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• TLDR: A perceptual codec that works well for both screen and 
natural images



Lay of the Land

• Optimal coding for perceptual and screen/machine vision
• Naïve implementation of optimal coding framework
• Enhanced condition of three level

• Domain level, Adaptor level, Instance level

• Experimental Results
• Ablation Study
• Main Results



Optimal Coding for Screen/Machine Vision

• Notation:
• Denote source image as X
• Denote code for X as Y = f(X), f(.) is encoder
• Denote reconstruction image as X’ = g(Y), g(.) is decoder

• Setting of Screen/Machine Vision:
• Have some information Z, that can be determined from X

• We are really sure about Z given X, such that Z = h(X) for some function h(.)
• No blurry results, no uncertainty!

• We want to preserve information Z, even from X’



Optimal Coding for Screen/Machine Vision

• (One of) optimal coding for screen / machine vision:
• Encode Z losslessly, encode Y with Z as condition
• Decode Z losslessly, decode Y’ with Z as condition
• … but this is too naïve? Don’t we need joint coding / loss function?

• This is already optimal, as:
• If we want to preserve Z fully, it is determined by Y, H(Z|Y) = 0
• Then H(Z,Y) = H(Y) + H(Z|Y) = H(Y) = H(Y|Z) + H(Z)
• To encode Y, is the same as encode Z, then Y|Z 
• Formally in [Conditional Perceptual Quality Preserving Image 

Compression]
• Joint coding / loss function just squeeze all Z into Y, which is the same



Optimal Coding for Perceptual + Screen

• We say the perceptual quality is optimal, if:
• P(X) = P(X’), but why?
• We follow [Perception Distortion Trade-off], the human’s successful rate 

to distinguish source X, compressed X’ is 0.5 + 0.5 * DTV(p(X), p(X’))
• The optimal perceptual quality is when people can not tell difference 

between X, X’, which means DTV(p(X), p(X’)) = 0, p(X) = p(X’)

• How to achieve?
• Train a conditional generative model as decoder, such that:
• X’ ~ g(Y, Z) = p(X|Y, Z), this leads to p(X) = p(X’)



Naïve Implementation

• A quite naïve implementation of the optimal coding for perceptual 
+ screen framework:
• Encode 1: we use Teasseract OCR to extract Z from X, encode the 

coordinate exp-golomb, encode text with cmix.
• Encode 2: we train a MLIC [Multi-Reference Entropy Model for Learned 

Image Compression] with text Z as condition, to optimize R-D 
performance on screen images. We use this model to encode Y=f(X,Z) 

• Decode 1: we decode text information Z
• Decode 2: we decode Y, then X’ = g(Y,Z)
• Decode 3: we train a conditional diffusion model, with Z, Y as condition, 

to learning posterior p(X|Z,Y), this step is named diffusion rendering.



Naïve Implementation
• Diagram of diffusion rendering. Very straightforward!

• Glyph is just a rendering of text location and content, using PIL.drawtext. 
• Glyph helps diffusion model learns better [Glyph Conditional Control for Visual Text 

Generation]



Three Level Improvements

• Naïve Implementation does … NOT 
work empirically
• Severe color drifting from the source 

image

• Three level improvements:
• Domain, adaptor and instance

• Domain level improvement:
• Train a LoRA to adapt the original stable 

diffusion model to screen contents
• Construct prompt such as “a 

screenshot image showing …”, … is the 
OCRed content



Three Level Improvements

• Adaptor level improvement:
• A better adaptor than ControlNet [Adding Conditional Control to Text-to-

Image Diffusion Models]
• We use an variant of StableSR [Exploiting Diffusion Prior for Real-World 

Image Super-Resolution] for the X’ conditional branch, while we stick to a 
copy of ControlNet to process glyph

• Instance level improvement:
• During inference, we combine the instance constraint in [Idempotence 

and Perceptual Image Compression]
• With a new constraint using OCR loss as operator described in [Diffusion 

Posterior Sampling for General Noisy Inverse Problems]



Three Level Improvements

• Summary of three-
level improvements

• Simplify into natural 
images:
• No domain level, no 

OCR guidance, no 
glyph input using 
text information



Experimental Results: Ablation Studies



Experimental 
Results
• Comparison to other 

text condition / text 
enhancing approach:
• Our approach is the 

only one that achieve 
both high text 
accuracy and 
perceptual quality



• Comparison to other codec:
• Ours is the only able to achieve high text accuracy and visual quality at 

the same time



Resources

• Contact: x.tongda@nyu.edu, or wechat: 18510201763
• Reference:

• Optimal machine code: [preprint 23 Conditional Perceptual Quality Preserving 
Image Compression]

• Perceptual codec: [ICML 19 The Rate-Distortion-Perception Tradeoff]
• Diffusion control: [CVPR 23 Adding Conditional Control to Text-to-Image 

Diffusion Models] [IJCV 24 Exploiting Diffusion Prior for Real-World Image Super-
Resolution]

• Glyph rendering: [GlyphControl: Glyph Conditional Control for Visual Text 
Generation]

• Diffusion guidance: [ICLR 23 Diffusion Posterior Sampling for General Noisy 
Inverse Problems] [ICLR 24 Idempotence and Perceptual Image Compression]

• MSE optimized codec: [MM 23 MLIC: Multi-Reference Entropy Model for Learned 
Image Compression]
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