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Supplementary Material

A. Dataset Details

We train our model on two synthetic datasets, Hyper-
sim [37] and Virtual Kitti [2], and conduct zero-shot eval-
uations on five additional real-world datasets that were not
part of its training data, NYUv2 [41], KITTI [16], Scan-
Net [6], ETH3D [40], and DIODE [45]. Details of each
dataset are provided below.

A.l. Training Datasets

Hypersim [37] is a photorealistic synthetic dataset de-
signed for comprehensive indoor scene understanding, and
is introduced since obtaining per-pixel ground truth labels
from real images is often challenging or impossible for
many essential scene understanding tasks. This dataset is
created using a vast collection of synthetic scenes developed
by professional artists, resulting in 77,400 images across
461 indoor scenes with detailed per-pixel annotations and
corresponding ground truth geometry. HyperSim is built
exclusively using publicly accessible 3D assets. It includes
complete scene geometry, material properties, and light-
ing information for each scene. Also, it provides dense
per-pixel semantic instance segmentations and comprehen-
sive camera details for each image. Further, it decomposes
each image into diffuse reflectance, diffuse illumination,
and a non-diffuse residual component that captures view-
dependent lighting effects. In terms of training split, for
Marigold and E2E-FT, as mentioned in the Experiments
Section, we utilize the official dataset split to select approx-
imately 54,000 samples from 365 scenes, and the RGB im-
ages and depth maps are resized to a resolution of 480 x
640 pixels. For Lotus, approximately 39,000 samples are
selected, and the RGB images and depth maps are resized
to a resolution of 576 x 768 pixels. The original distance
measurements, defined relative to the focal point, are trans-
formed into standard depth values relative to the focal plane.
Virtual Kitti [2, 13] Virtual KITTI is a photorealistic
synthetic video dataset created for training and evaluat-
ing computer vision models on various video understand-
ing tasks, including object detection, multi-object tracking,
scene-level and instance-level semantic segmentation, op-
tical flow, and depth estimation. The dataset comprises 50
high-resolution monocular videos (a total of 21,260 frames)
generated from five distinct virtual urban environments,
each presented under varying imaging and weather condi-
tions. These virtual scenes were developed using the Unity
game engine and an innovative real-to-virtual cloning tech-
nique. The synthetic videos come with precise, fully auto-
matic annotations for 2D and 3D multi-object tracking, as

well as per-pixel category, instance, flow, and depth labels.
We use its upgraded version, Virtual KITTI 2 [2], which
consists of the same five sequence clones as Virtual KITTI,
with increased photorealism. It takes advantage of recent
advancements in lighting and post-processing within the
game engine, making the variations in the virtual sequences
more closely mimic real-world changes in conditions. For
training, we choose four scenes, comprising around 20,000
samples, and crop the images to match the resolution of the
KITTI benchmark [16]. The maximum depth is capped at
80 meters. For all models, the resolution is set to 352 x
1216.

A.2. Evaluation Datasets

NYUv2 [41] dataset comprises 24,231 synchronized RGB
images and depth maps at a resolution of 640 x 480, rep-
resenting various indoor scenes such as homes, offices, and
commercial spaces, captured using a Microsoft Kinect. The
standard split includes 249 training scenes and 215 test
scenes. For our experiments, we use the official test set.
Consistent with prior works [1, 20, 62-64], we exclude
samples without valid ground truth, resulting in 654 valid
images for evaluation. We perform evaluation on NYUv2
over a depth range spanning from 1 x 10~3 to 10 meters.
KITTI [16, 17] contains 61 driving scenes with research in
autonomous driving and computer vision. It contains cal-
ibrated RGB images with synchronized point clouds from
Velodyne lidar, inertial, GPS information, etc. Following
prior works [1, 20, 62-64], we used Eigen split [8]. It con-
sists of 652 testing images after filtering out images with-
out a valid ground truth. We follow the evaluation protocol
of [9] for our experiments.

ScanNet [6] is an extensive RGB-D video dataset con-
taining 2.5 million views in more than 1500 scans, anno-
tated with 3D camera poses, surface reconstructions, and
instance-level semantic segmentations. Data was collected
using an RGB-D capture system (with a Kinect sensor)
that includes automated surface reconstruction and crowd-
sourced semantic annotation. We use the same evaluation
configuration of Marigold [20], where 800 images are ran-
domly selected from the 312 official validation scenes for
evaluation.

