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Preference Optimization (PO)
Reinforcement Learning from Human Feedback (RLHF):

● Annotators rank model responses, e.g., for input x: yl ≺ yw 
○ Resulting in a dataset: D = {(x, yw, yl)}

● Supervised train a reward model on dataset: 
● RL train model: 

Direct Preference Optimization:
● DPO: Tends to overfit

● Identity Preference Optimization (IPO): Adds regularisation term

● Kahneman-Tversky Optimization (KTO): does not need ranking, just binary of whether outcome is 
desired/undesired

Slow & Unstable

(due to sampling and RL)



Aligning Visual Contrastive Learning Models
PO mainly applied to generative models, this work focuses on contrastive visual (e.g., CLIP) for:

● Mitigating typographic attacks

● Mitigating gender bias



Preference-based Contrastive Optimization

DPO/IPO/KTO Stay close to ref model



Results - Typographic Robustness



Results - Disentangling Gender Understanding



Takeaways
● PO can be used on non-generative models
● Align without losing abilities (i.e., catastrophic forgetting)
● KTO performs best

○ easier to collect data for also!
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Motivation

Large Reasoning Models (LRMs) show strong benchmark performance, but evaluations suffer 
from contamination and focus on final answers rather than reasoning paths.

The question is: can we find a way to show LRMs really doing reasoning?

Models to be tested: LRMs including Claude‑3.7 Sonnet‑Thinking, DeepSeek‑R1, OpenAI 
o3‑mini, and standard LLMs under identical compute budgets

Methods: use procedurally generated puzzles (Tower of Hanoi, River Crossing, Blocks World) 
with adjustable compositional complexity—ensuring zero overlap with training data—and 
analyze both final answers and intermediate reasoning traces



Puzzles



Overall Structure



Findings 1: Complexity Cliff

Performance drops sharply to near-zero at certain puzzle sizes—no gradual degradation—across all tested LRMs  

1. Low complexity: Standard LLMs often 
outperform LRMs—LRMs may overthink.

2. Medium complexity: LRMs excel using their 
chain‑of‑thought.

3. High complexity: Both fail 
catastrophically—their “thinking” offers no 
rescue



Findings 2: Failures

Inference Paradox: As complexity increases 
beyond a threshold, LRMs reduce token 
usage—they give up early despite remaining 
capacity—indicating a compute‑scaling ceiling.

Execution Failure: Even if given the correct 
algorithm (e.g., Tower of Hanoi solution), LRMs 
don’t improve—they still fail at the same complexity 
level.

Inconsistent Reasoning: A model might solve a 
100‑move problem but then fail a simpler 5‑move 
variant, showing reasoning is brittle, not rule‑based 



Take-aways

“Illusion” vs. genuine reasoning: LRMs exhibit many outward signs of reasoning, but under controlled tests they 
fall apart—revealing pattern‑matching, not structural thinking  ￼.

Architectural limits: Size and chain‑of‑thought alone don’t guarantee scalable reasoning—execution and 
generalization remain bottlenecks.

Toward better evaluation: Encourages flow‑track analysis (reasoning traces) and procedurally validated 
benchmarks, not just outcome-based metrics.

Future direction: True reasoning may require new architectures—symbolic modules, grounding, memory systems, 
or synthesis of code—beyond next‑token prediction.

Thinking: Do you think puzzles like Tower of Hanoi reflect general reasoning?

- “Tower of Hanoi… model decides that there’s too many steps… so it spins around trying to find a shortcut 
and fails.”

- “Breaking down after a few hundred reasoning steps doesn’t mean you’re not ‘really’ reasoning.”  
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Too many tokens

For a 5 minute video at 224 × 224 pixels consists of the typical 16 × 16 spatial 
patches, when sampling 1 frame per second, the transformer sequence length is 
58,800 tokens.

Two main strategies to counter this: dropout and merging.



Merging for Spatio-Temporal models



Results on Kinetics (coarse video classification)



Less gains on fine-grained data

Spatio-temporal models

Divided space-time models



Qualitative results on fine-grained data



Takeaways
- Token merging can be an effective way to increase inference speed and works 

better than dropout
- Token merging is more damaging for fine-grained and temporal data (EK100 

and SSv2)
- Might be useful for large scale processing and when you don’t need super fine 

grained information?
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Intro

- The diffusion reconstruction on real images can preserve the image content while leaving 
the fingerprint of the diffusion model on the output images. 

- These reconstructed images can serve as informative yet hard samples for detectors to 
learn the subtle differences between real and generated images.

- This paper proposes a novel training framework named Diffusion Reconstruction 
Contrastive Training (DRCT). 

- DRCT significantly improves the detection accuracy and generalization ability of 
diffusion-generated image detectors.



Diffusion Reconstruction Contrastive Training (DRCT)

DRCT consists of a reconstruction stage 
and a training stage:

1. Reconstruction stage: a large 
number of images are produced by 
reconstructing both real and 
generated image using selected 
diffusion models, which are then 
prepared for the training of the 
classifier. 

2. Training stage: 4 types of samples: 
real images, real reconstructed 
images, fake images, and fake 
reconstructed images, are used for 
computing the contrastive loss and 
the classification loss.



DRCT-2M Dataset
- Collection of 2 million images for training and evaluation. It consists of two parts: 

- Images automatically generated by diffusion-based models (prompts are derived from the MSCOCO) 
- Images collected from real-world scenarios (Midjourney and CIVITAI)

The DRCT-2M dataset involves 16 types of stable diffusion models, including LDM, SDv1.4, SDv1.5, SDv2, 
SDXL, SDXL-refiner, SD-Turbo, SDXL-Turbo, LCM-SDv1.5, LCM-SDXL, SDv1-Ctrl, SDv2-Ctrl, SDXL-Ctrl, 
SDv1-DR, SDv2-DR and SDXL-DR.

The prompt used for image generation is “A big burly grizzly bear is shown with grass in the background.” 



Some experimental details

Data: The compared methods are trained on the DRCT-2M dataset 
(utilizing real images from MSCOCO) and the GenImage.

Evaluation metric: Accuracy (ACC) as the metric to evaluate 
detection performance, using a threshold of 0.5.

Before DRCT After DRCT



Takeaways

- The paper proposes a universal framework - Diffusion Reconstruction Contrastive 
Training (DRCT), for enhancing the generalizability of existing methods for detecting 
diffusion-based generated images.

- While DRCT also boosts the detection accuracy for GAN-generated images, the 
improvement is not as significant. 

- This difference is mainly due to the unique generative artifacts produced by GANs 
versus those produced by diffusion-based methods - opportunity for future work :) 


