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Challenges Research Focus

Hallucination

Lack of Multimodality

In-Context Learning (Prompt Engineering)

Graphical User Interface (GUI) Agents

Slow Query

Scarce Data

Retrieval-Augmented Generation (RAG)

AIGC (Text to Image & Reasoning Data Synthesis)

Parameter-Efficient Fine-Tuning (PEFT) & Distillation

Reinforcement Learning (RL)

Quant Trading Intelligent Companion

Data

Model

Interaction

Applications
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High Resource Consumption

Inference Bottleneck



Approximate Nearest Neighbor Search (ANNS)

• Real-world: large scale, low latency
• Naïve NNS: 𝑂(𝑛)
• SOTA ANNS: 𝑂(log 𝑛)

R. Qiu and J. Tang. Efficient Approximate Nearest Neighbor Search via Hemi-Sphere Centroids Graph. SIGMOD 2026.

• Most research: Euclidean distance
• Common measure in downstream 

task (e.g., T2I): cosine similarity
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Hemi-Sphere Centroids Graph (HSCG)

• Theoretical analysis of Monotonic Relative Neighbor Graph (MRNG) under 
cosine similarity (convergency of greedy search and bounded out-degree)

• HSCG uses hemi-sphere centroids as the entry points, and locality-sensitive 
hashing to initialize the graph

3
R. Qiu and J. Tang. Efficient Approximate Nearest Neighbor Search via Hemi-Sphere Centroids Graph. SIGMOD 2026.



HSCG Outperforms Others

R. Qiu and J. Tang. Efficient Approximate Nearest Neighbor Search via Hemi-Sphere Centroids Graph. SIGMOD 2026

Upper right is better 
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• Diffusion can generate high-quality Video, but 
expensive.

• A 5 seconds video by Wan 14B takes 7 yuan.
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Text-to-Image Synthesis



Review on Diffusion Distillation

Distribution Matching:
Powerful one-step synthesis, less efficient in 
few-step synthesis

Trajectory Distillation:
Effectively preserve the prior knowledge in 
diffusion models, but worse performance

Y. Luo, T. Hu, J. Sun, Y Cai, and J. Tang. Learning Few-Step Diffusion Models by Trajectory Distribution Matching. ICCV 2025. 6

TDM: Trajectory Distribution Matching



Teacher’s 
trajectory distribution

Student’s 
trajectory distribution

Our TDM unify the distribution 

matching and trajectory distillation 

7Y. Luo, T. Hu, J. Sun, Y Cai, and J. Tang. Learning Few-Step Diffusion Models by Trajectory Distribution Matching. ICCV 2025.

TDM: Trajectory Distribution Matching



TDM: Trajectory Distribution Matching

SOTA performance

80x 
faster

Ultra-Fast Convergence!

8Y. Luo, T. Hu, J. Sun, Y Cai, and J. Tang. Learning Few-Step Diffusion Models by Trajectory Distribution Matching. ICCV 2025.



Reasoning Data Synthesis: OptiBench & Resocratic 

OptiBench & Resocratic: Advancing LLMs in Optimization Modeling

Limitations of Existing Benchmarks

⚬ Only linear programming
⚬ No tabular data
⚬ Small scale (<100 samples)
⚬ No end-to-end evaluation

Data Scarcity Challenge

⚬ High annotation cost
⚬ Requires domain expertise
⚬ Performance gap: small vs. large LLMs

Z. Yang, Y. Wang, …, and J. Tang. OptiBench Meets ReSocratic: Measure and Improve LLMs for Optimization Modeling. ICLR 2025. 9



Reasoning Data Synthesis: OptiBench & Resocratic 

Our Approach:

• OptiBench Benchmark
⚬ 605 manually verified problems
⚬ Linear & nonlinear programming
⚬ With/without tabular data
⚬ End-to-end evaluation

• Resocratic Data Synthesis
⚬ Reverse generation: demonstration → question
⚬ Step-by-step formatted synthesis
⚬ 29K high-quality samples (Resocratic-29k)

• Key Results
⚬ GPT-4: 66.1% accuracy (SOTA)
⚬ Resocratic-29k fine-tuning:
▪ Llama-2-7B: 0% → 30.6%
▪ Llama-3-8B: 13.6% → 51.1%
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VRAM usage 

reduced by 2/3

Checkpoint size 

reduced by 10,000x

Task performance

Increased by 120% 

KaSA: Knowledge-Aware Singular-Value Adaptation

Adapting large language models (LLMs) to downstream tasks via full fine-tuning (FFT) is expensive.