ETH3D [40] is a multi-view stereo and 3D reconstruction
benchmark encompassing a diverse range of indoor and out-
door scenes. High-precision laser scanning was used to ob-
tain the ground truth geometry. Images were captured us-
ing both a DSLR camera and a synchronized multi-camera
rig with varying fields of view. For evaluation, following
Marigold [20], we use all 454 samples that include ground



truth depth maps.

DIODE [45] is a dataset containing both indoor and out-
door scenes with high-quality dense depth maps acquired
using a FARO Focus S350 laser scanner. The indoor scenes
are captured in a variety of settings such as living rooms,
bathrooms, and offices, while the outdoor scenes include
gardens, plazas, and sidewalks. Following Marigold [20],
we use the entire validation split, which encompasses 325
indoor samples and 446 outdoor samples.

B. Implementation Details

B.1. Visualization

When visualizing the ground truth depth map, we apply
the same affine transformation we used in training. As
described in the Experiments Section, we apply a linear
normalization ensuring that the depth values primarily fall
within the range [—1, 1]. The affine transformation for nor-
malization is defined as:

gk = (y—yz - 0.5> X 2, (1)
Y2 — Yos

where y2 and yog represent the 2% and 98% percentiles
of the depth maps, respectively. Then, we apply min-max
normalization to both the ground truth and predicted depth
maps, scaling them to integer values within the range [0,
255]. These normalized depth maps are then visualized us-
ing the OpenCV MAGMA colormap.

It is important to note that, unlike Marigold [20], which
applies linear fitting to the ground truth for error correction,
we do not use this approach. While linear fitting can adjust
predictions to more closely align with the ground truth, it
does not accurately reflect the true distribution of the depth
map predictions or provide a clear assessment of predic-
tion quality. Instead, we conduct visualization by applying
the same training normalization to the zero-shot evaluation
dataset, avoiding linear fitting and its error correction.

B.2. Training Details

Marigold. For Marigold [20], we implemented our method
using PyTorch, employing Stable Diffusion v2 [38] as the
backbone and maintaining the original pre-training config-
uration with the v-objective [39]. The training process uti-
lized the DDPM noise scheduler [19] with 1,000 diffusion
steps, while at inference time, the DDIM scheduler [43] was
employed with 50 sampling steps for faster results. Our
training setup spanned 30,000 iterations, with an effective
batch size of 32 achieved through gradient accumulation
over 16 steps (with a per-step batch size of 2) to fit on a sin-
gle Nvidia RTX 3090 GPU. We used the Adam optimizer
with a learning rate set at 3 - 107> and included random
horizontal flipping with a probability of 0.5 as data aug-
mentation. For depth normalization, we employed a scale

and shift-invariant method with clipping enabled and set the
normalization range between -1.0 and 1.0, using a 0.02 min-
max quantile to maintain robustness. This normalization
strategy was applied during training and zero-shot evalua-
tions for consistency. The training noise scheduler initial-
ized from the pre-trained Stable Diffusion v2 [38] model
maintained a noise strength of 0.9 and incorporated an an-
nealed strategy to progressively reduce noise levels. We
saved checkpoints every 50 iterations, with backup, valida-
tion, and visualization checkpoints set at intervals of 2,000
iterations. The training process typically converged after
approximately 20,000 iterations, though we extended train-
ing to 30,000 iterations for thorough coverage. We used
mean squared error (MSE) as the loss function, with re-
duction set to “mean” for averaged loss calculation. A
customized iteration-wise exponential scheduler is applied,
which adjusts the learning rate iteratively using an exponen-
tial decay function. It decays the learning rate to 1% of its
initial value over 25,000 iterations with a warmup phase of
100 steps. For text generation, generating a single caption
for an image using LLaVA v1.6 on an RTX 3090 takes ap-
proximately 3.6 seconds, and we generate 10 captions for
each image. For training, we generate 740,000 captions,
using 740 GPU hours on an RTX 3090.

