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What Visual Generation Does

Visual generative models learn to synthesize images and video from data.

Denoising Diffusion Models: A Generative Learning Big Bang, CVPR 2023 Tutorial
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Diffusion Process: Gradually add noise to the 
image until random noise

𝑥𝑡 = ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡𝜖

𝜖~𝑁(0, 𝐼)

Timestep (t) takes values in 1, …, T (e.g., T = 1000)

• Forward diffusion process that gradually adds noise to input

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851.

Background: Diffusion Models



Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851.
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Sampling Process: Gradually denoise a random 
noise to the image

…

𝑥𝑡 = ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡𝜖

𝜖~𝑁(0, 𝐼)

Neural Network predicts 𝜖

The loss is mean squared error:

• Reverse denoising process that learns to generate data by denoising

Background: Diffusion Models



• Text prompts guide image content.

Image Source: https://hanlab.mit.edu/projects/can

Text-to-Image Diffusion Models



Latent Diffusion Models

High-resolution image synthesis with latent diffusion models, CVPR 2022

Edges, depth, and semantic maps specify visual structure beyond text.
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ControlNet++
Explicit Consistency Feedback for Visual Control

ControlNet++: Improving Conditional Controls with Efficient Consistency Feedback | ECCV 2024



Text Prompts Leave Visual Details Underspecified

An image is worth a thousand words

Overall content

A deer stands on a grassy slope against misty mountains.

Object attributes

Deer: antlers and a brown coat.
Terrain: grass and small shrubs.
Background: misty mountains.

Hard to specify precisely

Exact pose and location
Fine contours and textures
Precise size and spatial relationships



Image Control Signals Improve Controllability

Adding Conditional Control to Text-to-Image Diffusion Models, ICCV 2023
T2I-Adapter: Learning Adapters to Dig out More Controllable Ability for Text-to-Image Diffusion Models, AAAI 2024

ControlNet
T2I-Adapter



Uni-ControlNet UniControl Gligen ControlNet T2I-Adapter

Input condition
(Segmentation mask)

Generated images from existing controllable image generation methods

Uni-ControlNet UniControl Gligen ControlNet T2I-Adapter

Extracted condition (segmentation masks ) from generated images

Image
Generation

Condition
Extraction

Inconsistencies
between input and
extracted condition

Visual Conditions Do Not Guarantee Precise Control



Improving Controllability by Cycle Consistency

Key idea: the condition extracted from a generated image should match the input condition.

Cycle Consistency

Measure pixel-wise differences



What Makes Our Method (ControlNet++) More Controllable?

• Existing methods achieve implicit controllability by introducing image-based conditional control 𝑐𝑣 into the 
denoising process of diffusion models, with the guidance of latent-space denoising loss.

• We utilize discriminative reward models 𝑫 to explicitly optimize the controllability of the diffusion model via 
pixel-level cycle consistency loss.



Reward Feedback Through Full Sampling
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Multi-step Sampling (e.g., 50 steps)

50 denoising passes
High time and 

memory

…

Backpropagation retains activations across the 
sampling trajectory.



Our Efficient Reward Strategy

Add

Noise

Single-step Sampling
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Disturb Consistency

One denoising pass
Lower time and 

memory



Single-Step Reconstruction Is Reliable at Low Noise

Single-step Denoising Visualizations



Diffusion Model Training



ControlNet++ Training Loss

The timestep threshold limits consistency feedback to low-noise reconstructions.

Diffusion Loss:



• Controllability

• The consistency between the input condition and the condition extracted from the generated image.

• The specific metric depends on each image condition

• Image Quality

• FID compares feature distributions of generated and real images.

• Text-Image Alignment

• CLIP-Score, measuring the image-text alignment between the input text and the generated image.

Evaluation



Evaluation Metrics for Controllability



Cycle Consistency Improves Visual Control

Metric ControlNet ControlNet++ Absolute gain

ADE20K mIoU (↑) 32.55 43.64 +11.09

COCO-Stuff mIoU (↑) 27.46 34.56 +7.10

Canny F1 (↑) 34.65 37.04

0.7621 0.8097 +0.0476

LineArt SSIM (↑) 0.7054 0.8399 +0.1345

Depth RMSE (↓) 35.90 28.32 -7.58

HED SSIM (↑)

+2.39

ControlNet++ improves all six control metrics over ControlNet.



Evaluation Metrics for Image Quality and Image-Text Alignment



Control Gains with Competitive FID and CLIP Scores

Better control with competitive FID and CLIP scores.

