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What Visual Generation Does

Train

Samples from a Data Distribution Neural Network

“
-tl Sample
S

Art & Design Content Generation Representation Learning Entertainment

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

Denoising Diffusion Models: A Generative Learning Big Bang, CVPR 2023 Tutorial



Background: Diffusion Models

e Forward diffusion process that gradually adds noise to input

=Y O ==

X Diffusion Process: Gradually add noise to the
image until random noise

xt — \/Etxo + 1 - CYtE
e~N(0,1)

Timestep (f) takes valuesin 1, ..., T (e.g., T = 1000)

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




Background: Diffusion Models

* Reverse denoising process that learns to generate data by denoising

A 3= )=

X0 Sampling Process: Gradually denoise a random Xr
noise to the image
xt =/ CthO + 1 - C_ZtE
e~N(0,I)

b

1 1—cxt

Xt—1 = ‘\/_EE_'{: Xt — ﬁﬁﬁ(){t,f) + 0 Z

Neural Network predicts €

The loss is mean squared error: L= ||‘E o EHE

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



Text-to-Image Diffusion Models

 Text prompts guide image content.

_ Diffusion Models
Noise

Generated Image

Prompt: A cute cat.
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>
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Image Source: https://hanlab.mit.edu/projects/can



Latent Diffusion Models
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Edges, depth, and semantic maps specify visual structure beyond text.

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



Technical Overview

How can training directly enforce )
How can we construct, trust, and scale preference signals?

condition fidelity ?
CHALLENGE CHALLENGE CHALLENGE CHALLENGE
Condition fidelity Cleaner comparisons Conflicting Conflicting preferences
preferences Learning at scale
WORK WORK WORK WORK
ControlNet++ CPO Semi-DPO ViPO

ECCV 2024 NeurlPS 2025 ICLR 2026 ICLR 2026



ControlNet++

Explicit Consistency Feedback for Visual Control

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



Text Prompts Leave Visual Details Underspecified

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

An image is worth a thousand words



Image Control Signals Improve Controllability

“A car with flying wings ” “A doll in the shape of letter 'A"“
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ControlNet
T2I-Adapter

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



Visual Conditions Do Not Guarantee Precise Control

Uni- ControINet UniControl Gligen ControINet T2l-Adapter

Input condition
(Segmentation mask)

Generated images from existing controllable image generation methods

Condltlon
Extractlon

Uni-ControlNet UniControl Gligen ControlNet T2l-Adapter

Extracted condition (segmentation masks ) from generated images

Inconsistencies
between input and
extracted condition




Improving Controllability by Cycle Consistency

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

Condition C, Generated Image :L'b
G D
Controllable Pre-trained
Diffusions Reward Models
4c ¢
Prompt: heart, mountains, Hed Model
¢ and nature image Depth Model ¢
Canny Model
Segmentation Model

Cycle Consistency

Measure pixel-wise differences



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

* Existing methods achieve implicit controllability by introducing image-based conditional control ¢, 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.

Y 4

cv,ct Cv,Ct
\_Encoder Lo Lt lefusmn \ Encoder L0 wt lefusmn 0 Decoder /

v

Latent-space
Denoising Loss
L=e—¢g

Ct : A large building
with a pointed roof
and several chimneys.

Pixel-space Cycle
Consistency Loss

(a) Existing Methods (b) Our Solution




Reward Feedback Through Full Sampling
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50 denoising passes
\ _ Y / ‘ High time and @
Multi-step Sampling (e.g., 50 steps) memory

Backpropagation retains activations across the
sampling trajectory.




Our Efficient Reward Strategy

: "Creward
!
. 330 One denoising pass
] Y . ] Y ] ‘ Lower time and
Disturb Consistency Single-step Sampling memory

Ereward - E(CU’ év)
— E(CUaD(mB))
= E(CU, D [G(Ct, Co) JJ;, t)] )’



Single-Step Reconstruction Is Reliable at Low Noise

Single-step Denoising Visualizations
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Diffusion Model Training

1. Sample a clean image

ro ~ data

2. Add random noise at a random timestep

Ty = QT + Ot€,

e ~N(0,1)