Lotus. For Lotus, we implemented our method using Py-
Torch, employing Stable Diffusion v2 [38] as the backbone
and maintaining the original pre-training configuration. The
training process utilized the DDPM noise scheduler [19]
with 1,000 diffusion steps (inherited from the pre-trained
Stable Diffusion v2 configuration), while at inference time,
the DDIM scheduler [43] was employed with 1 sampling
step. Our training setup spanned 20,000 iterations, with an
effective batch size of 36 achieved through gradient accu-
mulation over 3 steps (with a per-step batch size of 4) across
3 Nvidia RTX 3090 GPUs. We used the 8-bit Adam opti-
mizer with a learning rate set at 3-10~° and a constant learn-
ing rate scheduler without warmup. We included random
horizontal flipping with a probability of 0.5 as data aug-
mentation. For depth normalization, we employed a trun-
cated disparity method, which was applied during training
and zero-shot evaluations for consistency. We saved check-
points every 500 iterations for Lotus-D and every 1,000 it-
erations for Lotus-G, with validation checkpoints set at the
same intervals. The training process typically converged af-
ter approximately 20,000 iterations. The training utilized a
mixed dataset strategy, combining Hypersim [37] at a reso-
lution of 576 x 576 (sampled with 90% probability) and
VKITTI [2] at a resolution of 375 x 375 (sampled with
10% probability). For text generation, we used InternVL3-
8B [67] to generate a single caption for each image. The
generation process employed a specialized prompt focusing
on depth estimation attributes (camera factors, scene prop-
erties, relative distances, object types, scales, illuminations,



texture, visual features, occlusions, and boundaries), with a
maximum token limit of 77 tokens per caption.

E2E-FT. For E2E-FT [15], we implemented our method
using PyTorch, employing Stable Diffusion v2 [38] as the
backbone and maintaining the original pre-training config-
uration with the v-objective [39]. The training process uti-
lized the DDPM noise scheduler [19] with 1,000 diffusion
steps (inherited from the pre-trained Stable Diffusion v2
configuration), while at inference time, the DDIM sched-
uler [43] was employed with 1 sampling step. Our training
setup spanned 20,000 iterations, with an effective batch size
of 32 achieved through gradient accumulation over 16 steps
(with a per-step batch size of 1) across 2 Nvidia RTX 3090
GPUs. We used the Adam optimizer with a learning rate
set at 3 - 1075 and a customized iteration-wise exponen-
tial learning rate scheduler that decays the learning rate to
1% of its initial value over 20,000 iterations with a warmup
phase of 100 steps. We included random horizontal flip-
ping with a probability of 0.5 as data augmentation. We
employed mixed precision training with bfloat16 (bf16) for
improved efficiency. For depth normalization, we employed
a quantile-based method with clipping enabled, using the
0.02 and 0.98 quantiles to remove outliers and then normal-
izing the depth values to the range [-1.0, 1.0]. This normal-
ization strategy was applied during training and zero-shot
evaluations for consistency. The training utilized a mixed
dataset strategy, combining Hypersim [37] (sampled with
90% probability) and VKITTI [2] (sampled with 10% prob-
ability). For text generation, we used InternVL3-8B [67] to
generate a single caption for each image. The generation
process employed a specialized prompt focusing on depth
estimation attributes (camera factors, scene properties, rel-
ative distances, object types, scales, illuminations, texture,
visual features, occlusions, and boundaries), with a maxi-
mum token limit of 77 tokens per caption.

B.3. Evaluation metric

Following the affine-invariant depth evaluation proto-
col [20, 33, 34, 58, 64], for each image and the pre-
dicted relative depth y, we fit a pair of scalars denoting the
scale and shift parameters of the transformation: (&, B) =
9y (y,y*) € R?. The metric depth prediction is obtained by
y= &oerBsuchthat:

« o1 A .
¥" = argmin > MGG 5) —y(@ 5] (@)
(i,5)€Q

where §y = & -y + B denotes the predicted metric-scale
depth aligned from relative depth y, (i,7) €  denotes an
image coordinate, and M : € — {0,1} denotes a binary
mask indicating valid coordinates in the ground truth depth
y* with values greater than zero. Then, we follow [3, 25,
63, 64, 66] to evaluate using first-order threshold accuracy,

calculated as:

_ - y(i,j) y (i)
=% Ofy(l,]) s.t. maX(y*(i,j)’ y(l,])

and mean absolute relative error, calculated as:

AbsRel = — E — “4)
| M| i y*(i,7)
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C. Additional Experiments