FFT LoRA

1.2TB

350GB

FFT LoRA

350GB

35MB

FFT LoRAFew-shot

Sentiment Analysis

Translation

Coding

Question answering

11F. Wang, J. Jiang, C. Park, S. Kim, and J. Tang. KaSA: Knowledge-Aware Singular-Value Adaptation of Large Language Models. ICLR 2025. 



KaSA: Knowledge-Aware Singular-Value Adaptation

Noisy knowledge in the frozen model degrades performance.

          
   

                   

             

12F. Wang, J. Jiang, C. Park, S. Kim, and J. Tang. KaSA: Knowledge-Aware Singular-Value Adaptation of Large Language Models. ICLR 2025. 



KaSA: Knowledge-Aware Singular-Value Adaptation

KaSA (Knowledge-aware Singular-value Adaptation):
• Knowledge-based SVD truncation
• Knowledge-aware singular-value adaptation
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13F. Wang, J. Jiang, C. Park, S. Kim, and J. Tang. KaSA: Knowledge-Aware Singular-Value Adaptation of Large Language Models. ICLR 2025. 



KaSA: Knowledge-Aware Singular-Value Adaptation

KaSA outperforms 14 baselines across 16 benchmarks and 4 synthetic datasets. 

RoBERTa-base (Understanding tasks)

GPT-2 Medium (Generation tasks)

Summarization

Gemma 

7B

        

7B

LLaMA3 

8B

LLaMA2 

13B

C     

Gemma 

7B

Mistral 

7B

LLaMA3 

8B

LLaMA2 

13B
C     QA

Gemma 

7B

Mistral 

7B

    A3 

8B

LLaMA2 

13B

Classification

Gemma 

7B

Mistral 

7B

    A3 

8B

LLaMA2 

13B

LoRA   SSA MiLoRA KaSA

14F. Wang, J. Jiang, C. Park, S. Kim, and J. Tang. KaSA: Knowledge-Aware Singular-Value Adaptation of Large Language Models. ICLR 2025. 



LlamaDuo: LLMOps Pipeline for Distillation

Reliance on cloud-based service LLMs presents challenges.

C. Park, J. Jiang, F. Wang, S. Paul, and J. Tang. LlamaDuo: LLMOps Pipeline for Seamless Migration from Service LLMs to Small-Scale Local LLMs. ACL 2025.

Project 
development

Proof of 
concept

Alignment
(between local LLM 

and service LLM)

Aligned local 
LLM

Service /
Application /

System …

Production / Deployment

Service LLMs

Deploy

Leveraging the same prompt used in development and PoC phases 

Synchronize local LLMs 
with service LLMs

Service obsoletion

Data leakage

Internet failure

Unexpected issues
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LlamaDuo: LLMOps Pipeline for Distillation

LlamaDuo: automated alignment pipeline

16
C. Park, J. Jiang, F. Wang, S. Paul, and J. Tang. LlamaDuo: LLMOps Pipeline for Seamless Migration from Service LLMs to Small-Scale Local LLMs. ACL 2025.



LlamaDuo: LLMOps Pipeline for Distillation

LlamaDuo enables smaller LLMs to match performance of service LLMs in specific tasks.

Figure 2: Responses by Gemma models fine-tuned on GPT4o generated dataset. Evaluations are given by 
GPT4o, Claude 3 Sonnet, Gemini 1.5 Flash.

Figure 1: Performance of Gemma 7B fine-tuned on 1~256K 
dataset volume and evaluated by various service models.

17
C. Park, J. Jiang, F. Wang, S. Paul, and J. Tang. LlamaDuo: LLMOps Pipeline for Seamless Migration from Service LLMs to Small-Scale Local LLMs. ACL 2025.



LlamaDuo: LLMOps Pipeline for Distillation

LlamaDuo enables smaller LLMs to match performance of service LLMs in specific tasks.

Figure 3: Long-term cost comparison between fine-tuning a local LLM and API-based token usage of GPT4o.
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C. Park, J. Jiang, F. Wang, S. Paul, and J. Tang. LlamaDuo: LLMOps Pipeline for Seamless Migration from Service LLMs to Small-Scale Local LLMs. ACL 2025.