3. Train the network to predict the noise
Input: &, timestep £, (optional condition ¢)

Output: predicted noise €

4. Optimize with MSE loss

le — €[I*



ControlNet++ Training Loss

.
Lirain + A - Lreward ; if t < Lthre,
hﬁtmm , otherwise,

£t0tal = 4

Diffusion Loss: £train = Emmtjchcmﬁwﬁ(ﬂjl) [”EH (mt:t:cﬁ C'u) o EH%]

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

* 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 Metrics for Controllability

0 Segmentation: mloU

Ground Truth Prediction Overlap (loU)

p
e Edge Maps: F1-Score and SSIM

Ground Truth (Edges)

O

Prediction (Edges)

O

N A
€ Depth Maps: RMSE

Ground Truth Depth

Error Map

Predicted Depth

W Overlap [ Predonly [l GT only
- ~
f I Pred. N GT | i F1-Score SSIM: structural similarity
IoU, = . = 1 2
Pred,. U GT, . ; D
| Pre (C: A o 2rP ST RMSE = 5 Z (Dprea (1) — Disl(d))
1 - AEREPER | Gy G (G055 65 sl
mloU = C Z e (uZ + py + Cy)(0Z + 05 + C3)
- i ol ! e “| | ® Compute pixel-wise depth
ompute pixel-wise depth error
® Compute loU for each class ® F1 evaluates edge detection accuracy > P .
® Average across classes ® SSIM compares structural similarity FRESRE R RIS squailre rf)o
® Higher mloU = better segmentation overlap ® Higher is better for both ® Lower RMSE = better depth estimation
0 N N
"

*

mloU measures segmentation overlap, F1/SSIM evaluate edge quality, and RMSE measures depth error.




Cycle Consistency Improves Visual Control

ControlNet ControlNet++ Absolute gain
ADE20K mloU (1) 32.55 43.64 +11.09
COCO-Stuff mloU (1) 27.46 34.56 +7.10
Canny F1 (1") 34.65 37.04 +2.39
HED SSIM (1) 0.7621 0.8097 +0.0476
LineArt SSIM (1) 0.7054 0.8399 +0.1345
Depth RMSE (/) 35.90 28.32 -7.58

ControlNet++ improves all six control metrics over ControlNet.



Evaluation Metrics for Image Quality and Image-Text Alignment

€ FID

Fréchet Inception Distance

Generated Images

[ m Inception Features
v

[ m Distribution Distance

v
[ FID = I, — P + Tr(Z, + 3, - 2(5,5,)") |

4

e Compares generated images with real images
e Measures realism / distribution match
e Lower is better

@ CLIP-Score

Text-image alignment

Text Prompt

ared car on +
a snowy road

L[ & C$L|P

[ 77\ Cosine Similarity ]

( CLIP-Score = cos(Ey.x; (prompt), E;,, (image)) J

e Measures how well the image matches the prompt
e Focuses on semantic alignment

e Higher is better

O FID measures realism. CLIP-Score measures prompt alignment.




Control Gains with Competitive FID and CLIP Scores

Tab. FID ({/) comparison

Method T21I Seg. Mask Canny Edge Hed Edge LineArt Edge | Depth Map
Model| ADE20K |COCO MultiGen-20M [ MultiGen-20M | MultiGen-20M |MultiGen-20M
Gligen SD1.4 | 33.02 - 18.89 - - 18.36
T2I-Adapter | SD1.5 39.15 - 15.96 - - 22.52
UniControlNet| SD1.5 39.70 - 17.14 17.08 - 20.27
UniControl | SD1.5| 46.34 - 19.94 15.99 - 18.66
ControlNet | SD1.5 | 33.28 21.33 14.73 15.41 17.44 17.76
Ours SD1.5| 29.49 | 19.29 18.23 15.01 13.88 16.66
Tab. CLIP-score (1) comparison
Method T2I Seg. Mask Canny Edge Hed Edge LineArt Edge | Depth Map
Model ADE20K|COCO |MultiGen-20M | MultiGen-20M | MultiGen-20M | MultiGen-20M
Gligen SD1.4| 31.12 - 31.77 - - 31.75
T2I-Adapter | SD1.5 30.65 - 31.71 - - 31.46
UniControlNet| SD1.5 30.59 - 31.84 31.94 - 31.66
UniControl | SD1.5 30.92 - 31.97 32.02 - 32.45
ControlNet | SD1.5 31.53 13.31 32.15 32.33 32.46 32.45
Ours SD1.5| 31.96 13.13 31.87 32.05 31.95 32.09

Better control with competitive FID and CLIP scores.