C.1. Additional visualizations

We provide additional visualization and analysis for indoor
scenes in Figure 1 and outdoor scenes in Figure 2. We
use several samples in the NYUv2 [41] and KITTI [16, 17]
datasets across diverse types of scenes. We have provided
examples in captions under each figure. These visualiza-
tions demonstrate that leveraging the language enhances the
model’s ability to understand the geometric characteristics
of the specified regions and objects. It shows that language
plays a critical role in guiding the model’s attention to rele-
vant regions and providing context for improved depth pre-
diction. It highlights subtle or easily overlooked details,
such as small objects or instances, and enhances the per-
ception of complex scenes with multiple objects or intricate
surfaces. Additionally, language descriptions offer an es-
sential context for partially observed or occluded objects,
enabling the model to infer details that visual cues alone
might miss. By integrating language, the model achieves a
more comprehensive and accurate understanding of scenes,
especially in challenging scenarios.

D. Potential Negative Social Impact

Integrating language into depth estimation may be misused
in surveillance or privacy-sensitive environments to infer
spatial layouts without consent, increasing the risk of unau-
thorized spatial reconstruction of private spaces. Also, be-
cause integrating text relies on natural-language inputs, it
inherits biases embedded in textual prompts or language
corpora, potentially leading to systematic errors for cer-
tain objects or environments and raising fairness concerns
for downstream applications such as robotics and AR/VR.
Finally, incorrect language descriptions may cause halluci-
nated geometry in safety-critical domains such as naviga-
tion or autonomous systems, where inaccurate depth esti-
mation could lead to hazardous decisions. The high compu-
tational cost of training diffusion-based models also con-
tributes to energy consumption, underscoring the impor-
tance of responsible development and deployment.
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The image shows a small, dimly lit bathroom
with a toilet, sink, towel hanging on a rack,
and a partially open door revealing a storage
area.

The image shows a cluttered home office with

chair, a cluttered space with cardboard boxes, —

and a child's play area with a letter "A" on it.

The image shows a music-themed room with a
keyboard, guitars, microphones, and other
musical equipment arranged near a window
with curtains, along with shelves and other

ﬁk‘ furniture in the background.
Ay

The image shows a cozy bedroom with a white
dresser, decorative plates on a blue wall, a
wicker laundry basket, sheer curtains letting
in soft light, and a neatly made bed with a
side table.

The image shows a computer lab with
doorway in the background and multiple
desks, each equipped with a desktop
computer, a monitor, and a keyboard.

The image shows a formal dining room with a
glass-top table surrounded by black chairs,
set on a decorative rug, with artwork on the
walls and a small bar cart in the corner.

The image shows a modern dining room with
a dark wooden table, padded chairs, built-in
shelves, framed artwork, two crystal
ornaments on the table, and a ceiling fan.

Figure 1. Additional visualization on NYUv2. Compared to Marigold, integrating text demonstrates better depth prediction, particularly
for instances specified in the language description (highlighted in red text and marked with red boxes). The language description effectively
guides the model’s attention to relevant regions, especially those easily overlooked by visual cues due to a small size or a transparent texture,
such as “a green spray can” in the 1st row and “two crystal ornaments” in the last row. It also improves perception under challenging visual
conditions, like “shelves” in the 4th row and “a white dresser” in the 5th row, both of which are under poor illumination and are difficult
to tell from visual alone. Additionally, it supports complex reasoning about scene layouts that might be misinterpreted from visual cues
alone, such as “a doorway in the background” in the 6th row. Furthermore, it provides critical context for partially observed or occluded
objects, such as “a partially open door revealing a storage area” in the 2nd row and “a small bar cart in the corner” in the 7th row.
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Image

The image shows a city intersection with
pedestrians crossing the street, a cyclist
waiting, and a car stopped at a red light under
a sign, with buildings covered by trees.

The image shows a straight, empty road
Text surrounded by dense greenery and tall trees,
with sunlight filtering through the foliage.

The image shows a bustling pedestrian street
lined with shops, cafes, bicycles, and people
walking and interacting in an urban setting.
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Marigold
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Truth

Figure 2. Additional visualization on KITTI. Compared to Marigold, integrating text demonstrates superior depth prediction, particularly
for instances specified in the language description (highlighted in red text and marked with red boxes). The language description effectively
guides the model’s attention to relevant regions that might otherwise be overlooked due to their small size or subtle visual cues. Examples
include “banners advertising a store” in the upper 1st column and “a red car and a blue car” in the upper 2nd column. Additionally, it
enhances perception in complex scenes featuring multiple objects or intricate surfaces. For instance, it accurately captures “surrounded by
trees” in the lower 1st column, “dense greenery and tall trees” in the upper 3rd column, and “bicycles, and people walking and interacting”
in the lower 3rd column. Furthermore, the language descriptions provide essential context for partially observed or occluded objects, such
as “buildings covered by trees” in the lower 2nd column.



