix S is a specific ordinal matrix as follows:

scrossi′,i ≤ scrossi,i

Lc =

N−1∑
i=0

max
(
0, scrossi′,i − scrossi,i

)
,

(5)

where 0 ≤ i
′ ≤ i ≤ N − 1. This cross-modal contrastive

loss ensures that the visual features are well aligned with
the semantic depth cues provided by the text, further
reinforcing depth awareness.

By integrating both intramodal and language-guided
contrastive learning, we enable the CLIP and DINO en-
coders to effectively capture and distinguish depth varia-
tions. Notably, only the visual encoder is trained, while the
text encoder remains frozen during this stage.

3.2. Fine Depth Estimation
In this phrase, we obtain a dense depth map by align-
ing the aggregated features with learnable depth instruc-

tion and combining an auxiliary camera pose from multi-
frames as shown in Fig. 3(b). Classically, previous meth-
ods [5, 27, 106, 142] generally formulate self-supervised
MDE as the minimization of a photometric reprojection
error during training. For the random two consecutive
frames (Ia, Ib) from the training video, they utilize separate
branches - DepthNet and PoseNet - to extract depth feature
and pose feature. Based on these two features, they predict
the depth map D̂a for Ia and estimate their relative 6-DoF
camera pose Ma→b.

3.2.1. Learnable Depth Prompt
To mitigate the limitations of human language [1, 141], we
replace manually crafted depth tokens like “close, far, ...”
with N learnable tokens. The learnable depth tokens are
initialized by randomly sampling 512 elements from a nor-
mal distribution with a mean of 0 and a standard deviation
of 0.02. After being processed by the text encoder, we ob-
tain the depth text embedding g ∈ RN×C .

3.2.2. Pixel-level Language Alignment
Given input I from the self-supervised MDE dataset, we
first aggregate hybrid-grained features from DINO and
CLIP to acquire four scales aggregated feature fd. To main-
tain the global semantic understanding of CLIP and the lo-
cal spatial reasoning of DINO, we employ depth instruction
as a granularity calibrator by aligning the aggregated fea-
tures f with the corresponding learnable depth prompt:

fd = ALIGN ⟨f ,g⟩ . (6)

Specially, for the operation ALIGN ⟨f ,g⟩, we adopt follow-
ing steps:
• Reshape f : Initially, we reshape the f into a matrix with

dimensions C ×HW .
• Inner Product with Depth Text Embedding: we compute

the inner product between f and the transpose of the depth
text embedding. This operation yields a new matrix f
with dimensions N ×HW .

• Recover Reshaping: We reshape f back into the desired
feature tensor fd and replace the depth feature from
the original DepthNet in existing self-supervised MDE
methods.
Finally, we predict depth map D̂ by up-sampling f fol-

lowing DPT [89] with the help of auxiliary camera pose.

3.2.3. Reconstruction and Smoothness Loss
Following previous methods [27, 142], we optimize the
model using image reconstruction loss [137] and smooth-
ness loss [26]. Concretely, we warp Ib into Ia to generate
the reconstructed image Îb according to the predicted depth
map D̂a and camera pose Ma→b as following equation:

Îb = Ia

〈
proj

(
D̂a,Ma→b,K

)〉
, (7)
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Method W × H Train Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE
log ↓ δ <1.25 ↑ δ <1.252 ↑ δ <1.253 ↑

GeoNet [122] 640 × 192 M 0.149 1.060 5.567 0.226 0.796 0.935 0.975
Johnston et al. [48] 640 × 192 M 0.106 0.861 4.699 0.185 0.889 0.962 0.982
PackNet-SfM [31] 640 × 192 M 0.111 0.785 4.601 0.189 0.878 0.960 0.982
MonoFormer [2] 640 × 192 M 0.104 0.846 4.580 0.183 0.891 0.962 0.982
DIFFNET [139] 640 × 192 M 0.102 0.764 4.483 0.180 0.896 0.965 0.983
BRNet [36] 640 × 192 M 0.105 0.698 4.462 0.179 0.890 0.965 0.984
FeatureNet [97] 640 × 192 M 0.104 0.729 4.481 0.179 0.893 0.965 0.984
MonoViT [135] 640 × 192 M 0.099 0.708 4.372 0.175 0.900 0.967 0.984
Lite-Mono [128] 640 × 192 M 0.107 0.765 4.561 0.183 0.886 0.963 0.983
DualRefine [22] 640 × 192 M 0.103 0.776 4.491 0.181 0.894 0.965 0.983
Dynamicdepth [23] 640 × 192 M 0.096 0.720 4.458 0.175 0.897 0.964 0.984
SQLdepth [109] 640 × 192 M 0.094 0.697 4.320 0.172 0.904 0.967 0.984
RPrDepth [35] 640 × 192 M 0.097 0.658 4.279 0.169 0.900 0.967 0.985