Better Control Produces Better Segmentation Data

Take the ground truth masks in ADE20K as condition

--

Generate synthetic images
Models: Baseline — ControlNet
Our ControlNet++

ADE20K Segmentation
Dataset Synthetlc |mage —mask pairs

Train a segmentation model (e.g.
DeeplLabv3) from scratch and
evaluate its performance



Segmentation Training with Synthetic Images

Performance of DeeplLabv3 Trained on Different Data
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Synthetic Data Improves Real-Data Training

mloU T

Performance of DeeplLabv3 Trained on Different Data
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Qualitative Results

Image & Condltlon i i i ControlNet T2I- Adapter

Segmentation




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.



Technical Overview

How can training directly enforce

condition fidelity ?

CHALLENGE

Condition fidelity

WORK

ControlNet++
ECCV 2024

How can we construct, trust, and scale preference signals?

CHALLENGE CHALLENGE CHALLENGE
Cleaner comparisons Conflicting Conflicting preferences
preferences Learning at scale
WORK WORK WORK
CPO Semi-DPO ViPO
NeurlPS 2025 ICLR 2026 ICLR 2026




CPO

Cleaner Condition Comparisons Across Diffusion Timesteps

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



From RLHF to Direct Preference Optimization

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

Reinforcement Learning from Human Feedback (RLHF) I Di"ECt Preference Optimization (DPO)
N V:":t:\r:: :)vp(:-)fj:\/juom label rewards 2 t |l-l-|| tary of |.-_|,.-:‘ '
o 7 N\ |
. : - —> reward model LM policy # | AE:] — —_— final LM
L S
preference data n.naxfmum sample completlons I preference data R Jp—
likelihood reinforcement learning I likelihood

* Fit areward model to a dataset of prompts and human preferences

. * DPO directly optimizes for the policy best
over pairs of responses

satisfying the preferences with a simple

. . . classification objective
* Use RLtofind a policy that maximizes the learned reward J

Rafailov, Rafael, et al. "Direct preference optimization: Your language model is secretly a reward model." Advancesin 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

“insanely detailed portrait, wise man”

-

I': less preferred IV Preferred

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



Image Preferences Can Mix Control and Quality

A more controllable image may still contain visual artifacts.

Generation & a
model
20 Images ‘

Detect condition
and compare with ¢

Better pose alignment

Hard to guarantee quality



How about using the real image as the winner?

A tempting image-pair construction

Same pose condition ¢

WINNER LOSER
Real image Generated image
vs.
(I_real, c) (I_generated, c)
Pose matches c Pose may also match ¢

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

Condition detector Generation

Input image

Condition detector

c!(perturbed condition)



Why condition preference is cleaner

Comparison

Variation

Curation

Signal

Image-based DPO CPO
Two images Two conditions
Control + visual factors vary Image remains fixed
Sample and filter image pairs One generated sample
Confounded, higher variance Focused, lower variance

Keep the image fixed to isolate condition fidelity.



CPO Training: One Image, Two Conditions

Denoising

Unet
—*j E—*IIEE’Z{ ell5
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Condition Preference Optimization
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Direct Preference Optimization: From Pair to Loss

One condition, two outputs, one labeled preference , /

=t | o) | | J
-B =i -2 o 2 i 13

Sigmoid function

. 0 Compare the current generator with a frozen reference
Preference pair

po(x | c)
ro(x,c) = Blog
pref(x | c)
condition ¢
a Convert the reward difference into a model preference score
/\ p=Po(x¥>xllc)= a(rg(xw, c) — rg(xl,c))
Winner Loser
( )
77 x! o Minimize negative log-probability of the labeled preference

Label: the winner should

pe(x” | c) | po(x'1c) >

L = —E w logo lo — 1o
DPO (c,x ,xl)~D 8 <'8[ gpref(xw | C) gpref(xl | C)

rank above the loser

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



From Image Preference to Condition Preference

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

Lppo = —E

 log o

[
Po (i |c) po (x}c)
c,xY xh X\ ppo (Xr 1) (1*:% — log

E ! ) Pret (X3’ [C) pmf{xf] c)
— xermpE{:xl:T|xD) -

po(xole™) | 105 Po(Xolc) )]