C.2. Ablation for prompts to generate text

To study the effect of different prompts for text genera-
tion, here we use Marigold [20] and the visual question-
answering model LLaVA v1.6 Mistral [26] to generate one
text for each training image and testing image. The prompt
we use should elicit responses that capture essential details,
including the positioning of objects, their interactions, and
notable features that influence monocular depth estimation.
We generate different prompts using ChatGPT 4o [28], with
the prompt:

“Generate prompt for a vision-language model to gener-
ate language description for each given image in one sen-
tence. The prompt we use needs to elicit responses that in-
clude essential details, such as the positioning of objects,
their interactions, and notable features that may impact
depth estimation.”

We present the results in Table 1, showcasing various
language descriptions generated by LLaVA under different
prompts. While the performances exhibit some variation,
they remain consistently comparable. This demonstrates
that diffusion-based depth estimators can be enhanced as
long as they are provided with meaningful language de-
scriptions of 3D scenes that resemble natural human de-
scriptions.

C.3. Different denoising steps

As demonstrated in Figure 8 in the main text, we evaluate
the Marigold baseline and the Marigold with both training
text and inference text, with different denoising steps dur-
ing inference. The performances are shown in Table 2. With
more denoising steps, performance gradually improves. In-
tegrating text consistently outperforms the baseline across
various denoising steps, converging in just 10 steps, while
the baseline requires 25 steps. This suggests that the lan-
guage can speed up the denoising process and accelerate
convergence.

C.4. Template Prompt Comparison

When training with text, we also consider inference scenar-
ios where user-provided descriptions are unavailable. We
therefore explore whether the model can still perform com-
parably by using either a blank input or standardized tem-
plate prompts. Specifically, we use the Marigold model
trained with text and evaluate the effect of several prede-
fined prompts—ranging from simple ones such as blank
string *”, simple words like “An image”, to more descrip-
tive ones like “A complex 3D scene with varying objects at
different distances”, as inputs to the diffusion-based depth
estimator to maintain its performance.

As presented in Table 3, these template prompts help pre-
serve the model’s performance when explicit language input
is not feasible. The results show that the model achieves
comparable, or even better, performance than the Marigold

baseline when using fixed prompts instead of user-provided
text. This finding suggests that, even when user-provided
descriptions are unavailable, incorporating language during
training itself might enhance the depth estimator’s general-
ization and overall performance.

C.5. Ablation on the Number of Text Captions per
Image

We test Marigold’s performance with different numbers of
captions provided for each image, to test whether increas-
ing the number of texts provided during training improves
the performance. To generate text descriptions for im-
ages, for training images, we use two different versions of

LLaVA v1.6 [26], Mistral and Vicuna, each with 5 different

prompts, to generate 10 text descriptions for each training

image:

» “Describe the image in one sentence, assuming it’s a real-
world image.”

* “Provide a one-sentence description of the image, pay at-
tention to object type, assuming it’s a real-world image.”

* “Capture the essence of the image in a single sentence,
pay attention to object relationship, assuming it’s a real-
world image.”

* “Condense the image description into one sentence, pay
attention to object size, assuming it’s a real-world im-
age.”

o “Express the image in just one sentence, pay attention to
the overall layout, assuming it’s a real-world image.”

For testing images, we use LLaVA v1.6 Mistral, then
prompt this model with:

* “Describe the image in one sentence, assuming it’s a real-
world image. Pay close attention to objects, their spatial
relationships, and the overall layout.”

This prompt encourages generated responses to include
essential details for depth estimation, such as the position-
ing of objects, their interactions, and notable features that
may impact depth estimation. Note that all the training data
we use is synthetic data, and by emphasizing “assuming it’s
a real-world image,” we ensure that the descriptions align
with the types of inputs and scenarios the model will en-
counter.