Manydepth [112] 640 × 192 M 0.098 0.770 4.459 0.176 0.900 0.965 0.983
w/ Hybrid-depth 640 × 192 M 0.096 0.665 4.192 0.170 0.906 0.968 0.985

Mono-ViFI [70] 640 × 192 M 0.105 0.708 4.446 0.179 0.887 0.965 0.984
w/ Hybrid-depth 640 × 192 M 0.094 0.658 4.168 0.169 0.906 0.968 0.985

Monodepth2 [27] 640 × 192 M 0.115 0.903 4.863 0.193 0.877 0.959 0.981
w/ Hybrid-depth 640 × 192 M 0.093 0.596 4.113 0.167 0.910 0.970 0.986

Table 1. Quantitative results on KITTI Eigen split [19] with the state-of-the-art self-supervised MDE methods. “W × H” denotes
the resolution of input images. The column of “train” specifies the way of training, where “M” represents optimizing the model using
monocular video. All results are Post-Processed [26]. The best results are in bold; the second best is underlined. The methods integrate
with Hybrid-depth modules and outperform all previous methods by a large margin on all metrics.

Method W × H Train Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE
log ↓ δ <1.25 ↑ δ <1.252 ↑ δ <1.253 ↑

DepthCLIP [130] - 0-shot 0.473 6.007 12.958 0.680 0.281 0.531 0.696
Hu et al. [41] 704 × 352 1-shot 0.384 4.661 12.290 0.632 0.312 0.569 0.739
Auty et al. [1] 640 × 192 M 0.303 6.322 - - 0.550 0.830 0.938
Monodepth2 w/ Hybrid-depth 640 × 192 M 0.093 0.596 4.113 0.167 0.910 0.970 0.986

Table 2. Comparison with previous MDE methods using CLIP. We outperform all previous methods by a large margin on all metrics.

where ⟨⟩ is the differentiable bilinear sampling operator fol-
lowing [27]. To evaluate the reconstructed images Îb, we
use L1-norm distance in pixel space and SSIM [110] to con-
struct photometric error function following [26, 137]:

Lpe =
β

2

(
1− SSIM

(
Ib, Îb

))
+(1−β)

∥∥∥Ib − Îb

∥∥∥
1
, (8)

where β = 0.85 by default and SSIM computes pixel simi-
larity over a 3 × 3 window. To improve the smoothness of
the predicted depth map, we adopt the edge-aware smooth-
ness loss [26] to regularize the predicted depth map:

Lsmooth = |∂xd∗t | e−|∂xIt| + |∂yd∗t | e−|∂yIt|. (9)

Overall, the total loss Ltotal for training is formulated as:

Ltotal = Lpe + λ ∗ Lsmooth, (10)

where λ is set to 0.001 by default. To reduce the trainable
parameters, we only train the visual encoder, learnable to-
kens, and up-sample layers while freezing the text encoder.

4. Experiments
4.1. Implementation Details
Unless otherwise specified, we use the ResNet-50-based
CLIP [88] visual encoder and DINOVv2 [77] encoder as

the backbone in the image branch and vanilla CLIP text en-
coder. Our models are implemented in PyTorch [79] and
trained for 10 epochs with a batch size of 16. We adopt
AdamW optimizer with an initial learning rate of 1e-4 and
StepLR policy. All the experiments are conducted on a sin-
gle NVIDIA A800 GPU. Moreover, the number of learnable
depth and pose tokens is set to 256.