ECPO — _Ecw,cf,xg logcr []E'xl:TNPH (x1:7|%0) (log Pref (X0 |C™) Pref(x0|ct)




Quantitative Results: Controllability

Segmentation Pose Canny HED  Lineart Depth
Method T2I Model  ADE20K COCO-Stuff COCO-Pose HumanArt MultiGen-20M
mloU 1 mAP 1 F1+ SSIMT SSIMt RMSE]

ControlAR (CFG =4.0) LlamaGen-XL  39.95T 37.49 - - 36.78*  0.8184* (0.79227  29.33*
Ours (CFG = 4.0) SD1.5 46.38 36.10 - - 39.68 0.8299  0.8559 25.98
T2I-Adapter SD1.5 12.61 - - - 23.65 - - 48.40
Gligen SD1.4 23.78 - 87.84 39.88 2694  (0.5634 - 38.83
Uni-ControlNet SD1.5 19.39 - 12.50 4.23 27.32  0.6910 - 40.65
UniControl SD1.5 25.44 - 75.29 27.90 30.82 0.7969 - 39.18
ControlNet SD1.5 32.55 27.46 72.53 34.52 3465 0.7621  0.7054 35.90
ControlNet++ SD1.5 43.64 34.56 - - 38.03* 0.8097  0.8399 28.32
Ours SD1.5 44.81 35.49 87.98 45.71 39.28  0.8201  0.8447 27.49
Ours-DINOv2 SD1.5 43.72 39.25 88.45 49.98 4481  0.8376  0.8301 26.92

Oracle - 55.07 41.32 92.54 50.03 100.0 1.0 1.0 0.0

CPO improves its starting model across all tested control types.



CPO vs DPO

Quantitative comparison on COCO-Pose

88.0-
—8— (Jurs

87.8- —a— DPO
87.6

« 87.4
Ef 87.2 At matched pose accuracy, CPO

- o7 ol achieves lower FID than DPO

86.8 -
86.6

37.0 375 38.0 385 39.0 39.5 40.0 405
FID L
Figure 6: Comparison with DPO. We evaluated 5 check-
points equally throughout training and observed that
under the same mAP level, our method gets better FID.



Qualitative Comparison: Segmentation Control

Original image & condition Ours ControlNet++

Segmentation

ControlAR

\

ControlNet

5

e

BN L e\




More Segmentation-Control Examples

original Image -
& Condition Generated Images & Extracted Conditions




Pose-Control Examples

Generateld Images

Original Image Pose
N YA .




Technical Overview

How can training directly enforce

condition fidelity ?

CHALLENGE

Condition fidelity

WORK

ControlNet++

ECCV 2024

How can we construct, trust, and scale preference signals?

CHALLENGE

Cleaner comparisons

WORK

CPO
NeurlPS 2025

CPO constructs cleaner comparisons.

CHALLENGE

Conflicting
preferences

WORK

Semi-DPO
ICLR 2026

CHALLENGE

Conflicting preferences
Learning at scale

WORK

ViPO
ICLR 2026

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

- - —— i ——————————————————————————— - ———

Prompt . Avastgreen

grassland with blue sky and
two white clouds, a mother
cow and her calf both eating
grass, natural landscape,
extremely detailed, 4k

Diffusion DPO (Conflic'r Signal
Composition: A

\x Texture: A

Semantic Alignment A

J

resolution, perfect lighting,
fine textures.

I
|
|
|
b Q/
/l { <
|
|
I
d

--------------------------------------------------- . RS
| Composition: A 1~ =~~~ Label:A>B - - |
| . . W
Semantic Alignment A ! - R
I\Texi'ulr'e: B ' Human SR \ : Diffusion
0 . . i _" Annotator Noisy Label Model

(Conflicting Supervision)

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



Semi-DPO: Filter, Relabel, and Retrain

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

e A two-stage framework
e First stage: Multi-Reward Consensus
e Second stage: Iterative self-training



Identify a Consensus-Labeled Subset

Multi-Reward Consensus

_ Labeled Samples Start with labeled image pairs.

" (Clean bate) Keep pairs when all five reward models agree with
R1 Q the original label. Treat the rest as unlabeled.