Tab. CLIP-score (↑) comparison

Tab. FID (↓) comparison



Better Control Produces Better Segmentation Data

ADE20K Segmentation
Dataset

…

Take the ground truth masks in ADE20K as condition

Generate synthetic images
Models: Baseline – ControlNet

Our ControlNet++

…

Synthetic image–mask pairs

Train a segmentation model (e.g.
DeepLabv3) from scratch and

evaluate its performance



Segmentation Training with Synthetic Images



Synthetic Data Improves Real-Data Training



Qualitative Results



More Visualization Results



From Direct Feedback to Preference Optimization

ControlNet++ directly rewards condition fidelity, but its single-step reconstruction is 
reliable only at low-noise timesteps.

Preference optimization offers another path: learn from relative comparisons at 
arbitrary diffusion timesteps.

The next challenge is constructing reliable preference signals.
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CPO
Cleaner Condition Comparisons Across Diffusion Timesteps

CPO: Condition Preference Optimization for Controllable Image Generation | NeurIPS 2025



From RLHF to Direct Preference Optimization

DPO learns directly from preference pairs without an RL training loop.

• Fit a reward model to a dataset of prompts and human preferences 
over pairs of responses

• Use RL to find a policy that maximizes the learned reward

• DPO directly optimizes for the policy best 
satisfying the preferences with a simple 
classification objective

Rafailov, Rafael, et al. "Direct preference optimization: Your language model is secretly a reward model." Advances in neural  information processing systems 36 (2023): 53728-53741.



Diffusion-DPO

• DPO for text-to-image diffusion models

• Compare a preferred and rejected image under the same prompt

• Train with reference-relative denoising-error differences

Wallace, Bram, Meihua Dang, Rafael Rafailov, Linqi Zhou, Aaron Lou, Senthil Purushwalkam, Stefano Ermon, Caiming Xiong, Shafiq Joty, and Nikhil Naik. "Diffusion model alignment using direct preference optimization." In Proceedings of the 
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 8228-8238. 2024.

𝐼𝑤: Preferred 𝐼𝑙: less preferred 



Image Preferences Can Mix Control and Quality

A more controllable image may still contain visual artifacts.

𝐼𝑤 𝐼𝑙 𝑐

Better pose alignment

Hard to guarantee quality

artifacts



How about using the real image as the winner?

A tempting image-pair construction

Same pose condition  c

WINNER

Real image

(I_real, c)

Pose matches c

vs.

LOSER

Generated image

(I_generated, c)

Pose may also match c

The generated image may follow the pose but differ in texture, color, or realism.

The preference label does not isolate controllability.



CPO Data: One Image, Two Conditions

• Condition Preference Optimization

• Compare correctly aligned and perturbed conditions

• Keep the training image fixed

Input image 

Condition detector Generation

Condition detector

(aligned condition)𝒄𝒘

𝒄𝒍(perturbed condition) 



Why condition preference is cleaner

Image-based DPO CPO

Comparison Two images Two conditions

Variation Control + visual factors vary Image remains fixed

Curation Sample and filter image pairs One generated sample

Signal Confounded, higher variance Focused, lower variance

Keep the image fixed to isolate condition fidelity.



CPO Training: One Image, Two Conditions



Direct Preference Optimization: From Pair to Loss

One condition, two outputs, one labeled preference

Preference pair

condition  c

Winner Loser

Label: the winner should

rank above the loser

1 Compare the current generator with a frozen reference

2 Convert the reward difference into a model preference score

3 Minimize negative log-probability of the labeled preference

DPO increases the current model‘s relative preference for the labeled winner,
while remaining anchored to the reference policy

𝑟𝜃 𝑥, 𝑐 = 𝛽 log
𝑝𝜃 𝑥 ∣ 𝑐

𝑝ref 𝑥 ∣ 𝑐

𝑝 ≡ 𝑃𝜃 𝑥𝑤 ≻ 𝑥𝑙 ∣ 𝑐 = 𝜎 𝑟𝜃 𝑥𝑤, 𝑐 − 𝑟𝜃 𝑥𝑙, 𝑐

ℒDPO = −𝔼 𝑐,𝑥𝑤,𝑥𝑙 ∼𝒟 log 𝜎 𝛽 log
𝑝𝜃 𝑥𝑤 ∣ 𝑐

𝑝ref 𝑥𝑤 ∣ 𝑐
− log

𝑝𝜃 𝑥𝑙 ∣ 𝑐

𝑝ref 𝑥𝑙 ∣ 𝑐

𝑥𝑤 𝑥𝑙

Sigmoid function



From Image Preference to Condition Preference

DPO compares two images under one condition; CPO compares two conditions for one fixed image.



