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Motivation

• Different language descriptions can specify different scales of scenes.
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Depth models predicting relative depth need rescaling

• Learning to predict normalized depth map 
• Generalize across different domains (indoors, outdoors)

• Depth distribution are quite different

• Needs to rescale relative depth into metric scale
• Median scaling
• Domain-specific depth decoder

• Representative works
• Depth Anything
• Midas
• DPT
• ……
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Method

• Transfer relative depth to metric depth through a linear transformation
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Results on Indoors
• Better compare with:

• Predicting scale using image
• Global scale.

• Close or even better than 
oracle.
• Median scaling, linear fit.

• Comparable or even better 
than other domain adaptation 
method.
• Depending on the depth model 

we use.
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Results on Outdoors
• Better compare with:

• Predicting scale using image
• Global scale.

• Close or even better than 
oracle.
• Median scaling, linear fit.

• Comparable or even better 
than other domain adaptation 
method.
• Depending on the depth model 

we use.
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Zero-shot Generalization
• Due to the robustness of language description:

• We achieve a better generalization ability compared with using image feature.



Vision Laboratory at Yale University

Indoor Visualization
• RSA reduce overall error (darker in the error map) 

comparing with baseline (DPT with global scale).
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Outdoor Visualization
• RSA reduce overall error (darker in the error map) 

comparing with baseline (DPT with global scale).
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Structural text: Prompt design for RSA

• By including background in text description, scale predication is improved 
especially for outdoors.
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Natural text: Example of LLaVA generated natural text
• The image shows a bathroom with a white sink, a 

white towel hanging on a rack, and a soap dispenser on 
the sink. 

• A bathroom with a white sink and a white towel. 

• A bathroom with a white sink, a white towel, and a 
soap dispenser. 

• A small bathroom with a white sink, a white towel, a 
small soap dispenser, a small bottle of soap, and a 
small bag of toiletries. 

• The image shows a bathroom with a white sink, a 
white towel hanging on a rack, a soap dispenser, a 
toothbrush holder, and a small bag on the sink. 
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Control the scale of a scene using language

• We can control the scale of a scene by controlling its language description, to 
manipulate the scene in a controllable manner.
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Predicted scale w.r.t true scale

• The predicted scale is proportional to the median depth (reflecting true scale of a 
scene), which aligned with our hypothesis.
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Take Home Message

• Language can infer the scale of 3D scenes. 
• Manipulate 3D scenes in a controllable manner.

• Groud relative depth predication into metric scale with language.
• Enpower application of sota depth models.