Any Disagree

1Y

Original
RM 3 g :
Dataset (Noisy Data)

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

Separate consensus-labeled pairs
from the remaining data



Train the Initial Preference Model

Multi-Reward Consensus

T (1) Train P Train the initial diffusion model

Y DM using clean labeled preference data
_ Labeled Samples




Generate Timestep-Conditional Pseudo-Labels

Multi-Reward Consensus
TN (1) Train

() Ps
N4 DM
_ Labeled Samples The model predicts pseudo-labels.
Keep only confident predictions.
' ‘350 _I./f . _%\.

Unlabeled Samples Pseudo-Label Samples

(Noisy Data)



Why Can a Diffusion Model Predict Pairwise Preferences?

Diffusion-DPO already learns a binary decision over image pairs. N g (N I N

=B =4 =2 L] 2 4 &

c: shared prompt t: noise level ©: sigmoid . . .
promp J Sigmoid function

During DPO training During pseudo-labeling
Known label y =11if A > B, y = 0 otherwise The preference label is unknown
pr = Py (A - B | c, t) — O'(Zt) z¢ > (0 A wins at this timestep

2z < 0 B wins at this timestep
Lpce = — [ylogp: + (1 — y) log(1 — p)]

Pt model's sigmoid ranking score |Zt | supports confidence filtering

Z¢ logit from current/reference denoising errors
Keep only pairs above the timestep-specific confidence

BCE learns which image should rank higher. threshold.

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



Iteratively Refine Preference Learning

Multi-Reward Consensus Iterative Self-Training
.’/_\ (1) Train P Ei' ) (4) Repeat
N\ DM 3

_ Labeled Samples

Pi+1
L

F 3

(3) Re-train

%ﬁ%,/ < ,/f

Pseudo-Label Samples

Unlabeled Samples
(Noisy Data)



Confidence Filtering Across Diffusion Timesteps

I (2) Timestep-Conditional Pseudo-Labeling |
I [
| - forward (T pi+i | :
1 a !
I i ‘.
. _ o Image A t . £
Multi-Reward Consensus Iterative Self-Training I . Pl ;
(1) Train pL (4) Repeat I — forward I‘I R o '
_ Labeled Samples | o , '
d (Clean Data) . Latent B ...........
an I Image B prompt I
(2) Timestep-Conditional Pg I
Pseudo-Labeling DM [
@ All Agree i I |
a(t <
(3) Re-train . \z§| >T; ) and zg <0 I
Any Any Disagree o:o%ogo a(t
9@ % - : |zl 27 and 2§ > 0 > |
- ; % Unlabeled Samples  Pseudo-Label Samples t alt i I
Are g;glsﬁl E‘Nc:a.seyabafggn PI5 " with few labeled samples I IZsr | <T i Q) low confidence, not select |
[
I [
Refined Timestep-Aware Signal I
I Win A B B A
I [
I Lose B A A B |
T t t-1 0
I [




Semi-DPO Improves Multi-Reward Alighment

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

Model | Dataset Method ImageReward HPSv2.1 PickScore Aesthetic CLIP MPS
SD1.5 0.139 0.246 20.862 5.578 0.293 12.211
HPS v2 Diff-DPO  0.339 (+0.200) 0.259 (+53%)  21.308 +2.19%) 5.714 (+24%) 0.297 (+1.4%) 12.739 (+4.3%)
Diff-KTO  0.690 (+0.551) 0.284 (+154%) 21.454 +2.8%) 5.803 (+4.0%) 0.298 (+1.7%) 13.016 (+6.6%)
Semi-DPO  0.816 (+0.677) 0.287 (+16.7%) 21.945 +5.2%) 5.899 (+58%) 0.299 +2.0%) 13.514 (+10.7%)
SD1.5 0.194 0.254 21.284 5.358 0.270 9.754
SDL.5 | Parti Prompt D?H—DPO 0.352 (+0.158) 0.262 +3.1%)  21.520 109 5443 (v1.6%) 0.272 +0.7%) 10.135 (+3.9%)
Diff-KTO  0.615 (+0.421) 0.279 (+98%) 21.594 (+15%) 5.552 (+3.6%) 0277 +2.6%) 10.202 (+4.6%)
Semi-DPO  0.798 (+0.604) 0.284 +118%) 21.964 (+3.2%) S.706+65%) 0.276 +22%) 10771 (+10.4%)
SD1.5 0.085 0.250 20.566 5.421 0.273 9.635
Pick-a-Pic V2 Diff-DPO  0.297 (+0.212) 0.261 (+4.4%)  20.948 (+1.9%) 5.549 (+24%) 0.279 +22%) 10.144 (+5.3%)
Diff-KTO  0.629 (+0.544) 0.281 (+12.4%) 21.064 (+2.4%) 5.639 (+4.4%) 0.281 (+29%) 10.226 +6.1%)
Semi-DPO  0.801 (+0.716) 0.288 (+152%) 21.524 +4.7%) 5.801 +7.0%) 0.281 +2.9%) 11.030 (+14.5%)