4.2. Comparison with State-of-the-art
4.2.1. Results on KITTI
Table 1 presents a comparison between three classical MDE
methods - Monodepth2 [27], ManyDepth [112] and Mono -
VIFI [70]—augmented with our framework, and recent
state-of-the-art self-supervised MDE approaches. Our pro-
posed method not only enhances the performance of the
original methods but also outperforms all other approaches
by a significant margin across all evaluation metrics. In ad-
dition, Table 2 reports the same metrics for few-shot or su-
pervised monocular depth estimation methods that utilize
CLIP. Although Auty et al. [1] and Hu et al. [41] achieve
MDE in a supervised manner, their performance remains
substantially lower than that of current self-supervised ap-
proaches. In contrast, Hybrid-depth consistently achieves
higher accuracy across all metrics, demonstrating that our
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Figure 5. Qualitative comparison with Manydepth [112], SQLDepth [109] and Monodepth2 with Hybrid-depth on the KITTI dataset.
Monodepth2 with Hybrid-depth accurately predicts continuous depth in the ground region while preserving sharp object edges.

method effectively leverages the power of large-scale mod-
els and pre-training with depth contrastive learning. Addi-
tionally, we find Hybrid-depth promotes the convergence of
the existing self-supervised MDE methods.

4.2.2. Qualitative Results
Fig. 5 presents qualitative comparisons between Mon-
odepth2 with Hybrid-depth and previous approaches on
challenging KITTI images. The results demonstrate that
Monodepth2 with Hybrid-depth achieves superior struc-
tural and edge preservation compared to its counterparts.
It produces smoother depth estimations in ground regions
while maintaining sharp object boundaries, effectively re-
covering fine details, and significantly reducing depth arti-
facts around object edges.

4.3. Ablation Studies
In this section, we design the experiments to investigate the
following questions:
Q1: Do gains stem from the coarse depth sensing stage,
not backbone improvements? To investigate the source
of performance improvement, we conduct experiments as
illustrated in Table. 3. We compare the results of our ap-
proach with those obtained using the same backbone but
without the coarse depth sensing stage. The findings re-

veal that merely using a more powerful backbone does not
achieve the same level of enhancement. In contrast, the
coarse-to-fine learning scheme boosts performance.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE
log ↓ δ <1.25 ↑

Manydepth [112] 0.098 0.770 4.459 0.176 0.900
w/o co 0.096 0.725 4.374 0.173 0.905
w/ Hybrid-depth 0.096 0.665 4.192 0.170 0.906

Monodepth2 [27] 0.115 0.903 4.863 0.193 0.877
w/o co 0.105 0.752 4.455 0.182 0.902
w/ Hybrid-depth 0.093 0.596 4.113 0.167 0.910

Table 3. Impact of coarse depth sensing stage versus backbone
strength on performance, where “w/o co” denotes that directly
train the models following existing self-supervised MDE methods.

Q2: Is it necessary for language-guided contrastive
learning? To evaluate the effectiveness of language-guided
contrastive, we conducted ablation studies by removing the
cross-modal contrastive loss to compare the performance
against the full model. Furthermore, we explored the role
of intramodal contrastive learning. As shown in Table 4,
the model without feature alignment exhibited a noticeable
decline in performance across all metrics. This suggests
that aligning visual features with depth-related text cues
and intramodal contrastive learning effectively enhances the
model’s understanding of spatial relationships and improves
depth prediction.
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Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE
log ↓ δ <1.25 ↑

ManyDepth [112] 0.098 0.770 4.459 0.176 0.900
w/ Li 0.098 0.717 4.327 0.173 0.905
w/ Lc 0.096 0.667 4.199 0.174 0.905
w/ Hybrid-depth 0.096 0.665 4.192 0.170 0.906

Monodepth2 [27] 0.115 0.903 4.863 0.193 0.877
w/ Li 0.098 0.663 4.236 0.172 0.902
w/ Lc 0.095 0.675 4.160 0.169 0.909
w/ Hybrid-depth 0.093 0.596 4.113 0.167 0.910

Table 4. Comparison of the results with different contrastive loss.