Quantitative Results: Controllability

CPO improves its starting model across all tested control types.



CPO vs DPO

Quantitative comparison on COCO-Pose

At matched pose accuracy, CPO 
achieves lower FID than DPO



Qualitative Comparison: Segmentation Control

Original image & condition Ours ControlNet++ ControlAR ControlNet



More Segmentation-Control Examples



Pose-Control Examples
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CPO constructs cleaner comparisons.
Semi-DPO learns from conflicting preference labels.



Semi-DPO
Robust Preference Optimization via Semi-Supervised Learning

Learning from Noisy Preferences: A Semi-Supervised Learning 
Approach to Direct Preference Optimization | ICLR 2026



One Binary Preference Can Hide Conflicting Visual Attributes

Noisy Label
(Conflicting Supervision)

Collapsing multidimensional preferences into one label can create conflicting gradient signals.



• Reframe learning with noisy labels as a semi-supervised learning (SSL) 
problem

• A two-stage framework
• First stage: Multi-Reward Consensus

• Second stage: Iterative self-training

Semi-DPO: Filter, Relabel, and Retrain



Identify a Consensus-Labeled Subset

Separate consensus-labeled pairs 
from the remaining data

Start with labeled image pairs.
Keep pairs when all five reward models agree with 
the original label. Treat the rest as unlabeled.

Pick-a-Pic V2: about 21% of labels agree with all five 
proxy reward models.



Train the Initial Preference Model

Train the initial diffusion model
using clean labeled preference data



Generate Timestep-Conditional Pseudo-Labels

The model predicts pseudo-labels.
Keep only confident predictions.



Why Can a Diffusion Model Predict Pairwise Preferences?

Diffusion-DPO already learns a binary decision over image pairs.

During DPO training

The preference label y is known

pₜ = Pθ(A > B | c, t) = σ(zₜ)

L_BCE = -[y log pₜ + (1-y) log(1-pₜ)]

During pseudo-labeling

The preference label is unknown

zₜ > 0        A is the pseudo-winner

zₜ < 0        B is the pseudo-winner

|zₜ| measures confidence

Keep only pairs above the timestep-specific confidence 

threshold.

No extra classification head: Semi-DPO reuses the DPO logit to predict and filter pseudo-labels.

Known label

model's sigmoid ranking score

logit from current/reference denoising errors

BCE learns which image should rank higher.

A wins at this timestep

B wins at this timestep

supports confidence filteringmodel's sigmoid ranking score

logit from current/reference denoising errors

c: shared prompt     t: noise level     σ: sigmoid
Sigmoid function



Iteratively Refine Preference Learning

=



Confidence Filtering Across Diffusion Timesteps



Semi-DPO Improves Multi-Reward Alignment

Reward Score comparisons on HPS v2, Parti-Prompt and Pick-a-Pic V2 datasets.



Qualitative Comparison



Qualitative Comparison
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ViPO: focused image and video preferences at scale.



ViPO
Reward Data Scaling: robust pairwise-preference visual preference learning

ViPO: Visual Preference Optimization at Scale | ICLR 2026

46



A Preference Needs a Clear Criterion

Prompt:

A vast green grassland, blue sky and 
white clouds, two cows are grazing 
with their heads down.

Prompt alignment: A
Visual quality: B

Which image wins?



DPO Strongly Corrects Disagreement with the Label

p = model agreement with the labeled winner

DPO loss:  L = −log p Logit-update magnitude:  1 − p

Model disagrees with label Model agrees with label

p = 0.1 p = 0.9

Loss ≈ 2.30 Loss ≈ 0.11

Update magnitude = 0.90 Update magnitude = 0.10

• Low p can describe a valid, difficult pair.

• A conflicting label can also have low p.



On Pick-a-Pic V2, More Data Barely Improves Standard DPO



p = σ(z): agreement with labeled winner   |   α = tunable coefficient

Standard DPO L = −log p

Taylor view −log p = (1 − p) + ½(1 − p)² + ⅓(1 − p)³ + ⋯

Poly-DPO L = −log p + α(1 − p)

α adjusts the first polynomial term; the full −log p remains.

Logit gradient:  ∂L/∂z = −(1 − p)(1 + αp)

• α > 0 gives a larger proportional boost to higher-p pairs.

• This changes pair influence.