When multiple captions are available for each image, one
is randomly selected during training. Shown in Table 4,
as the number of captions increases, performance saturates,
and the improvement is marginal. One possible explana-
tion is that different captions provide similar descriptions
of the scene in terms of attributes essential for depth esti-
mation, such as object types, sizes, spatial relationships, and
scene structure, since those captions are prompted to cover
all those essential details. Generating additional captions
does not introduce additional information, thus leading to
only marginal improvements in monocular depth estimation
accuracy.



D. Future Work

3D reconstruction, e.g., depth estimation, is an ill-posed in-
verse problem, where there are insufficient constraints to
uniquely infer depth for every pixel, less provide a metric-
scale estimate, necessary to support spatial applications.
Hence, the introduction of additional information is nec-
essary to resolve such ambiguities. This work considers
monocular depth estimation [I, 11, 12, 14, 21, 22, 25, 44,
51,53,62,63, 66] and focuses on evaluating the influence of
language on the fidelity of affine-invariant diffusion-based
monocular depth estimators. However, we foresee use cases
of this work to extend beyond a single image, as insights
garnered in our findings are relevant to general 3D recon-
struction. Hence, we foresee in relevance in multi-view
depth estimation [4, 7, 18, 46—49, 60, 61, 65]. Addition-
ally, as multi-sensory approaches to depth estimation have
become common, we also see language being relevant to
fusion of camera and lidar [5, 10, 27, 29-32, 35, 52, 54—
57, 59] or radar [23, 24, 36, 42, 50]. Furthermore, existing
works [63, 64] have demonstrated language to be useful in
aligning monocular depth estimators to metric scale. This is
beyond the scope of this paper. As promising metric-scale
depth estimation has been demonstrated by previous work,
albeit with feed-forward networks, we believe that language
can likely be used to align diffusion-based models; we leave
this for future work.
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NYUv2 KITTI ETH3D NYUv2 KITTI ETH3D ScanNet
Method Steps
617  AbsRel] 017 AbsRell 617  AbsRell 01T  AbsRel] 01T  AbsRel] 01T  AbsRel] 01T  AbsRel]
. Marigold
Marigold = 95.7 6.1 897 104 4 69 ! 488 338 252 501 501 375 603 257
An image”  95.7 6.1 89.8 10.7 95.1 6.8 2 787 169 722 180 860 127 721 192
Template A 95.8 6.0 90.3 10.6 95.5 6.4 3 92.6 8.2 71.7 153 92.0 8.6 87.1 114
Template B 95.7 6.1 90.5 10.7 95.6 6.5 4 942 70 804  14.1 26 16 207 93
Template C ~ 95.9 6.0 90.2 10.6 953 6.6 5 947 6.7 824 134 943 73 919 86
10 951 64 865 119 249 69 932 78
Template D 95.6 5.8 90.4 105 95.4 6.4 15 951 64 874 116 950 69 %34 77
Template E~ 95.8 59 90.3 10.7 95.6 6.7 20 95.2 6.3 880 114 95.0 6.9 93.7 7.5
Template F 95.9 6.0 90.5 10.5 95.4 6.6 25 953 63 882 113 950 69 937 15
Template G 95.8 6.1 90.3 10.6 95.5 6.3 50 95.3 6.3 88.5 11.2 95.0 6.9 93.8 7.5
Template H  95.7 5.9 90.2 10.7 95.7 6.3 Marigold + Text (Training & Inference)
1 488 338 252 591 50.1 375 603 257
Template I 95.8 6.1 920.6 105 95.4 6.6 2 832 141 747 169 865 120 750 178
Template J ~ 95.8 6.0 90.5 10.6 95.6 6.4 3 943 71 812 139 9230 77 9.6 95
Template K 95.7 58 90.4 10.5 95.5 6.3 4 955 63 847 124 9%7 69 935 718
Ours 95.9 59 90.6 104 95.7 6.5 5 95.7 6.0 87.0 11.6 95.3 6.6 91.9 8.6
10 90 59 899 105 957 65 249 68
Template A: “Describe the image in one sentence. Explain the im- 15 96.0 5.9 90.1 10.4 95.8 6.5 94.9 6.8
age by identifying key objects and their distances from the viewpoint, 20 96.0 5.9 90.3 10.4 95.8 6.5 94.9 6.7
noting any perspective lines or depth cues that indicate the three- 25 960 59 903 104 958 65 949 67
50 960 59 203 104 958 65 249 67

dimensional structure of the scene.”

