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The great progress of AI



Research insights from OpenClaw

General-purpose 
AI models 

More personalized 
assistants

Pure text-based 
interaction 

multimodal 
dynamics

Benchmark-
focused tasks

More realistic
scenarios



Topics of this talk

 Ideas matter  identifying the next challenges
 Personalization
 How to measure personalization for different contexts? 
 How to improve personalization of models?                            personalized safety
 How to improve efficiency of personalization?                        multi-agent distillation
 What can be done using personalized models?                       personalized AI education

 Consistency
 What is consistency? Why is it important?                                consistency roadmap
 How to explicitly improve consistency?                                     UniGame



Personalized Safety



Motivation

 Personalized safety is need!



Personalized safety

 Our contributions
 We introduce PENGUIN, the first personalized safety 

benchmark that contains diverse 14000 contextual 
scenarios; controlled evaluation with context-rich and 
context-free versions. 

 Our extensive evaluation demonstrate that access to 
user context information improves safety scores by up 
to 43.2% on average, confirming the practical 
significance of personalized alignment in LLM safety 
research. 

 We propose RAISE, a training-free, two-stage LLM agent 
approach that significantly improves safety (by 31.6%) 
while keeping the interaction cost as low as 2.7 user 
queries on average.

https://personalized-safety.github.io/
https://arxiv.org/abs/2505.18882

https://personalized-safety.github.io/
https://personalized-safety.github.io/
https://personalized-safety.github.io/
https://arxiv.org/abs/2505.18882


The PENGUIN benchmark

 Real and generated datasets
 Real: Reddit posts
 Generated: LLM-generated datasets



The PENGUIN benchmark

 Scenario  Three complementary 
metrics
 Insures a complete measure of 

personalized safety



Evaluation

 GPT-4o as a proxy to reduce 
human efforts
 Automatic annotation: reduce human 

efforts
 GPT-4o demonstrates strong 

alignment with humas, achieving a 
Cohen’s Kappa of κ= 0.69 and a 
Pearson correlation of r = 0.92 
(p<0.001)

 Attribution sensitivity analysis
 Considerable variation in attributes
 Attributes are not as important as others; 

indicating wide coverage



Evaluation

 Is context 
really helpful?
 Safety scores 

increase from 
2.79 to 4.00



Improvement

 RAISE framework: Collecting all information is impossible!
 Improve the personalized safety score
 Key challenge: efficient asking  reduce the number of queries



Improvement

 Reducing query by 
sampling
 Model context acquisition as 

a tree and selectively sample 
the most informative 
branches.

 This effectively reduces the 
number of queries by focusing 
only on high-value 
information.



Improvement

 Offline planning
 We treat question asking as a planning 

problem.
 Offline, we learn a query policy via MCTS 

that optimizes safety under limited 
queries.

 Online agent
 Online, the agent executes this policy to 

adaptively acquire only the most 
necessary information.



Improvement

 Performance
 RAISE improved personalized 

safety score improved by 
31.6% 

 Only 2.7 questions are 
needed per user

 LLM-agnostic

Full context (oracle): +43.2% (11.6% gap)



Consistency



Unified Multimodal Models (UMMs)

 Generation and understanding within one single network!

https://arxiv.org/abs/2505.02567



The progress of UMMs

https://arxiv.org/abs/2505.02567



The great potential of UMMs

Yes. UMMs can be 
published in Nature



Challenge

 Consistency
 Capability misalignment: 
 Understanding  compact representation
 Generation  Diverse representation

“What I can understand, 
         I cannot create”



Related work

 RecA: Reconstruction Alignment
 Improving consistency by reconstructing images

 Problems:
 Reconstruction is an implicit objective for consistency improvement
 How to explicitly design an objective for consistency?

http://arxiv.org/abs/2509.07295



Our contributions

 Claiming consistency as the priority 
for UMMs (first citizen)
 Designing effective algorithms

10.36227/techrxiv.177129961.14848580/v1

https://doi.org/10.36227/techrxiv.177129961.14848580/v1


Algorithm: UniGame

 Core idea:
 Turning UMM itself at its adversary 
 explore more misalignments 

  adversarial training!

Understanding Generation

Accepted by CVPR 2026.
https://arxiv.org/pdf/2511.19413
Code: 
https://github.com/AIFrontierLab/TorchUMM

https://arxiv.org/pdf/2511.19413
https://github.com/AIFrontierLab/TorchUMM


UniGame

 Key components
 Perturber C: perturb the embedding space with a budget
 Hard-sample buffer B: stores hard and semantically plausible examples

 Two-stage minimax 
training
 U challenges G:
 Optimize U to prevent G to confuse

 G challenges U:
 Generate using perturbation to 

challenge U



Why does UniGame work?