Qualitative Comparison
SD1.5 Diffusion DPO Diffusion KTO Semi-DPO (Ours)

Cute grey
cat, digital
oil painting
by Monet

Pikachu
cooking at g
restaurant,
wearing a
chefs hat




Qualitative Comparison
SD1.5 Diffusion DPO Diffusion KTO Semi-DPO (Ours)

Photography of an
anthropomeorphic
shark wearing a green
velvet gucci suit,
fashion photography,
kodak gold 200, studio
lighting, sharp

Detailed layout of a
futuristic ecologist
city, high quality,
cinematic lighting,
sharp focus, 8k




Technical Overview

How can training directly enforce

condition fidelity ?

CHALLENGE

Condition fidelity

WORK

ControlNet++
ECCV 2024

How can we construct, trust, and scale preference signals?

CHALLENGE CHALLENGE
Cleaner comparisons Conflicting
preferences
WORK WORK
CPO Semi-DPO
NeurlPS 2025 ICLR 2026

CHALLENGE

Conflicting preferences
Learning at scale

WORK

ViPO
ICLR 2026

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
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A Preference Needs a Clear Criterion

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

Image B

Prompt alignment: A —
Visual quality: B o
Human p
Diff
Annotator ;\A::;?n

Which image wins?



DPO Strongly Corrects Disagreement with the Label

p = model agreement with the labeled winner

DPO loss: L=—logp Logit-update magnitude: 1 —p
Model disagrees with label Model agrees with label
p=0.1 p=09
Loss = 2.30 Loss = 0.11
Update magnitude = 0.90 Update magnitude =0.10
R I

e 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

54 -
=@= Diffusion-DPO on Pick-a-Pic V2 (noisy data)
52 -
- 50 -
=
0
m 48 n
E:
w 46 -
o
O 10x more data (0.1M - 1.0M) - essentially flat (+0.07)
44 42.93 47 48 43.00
42.3_4/..\___‘ ______ 4'2-.6-—7:-_';,:;'-_'_—‘
\
42 - ® ®
40 T T T T T
Base 0.1 0.25 0.5 1.0
Model

Training Preference Samples (Million)



Poly-DPO Adjusts How Preference Pairs Influence Learning

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

Standard DPO L=-logp
Taylor view —logp=(1—-p)+ %1 —-p)*+ %A —-p)°+-
S
X (1+ a)
Poly-DPO L=—-logp+ a(l —p)

o adjusts the first polynomial term; the full -log p remains.

Logit gradient: dL/dz = —(1 - p)(1 + ap)

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

¢ This changes pair influence.



Poly-DPO Adjusts How Preference Pairs Influence Learning

Pon-DPO L = —|ng + a’(]_—p) = gradient — (]__p) X [ (1_|_a,p) ] Poly factor:

grows with confidence p

A batch of 10 pairs: 9 clean (p=0.9) + 1 noisy (p=0.1)

per pair: clean 0.10 noisy 0.90

Standard DPO

gradient =(1 —p)

noise share
50%

9 clean x 0.10 = 0.90

per pair: clean 0.10 x 8.2 = 0.82 noisy 0.90 x 1.8 = 1.62

Poly-DPO

a =8 (best on Pick-a-Pic V2)

noise share

9 clean X 0.82 = 7.38 18%




Poly-DPO Scales on the Same Noisy Data

54 -
=@®= Diffusion-DPO on Pick-a-Pic V2 (noisy data)
55 - == Poly-DPO on Pick-a-Pic V2 (noisy data)
49.87
50 A !
el
= 48.48
- 48.07 /
0 47.65 =]
|
g +6.87
w 46 -
c
S
44 -
42.3 O —®
\
. .-—— .
42 42.34
40 T T T T T
Base 0.1 0.25 0.5 1.0
Model

Training Preference Samples (Million)



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

mn How the pair is generated Who labels the winner

ViPO-Image-1M (1024px, 5 x 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 x 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



Aesthetics: A wolf-headed figure donning
heavy, armored attire wields a torch and sword
amidst an ominously misty library environment.

