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Research Summary
I study problems at the intersection of machine learning, optimization, and control theory. My recent

work focuses on developing a principled understanding of usingmachine learningmodels for data-driven

control, with specific emphasis on applications in robotics.

Employment History
2024 – Now Assistant Professor

Ming Hsieh Department of Electrical and Computer Engineering

Thomas Lord Department of Computer Science (by courtesy)

University of Southern California

2019 – 2023 Research Scientist
Google DeepMind Robotics

New York, NY

2014 – 2019 Research Assistant
Department of Electrical Engineering and Computer Sciences

University of California, Berkeley

2011 – 2014 Research Assistant
Department of Electrical Engineering and Computer Science

Massachusetts Institute of Technology

Education
2014 – 2019 Ph.D., EECS, University of California, Berkeley

Thesis title: Sample Complexity Bounds for the Linear Quadratic Regulator
Advisor: Prof. Benjamin Recht

2011 – 2014 S.M., EECS, Massachusetts Institute of Technology

Thesis title: Fast Transactions for Multicore In-Memory Databases
Advisor: Prof. Samuel Madden

2006 – 2011 B.A., Computer Science, University of California, Berkeley
B.S., Mechanical Engineering, University of California, Berkeley

Research Funding
Total Support Raised: 1.04M (As Lead-PI: 900k, As Co-PI: 148k).

4/26–4/28 Calibrated Off-Policy Evaluation for Large Behavior Models
Sponsor: Toyota Research Institute Young Faculty Award

Role: Solo-PI

Amount: 490k

1/26–12/26 Jigsaw: Jacobian-Informed Guidance for Safe Alignment and White-box Steering
Sponsor: Coefficient Giving

Role: Co-PI (Lead-PI: Paria Rashidinejad, Other Co-PIs: Mahdi Soltanolkotabi)

Amount: 128k (of 386k)

9/25–9/26 2025 Okawa Foundation Research Grant
Role: Solo-PI

Amount: 10k
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Research Funding (continued)
8/25–8/28 NSFCPSMedium: Latent Representation Learning forVerifiable SensorRich Systems

Role: Lead-PI (Co-PIs: Lars Lindemann, Yue Wang)

Amount: 400k (of 1.2M)

8/25–8/26 Generative AI for Financial Decision-Making inNoisy, Dynamic, and Agentic Settings
Sponsor: USC-Capital One Center for Responsible AI Decision Making in Finance (CREDIF)

Role: Co-PI (Lead-PI: Mahdi Soltanolkotabi)

Amount: 20k (of 80k)

Research Publications (as of March, 2026)
Total Citations: 8278, Since 2021: 5483
Google Scholar: https://scholar.google.com/citations?user=JQcDmB8AAAAJ

Note:
†
denotes equal advising
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Talks
2025–26 Learning frommany trajectories

IFML Seminar, UT Austin

DSO Statistics Seminar, USC Marshall

Economics Seminar, USC Economics

Fa. 25 Challenges in Learning Behavior Certificates from Data
CCDC Seminar, UC Santa Barbara

Statistical Uncertainty Quantification in the Era of AI-Enabled Robots Workshop, RSS 2025

3/25 On the Effectiveness of Generative Modeling for Planning and Control
Computer Science Colloquium, University of Southern California

CRI Seminar, UC San Diego

2/25 Shallow diffusion networks provably learn hidden low-dimensional structure
Information Theory and Applications, 2025

2/24 Towards instance optimal rates in learning from dependent data
Information Theory and Applications, 2024

11/23 Revisiting Energy Based Models as Policies
Stanford Vision and Learning Lab, Stanford University

6/23 jax4dc Tutorial
Learning for Dynamics & Control Conference, 2023

Sp. 23 The foundations of machine learning for feedback control
Computer Science Colloquium, UC Riverside

EECS Colloquium, UC Irvine

Computer Science Colloquium, University of Chicago

ECE Colloquium, University of Michigan

ECE Colloquium, University of Southern California

2022–23 Learning frommany trajectories
Information Theory and Applications, 2023

Learning Theory for Control Workshop, IEEE Conference on Decision and Control, 2022