Poly-DPO Adjusts How Preference Pairs Influence Learning

x (1+ α)



Poly-DPO Adjusts How Preference Pairs Influence Learning



Poly-DPO Scales on the Same Noisy Data



How ViPO Data Is Built: Best Generator + Best Judge for Each Dimension

Dimension Pairs How the pair is generated Who labels the winner

ViPO-Image-1M  (1024px, 5 × 200K pairs)

Aesthetics 200K Same prompt, two strong generators 3 VLMs vote

Composition 200K Same prompt, two strong generators 3 VLMs vote

Text Rendering 200K Only top text-rendering models OCR checks spelling; VLM if tie

Human Quality 200K 11 open models vs. Seedream-3.0 VLM checks anatomy

Alignment 200K Original prompt vs. slightly edited prompt No judge: original-prompt image wins

ViPO-Video-300K  (720p+, 3 × 100K pairs)

Motion Quality 100K Same first frame, different video models VLM scores; drop too easy / ambiguous

Visual Quality 100K Animate image pairs all 3 VLMs agreed on Inherit the image label

Alignment 100K Same image, two different motion prompts No judge: video matching its prompt wins

Why high-quality:  pairs differ in ONE dimension ·  best judge per dimension ·  keep consensus, non-trivial pairs



✓ chosen (winner)     ✗ rejected (loser)



✓ chosen (winner)✗ rejected (loser)



Poly-DPO Scales on Our ViPO Data

53



Summary: Better Signals, Better Visual Generation

MEASURE

ControlNet++

Explicit cycle-consistency 
feedback measures control 

fidelity.

→

ISOLATE

CPO
Condition preferences 
separate controllability 

from image-quality 
confounders.

→

DENOISE

Semi-DPO
Consensus filtering and 
timestep-conditioned 
pseudo-labels recover 

useful preferences.

→

SCALE

ViPO
Category-focused image 
and video pairs provide 

clearer preference signals 
at scale.

Signal quality, structure, and scale shape visual generation.



Future Directions: Benefits and Risks

Pro
Sytenthic data generation, medical
domain, robotics, etc

Cons
Responsible AI,
How to detect generated images/videos,
and art.

Future Directions: Benefits and Risks

+ OPPORTUNITIES

Robotics

Generate rare, dangerous, and long-tail training scenarios

Healthcare

Augment scarce imaging data, with clinical validation

Science

Create controlled data with known factors



Diffusion Model for Unsupervised Medical Image Anomaly Detection

DDPM

×T

Inference

Anomaly MapUnhealthy Image Generated Image

T2I Adapter
.. ..   ... ..  

3D Conv Block

Attention Block

×T

Masking

Block

Training

m

DDPM

Healthy Image

Iqbal, Hasan, Umar Khalid, Chen Chen, and Jing Hua. "Unsupervised anomaly detection in medical images using masked 
diffusion model." Machine Learning in Medical Imaging, pp. 372-381. Cham: Springer Nature Switzerland, 2023.



SciVideoBench

Prepare a 0.1 mg/ml stock solution of 

the standard, bovine serum albumin. 
Any other standard may be chosen, 
but note that the same standard 

must be used in all experiments

Dilute the unknown samples in deionized 

water. Aim to 5-50 μg/ml. Yet, higher or 
lower protein concentrations are 
acceptable, since there is no apparent limit 

for the linear range of the assay. However, 
the measurement must be within the 
linear range of the absorbance reader.

Dilute the Bradford reagent (Bio-

Rad) 2.5-fold in deionized water.

… …

Deng, Andong, Taojiannan Yang, Shoubin Yu, Lincoln Spencer, Mohit Bansal, Chen Chen, Serena Yeung-Levy, and 
Xiaohan Wang. “Scivideobench: Benchmarking scientific video reasoning in large multimodal models.” ICML 2026



Action Conditioned I2V



Action Conditioned I2V



Future Directions: Benefits and RisksFuture Directions: Benefits and Risks

- RISKS

Deepfakes

Enable misinformation and impersonation

Trust

Make authentic and generated media harder to distinguish

Ethics
Raise concerns about consent, bias, privacy, and misuse



• Li, Ming, et al. “ControlNet++: Improving conditional controls with 
efficient consistency feedback” ECCV, 2024

• Code: https://liming-ai.github.io/ControlNet_Plus_Plus/

• Lyu, Zonglin, et al. “CPO: Condition Preference Optimization for 
Controllable Image Generation.” NeurIPS, 2025

• Code: https://zonglinl.github.io/CPO_page/

• Liu, Xinxin, et al. “Learning from Noisy Preferences: A Semi-Supervised 
Learning Approach to Direct Preference Optimization.” ICLR, 2026

• Code: https://github.com/L-CodingSpace/semi-dpo

• Li, Ming, et al. "ViPO: Visual Preference Optimization at Scale." ICLR, 
2026

• Project: https://liming-ai.github.io/ViPO/
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