TreeRPO: Tree Relative Policy Optimization

TreeRPO – Tree Relative Policy Optimization

Z. Yang, …, and J. Tang. TreeRPO: Tree Relative Policy Optimization.

Motivation
• Sparse Rewards in RL for reasoning tasks
• No step-level guidance in model-free RL (e.g., GRPO)
• Process Reward Models (PRMs) are costly to train
• Goal: Dense reward signals without PRMs

 Trajectory-level rewards limit intermediate 
step optimization

Solution: TreeRPO

• Tree Sampling: Expand N-ary tree from each 
reasoning step

• Step-Level Reward Estimation:
o Leaf nodes → verifiable reward
o Parent nodes → expected reward from children

• Group-Relative Advantage:
o Filter groups by reward variance
o Continuous reward normalization via σ=μ(1-μ)

• Training Objective: GRPO-style clipped PPO + KL 
penalty

 Tree structure enables step-wise credit 
assignment without PRM

19

+2.9% over GRPO on Qwen2.5-Math-1.5B
-18.1% response length



DARS: Depth-Breadth Synergy in RLVR

DARS: Why RLVR Falls Short in Reasoning Capacity (Pass@k)

Z. Yang, …, and J. Tang. Depth-Breadth Synergy in RLVR: Unlocking LLM Reasoning Gains with Adaptive Exploration.

• Problem: RLVR with GRPO underweights hard problems
• Impact: Limits Pass@K performance
• Observation: Naive scaling of rollout size or batch size is inefficient

20



DARS: Depth-Breadth Synergy in RLVR

Solution: Difficulty-Adaptive Rollout Sampling (DARS)

> **We treat DARS as the focal loss in RLVR methods.

Phase 1: Pre-rollout difficulty estimation.
Phase 2: Multi-stage rollout re-balancing (ET / HW schedules).

• ET: Equal treat the samples with accuracy < 0.5
• HW: Pay more attention to difficult samples

Breadth Scaling: Full-batch updates + large batch size.

21Z. Yang, …, and J. Tang. Depth-Breadth Synergy in RLVR: Unlocking LLM Reasoning Gains with Adaptive Exploration.



DARS: Depth-Breadth Synergy in RLVR

Key Results

22Z. Yang, …, and J. Tang. Depth-Breadth Synergy in RLVR: Unlocking LLM Reasoning Gains with Adaptive Exploration.



AlignedCoT: Native-Style Prompting

AlignedCoT: Why Do We Need Native-Style Prompting?

Gap between human-written prompts and 
LLM-native reasoning

•  LLMs are sensitive to prompt style and wording

•  Human-written CoT ≠ LLM’s native reasoning style

•  Performance gap in complex reasoning tasks

•  Goal: Align prompts with LLMs’ own “native” thinking 

process
Z. Yang, …, and J. Tang. AlignedCoT: Prompting Large Language Models via Native-Speaking Demonstrations. EMNLP 2024. 23



AlignedCoT: Native-Style Prompting

How AlignedCoT Works: Probing, Refining, Formatting

• Step 1: Probing

   Use zero-shot prompt (“Let’s 

think step by step”) to elicit LLM’s 

native CoT

• Step 2: Refining

   Correct errors in generated CoT 

iteratively

• Step 3: Formatting

   Unify answer structure and 

punctuation for consistency

•  Output: Native-style, correct, 

and formatted CoT 

demonstrations

24Z. Yang, …, and J. Tang. AlignedCoT: Prompting Large Language Models via Native-Speaking Demonstrations. EMNLP 2024.



AlignedCoT Outperforms Human-Crafted Prompts

 +3.2% avg improvement on GPT-3.5-Turbo

 +1.7% avg improvement on GPT-4

 Better logical error detection (78.9% with GPT-4)

 Works with CoT, Complex CoT, Auto-CoT, and Self-Consistency

 Released: GSM8K-Align dataset for retrieval-augmented generation

25Z. Yang, …, and J. Tang. AlignedCoT: Prompting Large Language Models via Native-Speaking Demonstrations. EMNLP 2024.

AlignedCoT: Native-Style Prompting



Measure GUI Agent: Peak Sharpness Score (PSS)

26X. Tao, Y. Wang, Y. Cai, Z. Yang, and J. Tang. Understanding GUI Agent Localization Biases through Logit Sharpness. EMNLP 2025.