Q3: Is depth instruction necessary as a granularity cali-
brator? To assess the role of depth instruction as a gran-
ularity calibrator, we conducted an ablation study by re-
moving the depth instruction component in both stages. In
the first stage, we disabled the cross-modal contrastive loss
aligning CLIP-DINO features with depth-related text cues,
while the fusion process and intramodal contrastive learn-
ing remained unchanged. During the fine depth estimation
phrase, we used a naive fusion method without language
alignment for CLIP-DINO features. The results in Table 5
show a significant performance drop when depth instruction
is removed, confirming its importance for calibrating gran-
ularity between CLIP and DINO features.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE
log ↓ δ <1.25 ↑

Monodepth2 [27] 0.115 0.903 4.863 0.193 0.877
w/o co-gc 0.098 0.663 4.236 0.172 0.904
w/o fi-gc 0.100 0.717 4.284 0.173 0.905
w/ Hybrid-depth 0.093 0.596 4.113 0.167 0.910

Table 5. Comparison of the results when using depth instruction as
a granularity calibrator in both stages, where “w/o co-gc” and “w/o
fi-gc” represent feature fusion without alignment during coarse
and fine stage, respectively.

Q4: Why do we need both CLIP and DINO? To address
this question, we conducted ablation experiments compar-
ing models that use only CLIP-RN50 or DINOv2 VIT-B
encoder versus our dual-encoder approach as shown in Ta-
ble. 6. Our results, combined with Monodepth2 [27], re-
veal that relying solely on a single encoder significantly de-
grades performance. CLIP provides robust semantic under-
standing, whereas DINO excels at extracting fine-grained
spatial details. By integrating both encoders, our model
leverages complementary strengths to facilitate depth esti-
mation.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE
log ↓ δ <1.25 ↑

Monodepth2 [27] 0.115 0.903 4.863 0.193 0.877
w/ CLIP 0.102 0.752 4.667 0.182 0.902
w/ DINO 0.104 0.769 4.685 0.180 0.903
w/ Hybrid-depth 0.093 0.596 4.113 0.167 0.910

Table 6. Comparison of the result with employing CLIP, DINO,
and CLIP+DINO.

Q5: What is the effect of learnable depth tokens’ count?
As shown in Table 7, we investigate the impact of the num-

ber of learnable depth tokens by varying the token count
in Monodepth2 [27] integrated with Hybrid-depth. The
results demonstrate a non-monotonic relationship: perfor-
mance improves with increasing token count but degrades
beyond this optimal range (e.g., 256 tokens). This trend
arises due to a capacity-overfitting trade-off: while more to-
kens enhance model flexibility, excessive tokens may over-
parameterize the depth prior space, causing overfitting. De-
spite this, Hybrid-depth exhibits strong robustness and out-
performs previous self-supervised methods, thanks to our
depth-aware prompt calibration mechanism.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE
log ↓ δ <1.25 ↑

128 0.095 0.650 4.199 0.170 0.911
256 0.093 0.596 4.113 0.167 0.910
512 0.097 0.658 4.182 0.172 0.908
1024 0.095 0.649 4.154 0.170 0.911

Table 7. Comparison of the results with variant token counts.

Q6: Can Hybrid-depth benefit other 3D perception
tasks such as BEV prediction? We integrate Hybrid-
depth with established BEV perception methods like
BEVDet [42] and FB-BEV [65]. For fair comparison, we
report results using the simplest baseline configurations
for both BEVDet and FB-BEV. As shown in Table 8, our
approach significantly improves the performance of both
methods. These findings reveal that Hybrid-depth could
effectively promote 3D perception.

Method mAP↑ mATE↓ mASE↓ mAOE↓ NDS ↑

BEVDet [42] 0.283 0.773 0.288 0.698 0.350
w/ Hybrid-depth 0.325 0.734 0.281 0.623 0.395

FB-BEV [65] 0.312 0.702 0.275 0.518 0.406
w/ Hybrid-depth 0.348 0.673 0.259 0.464 0.439

Table 8. Comparison on the nuScenes [7] val set. The resolution
of the input image is set to 256× 704.

5. Conclusions
In this paper, we present a novel paradigm named Hybrid-
depth for self-supervised MDE, which progressively equips
the model with the ability to estimate depth from coarse to
fine. Initially, we aggregate different-grained features from
CLIP and DINO for coarse depth sensing under contrastive
language guidance. Then, we fine-tune the model with an
auxiliary camera pose to conduct fine depth estimation,
and it could serve as an efficient depth encoder to im-
prove the capture of continuous depth variations, thereby
enhancing the accuracy of self-supervised MDE methods.
Additionally, we employ depth instruction as a granularity
calibrator mechanism in both stages to address the issue
of granularity mismatch to help hybrid-grained features to
be well harmonized together. This paradigm significantly
outperforms all existing methods by a large margin while
facilitating 3D recognition like BEV perception.
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