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I. INTRODUCTION

As robotic Al systems become more capable, the primary
prerequisite for widespread adoption will be demonstrating
safe and reliable operation [1]. Machine learning has sig-
nificantly expanded and improved robot capabilities — from
neural networks that form the backbone of perception to
large foundation models that exhibit commonsense reasoning.
The resulting models, however, are complex and opaque to
analytic inspection, and deploying these systems in equally
complex environments with a combinatorially large number
of variations makes it challenging to predict when the system
might fail, let alone provide any safety guarantees at design
time. Thus, we need comprehensive and principled evalua-
tion methodologies to validate system behavior and provide
trustworthy assurances. My goal is to advance a virtuous
evaluation-design cycle where rigorous test and evaluation
drives the development of reliable, robust, and safe robots,
which are subsequently vetted with powerful evaluation
frameworks as they take on new and richer capabilities.

My work aims to advance general-purpose, rigorous robot
evaluation using techniques from applied statistics, optimiza-
tion, and formal methods, with applications spanning from
robot manipulation to self-driving (see Figure [I). I have built
reliable and scalable end-to-end evaluation frameworks for
assessing robot foundation models [2} 3| 4} 5, |6} [7]], including
the first non-asymptotically valid evaluation framework for
providing real-world assurances on robot behavior by com-
bining large-scale imperfect simulation with small-scale real-
world testing [2]. I have also developed fundamental task-
relevant evaluation metrics to appropriately assess perception
performance in the context of system-level safety (modular
evaluation) [8, 9, 110, [11]], and introduced a new paradigm
of synthesizing closed-loop test plans for high-level task
reasoning (closed-loop evaluation) [12} |13} 14, [15]].

II. CURRENT AND PAST RESEARCH

Reliable and Scalable Evaluation. Consider the problem
of evaluating the mean performance of a robot policy on
some target task and environment distribution (e.g., success
rate, mean progress score). Mean estimation appears at each
stage of the robot design lifecycle, from comparisons to
baselines at the policy development stage to assessing real-
world performance prior to deployment [16, [17]. Yet, rigorous
evaluation of generalist robotic manipulation policies remains
a challenge, especially as they are trained to work well in
a wide-range of environments [18, [16} [19, 20, 21} 22]. For
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Fig. 1. 1 develop rigorous evaluation frameworks to systematically build
and validate robot policies for safety, reliability, and robustness.

manipulation policies, real-world testing remains the gold-
standard, but is expensive in time and labor. As a result,
hardware testing is often limited to 20-30 trials, with per-
formance typically summarized by empirical means without
rigorous statistical analysis [16, [6]. In contrast, simulation
offers a more scalable alternative [17, 23} 24, |25, 126]]. How-
ever, simulations are imperfect due to poorer visual fidelity,
model mismatch, and inaccuracies in contact modeling and
object interaction [27, 28]]. Policies are highly sensitive to
these variations, making simulation a poor proxy of real
behavior [29} 130, 131]]. To address this evaluation challenge,
I developed a statistically rigorous evaluation framework to
combine large-scale simulation with small-scale hardware
tests for reliable inference of real-world performance [2].
By establishing a real2sim formalism, I mathematically
represent policy evaluation as a prediction powered inference
problem [32, [33]. Each hardware rollout is paired with its
simulated counterpart, and these paired evaluations are used to
rectify evaluation bias in large-scale simulation, resulting in an
unbiased estimates of real policy performance. Using this data,
we can then construct non-asymptotically valid confidence in-
tervals on the true mean using concentration inequalities [34].
Unlike empirical success rates, confidence intervals explicitly
quantify uncertainty in real-world performance under finite
evaluations. My method substantially reduces real-world eval-
vation effort required for state-of-the-art robot foundation
models such as mg [19], cutting the number of hardware
trials required by 20-25%, while returning tighter confidence
intervals compared to hardware-only evaluation. Finally, the
resulting confidence intervals are statistically valid in the
finite amount of real-world and simulation trials. This research
attracted the interest of Waymo and Amazon Robotics, leading



to invited talks at their research seminars. I have also explored
other approaches to efficient policy evaluation such as statis-
tically rigorous policy comparison frameworks that minimize
the number of hardware trials required while controlling for
false positives under binary success metrics [6] and partial
progress scores [3]], the use of latent policy embeddings in
constructing offline proxies of real-world success rates to guide
data collection for imitation learning [7]], and the use of action-
conditioned video models [4. 15].