It ignores how close a prediction is to the ground truth

B      h   uc             c     , structured uncertainty    h     

Conventional evaluation uses binary accuracy

Motivation & Key Contribution

Metric:      Sh  p     
Sc    ( SS) c p u    
   uc u    u c        

Taxonomy: Define four 
types of GUI localization 
hallucinations

Evaluation: Fine-grained 
classification framework 
for structured analysis



27X. Tao, Y. Wang, Y. Cai, Z. Yang, and J. Tang. Understanding GUI Agent Localization Biases through Logit Sharpness. EMNLP 2025.

Peak Sharpness Score (PSS)

• PSS     u       g      b      semantic continuity    logits shape
• H gh  SS →  h  p, u              bu     → confident predictions
•      SS → f           gu          bu     → uncertain or hallucinated outputs
•  SS       gu  h   b       c    c , b     ,              g        b       h        p 

Measure GUI Agent: Peak Sharpness Score (PSS)



28X. Tao, Y. Wang, Y. Cai, Z. Yang, and J. Tang. Understanding GUI Agent Localization Biases through Logit Sharpness. EMNLP 
2025.

➢ PSS is significantly higher for correct predictions
➢ Biased hallucinations h             SS    c    c  → 

semantically close
➢ Misleading/Confusion h           SS →       c  f    c 
➢ PSS outperforms token entropy in separability and 

interpretability

Measure GUI Agent: Peak Sharpness Score (PSS)



Poor Coordinate Prediction of MLLM

29X. Tao, Y. Wang, Y. Cai, Y. Luo, and J. Tang. Mitigating Coordinate Prediction Bias from Positional Encoding Failures.

• Coordinate prediction fails at high resolution
• Longer visual sequences weaken positional encodings
• Models develop directional, non-random coordinate bias 
• Bias persists even without spatial signals
• Key question: How to fix it without retraining?



30X. Tao, Y. Wang, Y. Cai, Y. Luo, and J. Tang. Mitigating Coordinate Prediction Bias from Positional Encoding Failures.

• VPSG: A test-time, plug-and-
play correction

• Run base model twice, 
normal PE and shuffled PE  

• Shuffled runs expose 
position-free numeric bias  

• C        b  h   u    → 
detect spurious tendencies  

• Apply negative evidence on 
digit tokens only

• Multi-seed aggregation 
improves robustness 

• Coefficient decay focuses on 
important digits

Vision-PE Shuffle Guidance (VPSG) for GUI Agent



31X. Tao, Y. Wang, Y. Cai, Y. Luo, and J. Tang. Mitigating Coordinate Prediction Bias from Positional Encoding Failures.

Vision-PE Shuffle Guidance (VPSG) for GUI Agent



Intelligent Companion

MOTIVATION

Industry Pain Points

Alleviating educational anxiety

Growth guidance

K12 education technology market

Background

Lack of continuously 
evolving 

Predefined Q&A Program

No growth potential

One-way Rigid Interaction Mode

Rapid Content Decay

32



Intelligent Companion

SOLUTION 

KEY RESULTS

Exclusive Companion

From Traditional Toys to Companion Agents   g     A          AR   ch    g  E  b    Cu     z     

Exclusive Companion

From Traditional Toys to Companion Agents Digital Avatar and AR Technology Enable  Customization

AGENTSFLOWExc u     C  p     Private Tutor

From Traditional Toys to Companion Agents   g     A          AR   ch    g  E  b    Cu     z     

33



Why AlphaMind?

 Slow Manual Process  Opaque ML Methods  Open-Loop LLM Pipelines

Traditional factor discovery 
relies on months of manual 
hypothesis & back-testing

Deep learning generates 
signals but lacks interpretability 
and robustness in live markets

Current LLM systems generate 
factors without memory or 
theoretical objective

34H. Li, J. Zhang, …, and J. Tang. AlphaMind: A Closed-Loop LLM Pipeline for Automated Alpha Factor Discovery.



Architecture of AlphaMind

Fully autonomous cycle: retrieval → generation → validation → memory → iteration.

35H. Li, J. Zhang, …, and J. Tang. AlphaMind: A Closed-Loop LLM Pipeline for Automated Alpha Factor Discovery.



Superior Performance

Portfolio Performance Comparison

Sharp Ratio

3.17

2.92

2.62

1.10

0 0.5 1 1.5 2 2.5 3 3.5

AlphaMind
(Ours)

AlphaGPT
(Human-in-loop)

Alpha101
(Manual)

Deep Learning

36H. Li, J. Zhang, …, and J. Tang. AlphaMind: A Closed-Loop LLM Pipeline for Automated Alpha Factor Discovery.



Thank you!

Jing Tang, Assistant Professor
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