Template B: “Describe the image in one sentence. Describe the image
by specifying the foreground, midground, and background elements,
with emphasis on their relative depth, distances, and spatial relation-
ships within the scene.”

Template C: “Describe the image in one sentence. Describe the im-
age by detailing the foreground, midground, and background objects,
emphasizing their relative distances and spatial positioning within the
scene.”

Template D: “Describe the image in one sentence. Provide an in-
depth description of the image, focusing on the scale and depth of each
visible object and how they overlap or are spaced from one another.”
Template E: “Describe the image in one sentence. Analyze the image
by discussing the size and arrangement of objects, their positions rel-
ative to one another, and any changes in texture or clarity that indicate
varying depths across the scene.”

Template F: “Describe the image in one sentence. Describe the scene
with attention to depth, specifying which elements appear closer or
farther from the viewer and how shadows or lighting contribute to the
perception of depth.”

Template G: “Describe the image in one sentence. Highlight the depth
relationships in the image by describing which objects are in the fore-
ground, which are in the background, and how their relative sizes help
convey distance.”

Template H: “Describe the image in one sentence. Focus on any nat-
ural or man-made structures in the image and describe how their ori-
entation and placement give a sense of depth or perspective.”
Template I: “Describe the image in one sentence. Describe how ele-
ments like roads, pathways, or fences create leading lines that guide
the viewer’s eye into the depth of the scene.”

Template J: “Describe the image in one sentence. Explain how differ-
ences in lighting or shadowing in the image indicate which parts are
nearer or further away from the observer.”

Template K: “Describe the image in one sentence. Analyze the spa-
tial arrangement of the main objects and describe any overlapping or
occlusion that suggests depth relationships between them. ”

Ours: “Describe the image in one sentence, assuming it’s a real-world
image, pay more attention to objects, their spatial relationships, and
the overall layout.”

Table 1. Ablation for prompts to generate language descrip-
tion. Prompts are used to prompt LLaVA to generate language
descriptions for each image. While the performances among dif-
ferent prompts may vary, they remain consistently comparable,
as long as they are meaningful and mimic human descriptions.
Marigold in the first row is trained without text.

Table 2. Performance for different denoising steps. Integrating
text consistently outperforms the baseline across various denoising
steps, with a significantly faster convergence speed for the diffu-
sion process.

NYUv2 KITTI ETH3D
Method
011  AbsRel] 017  AbsRell 61T  AbsRell

Blank text input  95.5 6.2 89.3 10.9 95.0 6.9
“An image” 95.7 6.1 89.8 10.7 95.1 6.8
Template A 95.8 6.0 89.9 10.7 95.3 6.8
Template B 95.7 6.1 89.8 10.7 95.2 6.8
Template C 95.8 6.1 89.8 10.7 95.3 6.8
Marigold* 95.7 6.1 89.7 10.7 95.4 6.9
With text input ~ 95.9 5.9 90.6 10.4 95.7 6.5

Template A: ‘A complex 3D scene with varying objects at different distances.”
Template B: ‘A structured environment with intricate patterns and designs that
create depth and guide the eye through various focal points.”

Template C: ‘An elaborate scene with overlapping objects that create a sense of
distance and spatial hierarchy within the environment.”

Table 3. Inference using fixed template text input. The results
show that the model achieves comparable, or even better, perfor-
mance than the Marigold baseline when using fixed prompts in-
stead of user-provided text. This finding suggests that, even when
user-provided descriptions are unavailable, incorporating language
during training itself might enhance the depth estimator’s general-
ization and overall performance.

NYUv2 KITTI ETH3D
Method
01T AbsRel] 61T AbsRel| 6117  AbsRel|
1 Caption Per Image 95.9 5.9 90.6 10.4 95.7 6.5
2 Captions Per Image  95.9 5.9 90.5 10.4 95.7 6.5
5 Captions Per Image ~ 96.0 5.9 90.4 10.4 95.8 6.5
10 Captions Per Image  96.0 5.9 90.3 10.4 95.8 6.5

Table 4. Training with different numbers of text captions per
image. For images annotated with multiple captions, a caption
is randomly sampled for each training iteration. While adding
more captions initially slightly improves performance, the bene-
fit quickly saturates, yielding only minor gains beyond a certain
point.