Fundamental Evaluation Metrics for Perception. While
the prior work focused on evaluation of end-to-end policies,
modular evaluation becomes important as learning-enabled
components are integrated as individual components in a larger
system architecture. One such example is self-driving where
deep neural networks are an integral backbone for perception
tasks like object detection, segmentation, and tracking [35].
However, current approaches typically evaluate perception
and downstream controllers in isolation, without accounting
for the application-specific, system-level task (e.g., maintain
safe distance from obstacles) [36, 137, 38, 139, [36]. Moreover,
not all perception errors are equally safety-critical [40, 41].
To address these challenges, I introduce a confusion-based
uncertainty metric to propagate semantic classification errors
into probabilistic guarantees for system-level tasks [8]. I also
propose task-relevant confusion matrices by incorporating log-
ical formulas relevant to the downstream control logic and task
specifications, thereby providing tighter system-level guaran-
tees on specification satisfaction [9, [10]. Through rigorous
quantitative analysis, I provide a compositional framework that
enables designers to weigh trade-offs and select models best
suited to their system architecture and task [LL1} 8]

Closed-loop, Compositional Test Plans for High-Level
Task Reasoning. My work also considers evaluation frame-
works that are compositional and closed-loop for testing rich
semantic interactions (e.g., decision-making, high-level plan-
ning) that require evaluating agent behavior under feedback
from its environment. For example, a mobile manipulator or a
self-driving car should safely navigate environments with other
agents while reasoning about how its actions will influence the
behaviors of others. Such high-level reasoning often involves
fundamentally discrete decisions — for example, selecting a
route, deciding whether to yield or merge, or deciding to
stop for a pedestrian that may or may not cross. In robot
planning, high-level tasks and test objectives can be effectively
stated in logical formalism (e.g., propositional, predicate, or
temporal logic formalisms) [42]. My work uses this inter-
pretable formalism and the mathematics of assume-guarantee
reasoning [43] to design test campaigns that compose multiple
test objectives into a single test instance [12} [14] or decom-
pose complex testing requirements into simpler system- or
component-level tests for a more nuanced failure analysis [14].

Evaluating these decision-making capabilities requires a
closed-loop test environment that reacts dynamically to the
robot’s actions for a realistic assessment of its high-level
reasoning capabilities in complex interactions. I developed a
game-theoretic framework that programmatically synthesizes

such test environments while treating the robot controller as
a black box [15, [13]]. These environments can include both
obstacles and agents with rich physical dynamics navigating
in the same space as the robot under test. The interaction is for-
malized as a general-sum game: the robot acts to accomplish
its task and the test environment optimizes for an adversarial
yet fair test. Using automata-theoretic representations of these
objectives, 1 formulate the general-sum game as a network
flow optimization with affine, yet coupled, constraints. A
key insight is that the desired equilibrium condition can
be expressed as an affine graph-cut constraint, reducing the
overall formulation to a mixed-integer linear program (MILP),
allowing us to leverage advanced MILP solvers [15]. From
the optimization solution, we efficiently construct closed-
loop test environments to evaluate high-level decision-making
capabilities of the robot under test.

III. FUTURE RESEARCH AGENDA

Unreliable Simulators for Real-world Reliability. My prior
work [2] used physics-based simulation, and is the beginning
of a long-term research program in leveraging unreliable
proxies for reliable inference. An important direction is ac-
tive inference for targeted real-world evaluation: rather than
uniformly sampling environments for hardware testing, we
can prioritize scenarios where the simulator exhibits high
uncertainty, and systematically characterize this uncertainty
to design targeted statistical inference campaigns. Simultane-
ously, we need improved and scalable simulation. In contrast to
physics-based simulation, action-conditioned video generation
models are faster to setup, offer greater visual fidelity, and can
be improved with more data [44 45, 46. Yet, they are prone to
physically implausible rollouts that introduce evaluation bias.
How do we leverage these powerful models for evaluation but
correct for their imperfections?

Evaluation for Designing Better Policies. My earlier work
explored using policy embeddings to inform data collection,
but these representations were not consistently predictive of
real-world performance across tasks [7]. A comprehensive
evaluation campaign should optimize for efficiency and cover-
age to identify operational environments where the robot pol-
icy underperforms. Moreover, not all failure modes are equally
consequential; assessing both the frequency and severity of
failures is critical when prioritizing where to gather additional
data for improving policy performance.

Re-thinking Metrics, Benchmarks, and Safety. To keep
pace with rapidly advancing generalist robot policies, we must
rethink evaluation metrics and benchmarks to ensure readiness
for safe deployment. Instead of a single validation stage, we
are more likely to require a curriculum evaluation strategy in
which policies are tested on progressively more challenging
environments, increasing in complexity only after demonstrat-
ing reliable performance in earlier stages. Identifying mean-
ingful evaluation targets will require a careful examination
of physical safety and commonsense reasoning, including in
the presence of human interaction, and the development of
principled methods to evaluate them.
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