
Research Statement – Sarmad Mehrdad
My research aims to make robot learning data-efficient and interpretable. While much of the field
increasingly gravitates toward large end-to-end models trained on massive datasets (as noted in re-
cent panels and perspectives [1,2]), I pursue a complementary direction—one that leverages Inverse
Reinforcement Learning (IRL) and Optimal Control (OC) to infer intent and cost structure
from minimal demonstrations. This approach is critical for human–robot interaction (HRI), where
demonstrations are scarce, interactions are continuous and individualized, and interpretability is
as vital as performance.

The core question that drives my research is not how to move a robot, but why and when it
should move. Modern robotics has mastered fast and adaptive motion generation, yet our notion of
“robot learning” remains tied to the size of available datasets and computational power, otherwise
risking further limitations in learning. Humans, however, achieve generalization from few examples,
learning not only the task but the intention behind it. Robots, in contrast, often depend on
exhaustive datasets to acquire even simple behaviors. Achieving true autonomy requires a deeper
understanding of what to learn and how to represent it efficiently. My work addresses this gap
by uniting the quantitative rigor of control theory with the inferential structure of learning from
demonstration.

During my Ph.D., I developed a novel Minimal-Observation Inverse Reinforcement Learn-
ing (MO-IRL) framework that estimates optimal cost functions from minimal expert data. The
algorithm iteratively refines the cost estimate by weighting non-optimal trajectories according to
their deviation from optimality, yielding a more informative sampling distribution than random lo-
cal perturbations. This approach achieves faster, more interpretable learning without requir-
ing large sets of “bad” trajectories. Our results, accepted at IEEE IROS 2025 [3] and Humanoids
2025 [4], demonstrate significant gains in sample efficiency and convergence stability. Building
on this, in my ongoing work I am extending MO-IRL to physical human–robot interaction
(pHRI) for online cost learning from human corrections, translating human feedback into inter-
pretable cost adjustments. In parallel, I am analyzing multi-stage human intent across sequen-
tial tasks, aiming for a holistic understanding of optimality that can later generalize to humanoids
and collaborative robots.

Looking ahead, in my postdoctoral research, I plan to develop learning frameworks for em-
bodied intelligence that unify learning and control—enabling robots to learn efficiently, interact
naturally with humans, and adapt reliably in real time.

• Data Efficiency and Learning Optimality
Modern AI systems often equate learning success with data abundance. Yet optimality can
emerge from structure, not scale. I seek to design sample-efficient algorithms that infer
cost representations and control policies from sparse, high-value demonstrations—bridging
IRL and OC to capture intent with minimal data.

• Human–Robot Coexistence and Intention Adaptation
Robots often act conservatively near humans due to limited modeling of shifting human intent.
My goal is to develop multi-agent learning paradigms for intent-adaptive collaboration
that infer and adapt to latent and dynamic human strategies online, enabling robots to
respond safely and seamlessly in shared workspaces. [5, 6]

• Active and Online Learning for Continual Adaptation
A persistent limitation of robot learning is the dominance of offline training. I aim to create
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proactive and online algorithms that incorporate feedback during execution—updating
cost functions, features, or control parameters in real time for safer and more robust adapta-
tion. [7, 8]

• The Model Dilemma: Beyond Model-Free vs. Model-Based
My research seeks to transcend the dichotomy between model-free flexibility and model-based
interpretability. Beyond estimating cost weights, I aim to infer the features that define
the underlying task structure and characterize what constitutes success in the
task, extending recent efforts in feature discovery (e.g., [9]) and feature selection for control
(e.g., [10,11]). This direction promises more meaningful learning—where a robot not only
optimizes performance but also understands what it has learned to care about.

Ultimately, I envision developing embodied learning systems that can interpret, predict, and
co-adapt with humans in real time—learning efficiently, acting transparently, and generalizing
across tasks. By merging the mathematical rigor of optimal control with the flexibility of modern
learning, my long-term goal as a researcher and future faculty member is to advance explainable,
data-efficient, and human-centered robotic intelligence.
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