Machine Learning in Feedback Systems (CS 6784) Guest Lecture, Cornell University

Intelligent Robot Motion Lab, Princeton University

2022-23 Introduction to High Dimensional Probability (Part I and II)
Google Brainiversity Lecture Series

11/22 Independent learning from sequential data
Foundations of AI Seminar, University of Southern California

6/21 Learning and Control with Safety and Stability Guarantees for Nonlinear Systems
Foundations and mathematical guarantees of data-driven control summer school, ETHZ-EPFL

Fa. 20 Learning Stability Certificates from Data
CAN Lab, New York University

Research Seminar, TU Darmstadt

12/19 Concentration Inequalities for System Identification
Tutorial Session, IEEE Conference on Decision and Control, 2019

Seminar, Lund University

10/19 Finite-timeAnalysis of Approximate Policy Iteration for the LinearQuadratic Regulator
INFORMS Conference, 2019

7/19 Minimax Lower Bounds forH∞-Norm Estimation
American Control Conference, 2019



Talks (continued)
Su. 19 The Gap BetweenModel-Based andModel-Free Methods on the Linear Quadratic Regu-

lator: An Asymptotic Viewpoint
International Conference on Continuous Optimization, 2019

Conference on Learning Theory, 2019

Sp. 19 Safe and Reliable Reinforcement Learning for Continuous Control
Amazon Research, Palo Alto

Facebook AI Research, Menlo Park

Robot Locomotion Group, Massachusetts Institute of Technology

Machine Learning Seminar, University of Washington

Google DeepMind, London

Google Brain Robotics, Mountain View

Computer Science Colloquium, Princeton University

Microsoft Research, New York City

6/18 On the Approximation of Toeplitz Operators for NonparametricH∞-norm Estimation
American Control Conference, 2018

5/18 Finite Sample Guarantees for Control of an Unknown Linear Dynamical System
Stanford Information Systems Laboratory, Stanford University

Fa. 17 A Lyapunov Analysis for Accelerated Block Gauss-Seidel
Simons Institute, UC Berkeley

8/17 Breaking Locality Accelerates Block Gauss-Seidel
International Conference on Machine Learning, 2017

5/17 Convergence and Geometry of Non-convex Matrix Sensing
SIAM Conference on Optimization, 2017

6/16 Low-rank Solutions of Linear Matrix Equations via Procrustes Flow
International Conference on Machine Learning, 2016

2013 Speedy Transactions in Multicore In-Memory Databases
Symposium on Operating Systems Principles, 2013

Microsoft Research, Redmond

8/13 Processing Analytical Queries over Encrypted Data
International Conference on Very Large Data Bases, 2013

Awards and Honorable Mentions
2023 Best Student Paper Award, Conference on Robot Learning 2023

(co-author on paper with A. Ren, lead student author)

2021 Outstanding Reviewer, NeurIPS 2021
2018 Google PhD Fellowship in Machine Learning
2011 CRA Undergraduate Research Award Honorable Mention

Teaching
EE599 Foundations of Learning to Control, University of Southern California

Semesters: Sp. 2026

EE660 Mathematical Foundations of Machine Learning, University of Southern California

Semesters: Sp. 2024, Fa. 2024, Fa. 2025

CS189 Introduction to Machine Learning (GSI), University of California, Berkeley
Semesters: Fa. 2016, Fa. 2018



Service
Ongoing Reviewer, NeurIPS, ICML, ACC, CDC, AISTATS, COLT, CoRL, L4DC, and JMLR

Program Co-Chair, Learning for Dynamics and Control Conference, 2026

Guest Associate Editor, IEEE Open Journal of Control Systems (OJ-CSYS)

2025 Area Chair, NeurIPS, 2025
Program Committee, Learning for Dynamics and Control Conference, 2025

2024 Co-Organizer, Southern California Control Workshop, Fall 2024

Session Organizer, Information Theory and Applications, 2024

Session: Statistical learning for analysis and design of control systems
2023 Area Chair, NeurIPS, 2023
2022 Mentor, Google CS Research Mentorship Program

2018 Mentor, BAIR Undergraduate Mentoring Program
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