Text Rendering: 4 vibrant display of the word
'luminous' spelled out in colorful Lego bricks.

T

Composition: Peaceful beach scene with vibrant
umbrellas, towels, a person under an umbrella.

X rejected (loser)

< ~
¢ Z ‘ ‘n
i ’ o 3 2
o ” et |
%, !
-
gy, ¥
)
1 4

Aesthetics: Armored skeletal warriors
and dogs under a threatening, cloudy sky.

Aesthetics  Alignment

Text Human
Rendering Quality
Image
Composition

—

Composition: A restroom with a
green chair, mirror, sink and toilet.

ViPO—Imge—] M

Alignment: 4 unicorn with black & white
stripes holding a piece of mozzarella with its
two front hooves, placing it in front of its mouth.

Human Quality: 4 gzrl in purple animal-print
pajamas sits cross-legged, touching her hair.

| (
4‘ .4 A AA r }
Human Quality: 4 close-up portrait of a blonde
woman, focusing on her expression and attire.



v chosen (winner) X rejected (loser)

@i 3

(.‘/ >F

Motion Visual
Quality Quality

Spatial Alignment: A couple walks hand in hand Visual Quality: A heavily armed warrior holding
through a meadow. The man is wearing a dark blue suit futuristic gun cautiously enters the cyberpunk arena from a
and the woman is wearing a white wedding dress. smoky industrial area with a skull in the background.

Video-Text
Alignment

ViPO-Video-300K

/ﬂ' |
‘illl \

Motion Alignment: People desperately run away from the giant spider chasing them.



Poly-DPO Scales on Our ViPO Data

54 1

521

GenEval Result

42 1

40

50"

53.18

53

w
P
o

A
48.48

>

Data
Optimization

49.87

Algorithm
Optimization

43.00
o
42.34 —@- Diffusion-DPO on Pick-a-pic V2
=l— Poly-DPO an Pick-a-pic V2
—de— (Poly-)DPO on ViPO-Image-1M
Base 0.1 0.25 0.5 1.0
Model

Training Samples (Million)



Summary: Better Signals, Better Visual Generation

SR

MEASURE

ControlNet++

Explicit cycle-consistency
feedback measures control
fidelity.

_ /

S

ISOLATE

CPO

Condition preferences
separate controllability
from image-quality
confounders.

\_ J

S

DENOISE

Semi-DPO

Consensus filtering and
timestep-conditioned
pseudo-labels recover

useful preferences.

\_ /

S

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

/ﬁ 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

Training Inference

xT

Masking ’ I l | l l‘ v
Block - . . .
m
DDPM

I 3D Conv Block
I Attention Block

lgbal, 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.

DDPM

Healthy Image

Unhealthy Image Generated Image Anomaly Map



SciVideoBench

BitRad

Prepare a 0.1 mg/ml stock solution of Dilute the unknown samples in deionized Dilute the Bradford reagent (Bio-
the standard, bovine serum albumin. water. Aim to 5-50 pg/ml. Yet, higher or Rad) 2.5-fold in deionized water.
Any other standard may be chosen, lower protein concentrations are

but note that the same standard acceptable, since there is no apparent limit

must be used in all experiments for the linear range of the assay. However,

the measurement must be within the
linear range of the absorbance reader.

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 12V

Action Description

Hands connecting working and sensing electrodes to channel MUX add-on.

reference frame zero-shot finetune ground-truth

Action Description

Hands placing microtube into a centrifuge.

reference frame zero-shot finetune ground-truth




Action Conditioned 12V

Action Description

The robotic pipettor dispenses liquid into wells of the plate.

reference frame zero-shot finetune ground-truth

(AR (A%,

EEE . - . ool — - % = - % —

-

St | e

Action Description

Scalpel making incision along dorsal midline at fifth gill level.

reference frame zero-shot finetune ground-truth




Future Directions: Benefits and Risks

/6 RISKS

Deepfakes

Enable misinformation and impersonation

Trust

Ethics

Make authentic and generated media harder to distinguish

~

\Raise concerns about consent, bias, privacy, and misuse /
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