 Assumption:
 Perturbation allows more exploration of inconsistent features
 Adversarial training actually helps “enlarge” the feature space



Experiments

 Consistency score
 Improved by 4.66

No clear and consenus definition of consistency; we use existing metrics

 Understanding
 Improved by 3.6%



Experiments

 Generation
 Improved by 0.02

 OOD and Adversarial Robustness
 +4.8% and +6.2% on NaturalBench and AdVQA

 Ablation 
study



Case study for understanding tasks
 Challenging scenarios:
 Object counting, interaction, spatial relation and location, and crowd object detection

 UniGame achieves the best performance
 Also for open-ended questions



Case study for generation tasks
 UniGame creates more faithful, accurate, and stylistic images



Extensibility and efficiency

 UniGame is agnostic to backbones
 Can be combined with other methods

 Less parameters, 
more efficient

 The self-play 
dynamics



TorchUMM

 The first unified codebase for UMMs
 Unified API interface
 Evaluation and benchmarks
 Post-training and analysis
 Extensible platform

• https://arxiv.org/abs/2604.10784
• https://github.com/AIFrontierLab/TorchUMM

https://arxiv.org/abs/2604.10784
https://arxiv.org/abs/2604.10784
https://github.com/AIFrontierLab/TorchUMM
https://github.com/AIFrontierLab/TorchUMM


Applications



Application 1: MAS distillation

 Multi-agent systems (MAS)
 Multiple agents, different roles  Better 

performance than a single agent
 Problem: increased cost (𝑁𝑁 agents  𝑁𝑁 x cost)

 Is MAS really necessary?

Ye R, Huang K, Wu Q, et al. Maslab: A unified and comprehensive codebase for llm-based multi-agent systems[J]. arXiv preprint arXiv:2505.16988, 2025.



Research challenges

 How to enable a single agent to 
possess the power of MAS?
 Single agent  Better efficiency
 Single agent  How to guarantee good 

performance?

 Distillation might work  How?
 Output-based distillation (x, y) fails 
 How to design process-aware distillation?

 Related work
 Output-aware distillation [1,2,3,4]
 Simplified interaction traces [5,6]

Performance vs Cost

[1] Liu, Jiaqi, et al. "Language-driven policy distillation for cooperative driving in multi-agent 
reinforcement learning." IEEE Robotics and Automation Letters (2025).
[2] Pan, Jiqun, et al. "Knowledge Graph-Guided Multi-Agent Distillation for Reliable Industrial 
Question Answering with Datasets." arXiv preprint arXiv:2510.06240 (2025).
[3] Wang, Jinlong, et al. "FedLMA: A Federated Learning Framework Integrating LLM-Based 
Multi-Agent Reasoning With Knowledge Distillation." IEEE Transactions on Consumer 
Electronics (2025).
[4] Zhao, Zhonghan, et al. "Do we really need a complex agent system? distill embodied 
agent into a single model." arXiv preprint arXiv:2404.04619 (2024).
[5] Kang, Minki, et al. "Distilling llm agent into small models with retrieval and code tools." 
arXiv preprint arXiv:2505.17612 (2025).
[6] Liu, Jun, et al. "Structured agent distillation for large language model." arXiv preprint 
arXiv:2505.13820 (2025).



AgentArk

 Contributions
 The first comprehensive process-aware MAS distillation 

framework
 Four types of distillation: SFT, Reasoning-enhanced SFT, 

Data augmentation, and process-aware distillation
 Extensive experiments and study on distillation behaviors

• Paper: https://arxiv.org/pdf/2602.03955
• Code: https://github.com/AIFrontierLab/AgentArk

https://arxiv.org/pdf/2602.03955
https://github.com/AIFrontierLab/AgentArk


Application 2: AI for education

 Personalized learning
 Tailored to each individual, grade, group…
 35.64% improvement

Oh J, Whang S E, Evans J, et al. Classroom AI: Large Language Models as Grade-Specific Teachers. NPJ Artificial Intelligence. 
https://arxiv.org/pdf/2601.06225

https://arxiv.org/pdf/2601.06225


Summary and discussion

 Personalization
 Personalized safety should be considered as important as unified safety
 Benchmarking and approaches are needed

 The great potential of MAS distillation
 Design better distillation approaches and MAS structures
 More approaches for multimodal distillation
 Train a single foundation model using MAS distilled trajectories

 Consistent UMMs
 Consistency should be the priority in building UMMs



Thanks!

Jindong Wang
https://jd92.wang
jdw@wm.edu

https://jd92.wang/
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