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I. INTRODUCTION

A critical, necessary condition of truly generalist robot
policies is the capacity to operate robustly in environments
that do not possess a priori known structure. Thus, general
and high-dimensional exteroceptive perception is required to
allow the robot to adapt to a wide array of possible contexts
(e.g., variations in task, lighting, objects, and background).
Filtering these observations to extract relevant information is
a major challenge [40], with recent state-of-the-art (SOTA)
methods growing rapidly in complexity [12, 20, 13]. As a
result, perceptual generality closes off standard avenues for
constructive analytical guarantees for robot policies.

Alternatively, characterizing improvements in robot perfor-
mance via empirical validation, while more generally feasible,
faces significant challenges in its own right. Data is expensive
to collect for embodied systems [21], and proxy signals like
physics-based simulators [39, 26] imperfectly model compli-
cated phenomena (i.e., contact dynamics) [37, 36]. Addition-
ally, at present there is not a general framework for complex
validation tasks like policy ranking [6], active data collection
[4], and analysis of within-trajectory behavioral signals [42].

The preceding considerations are a candidate basis for a
practical theory of large models in robotics. Such theory can
meaningfully accelerate the “design feedback loop” of empiri-
cal investigation (see Figure 1) and generalize to future, novel
architectures. My research directly addresses this problem
by developing efficient procedures for evaluating robot
behavior that provide rigorous, policy-agnostic guarantees
under precise and practical models of uncertainty in the
robot environment or evaluation domain.

II. PAST AND CURRENT WORK

The guarantees we henceforth consider are defined to be
practical for robotics according to the following metrics: they
are non-asymptotic (are valid in finite samples), explicitly
account for and, where possible, minimize sample complexity,
and make minimal assumptions about the structure of the
perception-action pipeline.
Time-Uniform Robust, Online Behavioral Guarantees. The
most robust guarantee of a robot’s behavior gives a uniform
statement of its efficacy for any realization of uncertainty in the
environment. As such, these methods must generally consider
worst-case notions of uncertainty, for example building from
foundational results in robust control [16] to set-based meth-
ods like control-barrier functions [2, 3] and motion-planning
results from Hamilton-Jacobi (HJ) reachability [8, 27]. Such

Fig. 1: Design Feedback Loop. Increasing model complexity
promotes policy-agnostic and evaluation-centered assurances.
My work accelerates the empirical design feedback loop by
constructing rigorous evaluation methods.

a pipeline yields strong assurances – for example that the
robot will remain safe under any (plausible) realization of
uncertainty – at the cost of usually assuming highly accurate
perception to map observations to a low-dimensional repre-
sentation of the state. Further, necessary conservatism in the
uncertainty model can require increased computational burden
[14, 41, 31] and limit capacity to evaluate counterfactual robot
policy choices. My work extends results in this domain to
provide guarantees which: (1) hold counterfactually over the
choice of policy [18]; (2) adapt to the nature of uncertainty in
the environment [34]; and (3) explicitly account for unbounded
perceptual noise [30].

These results are primarily obtained via the frameworks
of online learning and regret minimization [19] and safe,
anytime-valid inference (SAVI) [29]. Online learning intro-
duces a novel flexibility to analytical methods in the low-
dimensional state regime by constructing decision rules which
can automatically adapt to the functional structures realized
in the environment. My work in [18] constructs an adaptive,
regret-minimizing evaluation test to synthesize worst-case per-
turbations for control tasks. This computationally efficient,
policy-agnostic test provably recovers known optima, such
as the game-theoretic H∞ control law [44], while accurately
characterizing the robustness of general, possibly-learned con-
trollers which deviate from these equilibria, potentially due
to noisy perception. We extended the regret framework to
motion planning in [34]. Here, we construct an optimization-
based planner that adaptively interpolates robust and optimistic
motion plans based upon the adversariality in the underlying
dynamics and environment obstacles. In [30] (under review),
we extend this to (semantic) perception-agnostic settings,



using SAVI procedures to give probabilistic guarantees for
avoiding unsafe regions under noisy, long-horizon perception.
Expected Performance Evaluation Guarantees. As in [30],
higher-level robotic tasks often require richer internal repre-
sentations [32] possessing unknown dynamics. Such represen-
tations have limited interpretability, causing analytical guaran-
tees to break down [10]. Therefore, constructing interpretable
filters – e.g., for failure prediction [42] or out-of-distribution
detection – generally requires additional learned components,
with costly empirical evaluation necessary to evaluate the
component-wise efficacy [21, 1].

My work addresses this challenge in two ways. First, it con-
structs data-driven probabilistic guarantees for policy-agnostic
failure predictors [17] and sensor-agnostic signal detectors [23]
that carefully reuse the training data to synthesize assurances,
saving valuable resources in data collection. Second, it pro-
vides methods to incorporate proxy variables [7] and actively
collect new training data [45] to accelerate estimation and
learning while ensuring statistical robustness to overfitting. In
each instance, the methods are general and adapt to arbitrarily
complex policy architectures.
Sequential Performance Evaluation. Recently, there has
been a profusion of challenging, dexterous, safety-critical,
and long-horizon benchmark tasks across robotics disciplines
[12, 38], reflecting the increased capabilities of novel complex
and SOTA robot policies. In these cases, proxy methods like
simulation can be harder to develop [38] and accumulate
additional sources of noise. Given the analytic opacity of com-
plex policy architectures, hardware evaluation thus remains
the gold-standard metric to assess the quality of research
innovations [21]. However, the time and equipment costs of
hardware evaluation are amplified in this context due to long
rollout times and complicated environment reset pipelines.

My work addresses this challenge via the introduction of
novel sequential evaluation procedures to the robotics context.
Indeed, despite the aforementioned costs of evaluation, the
standard practice has been to choose a batch size (often
arbitrarily), collect the full batch of (expensive) evaluations,
and only then run statistical analyses. Put simply: when the
batch is too big, effort is wasted; when it is too small,
significance is lost. In [33], we constructed near-optimal
sequential tests for comparing robot policy performance (e.g.,
between a novel policy and a baseline) under binary (success
/ failure) metrics. By explicitly optimizing for the expected
sample size, the evaluator could save significant effort without
invalidating statistical assurances. In [35] (under review), we
extend these tests to arbitrary performance metrics, allowing
for rigorous testing of partial credit measures, reinforcement
learning (RL) episodic rewards, and behavioral measures of
performance like jitter [9]. In each case, we achieve SOTA
sample complexity for rigorous policy comparisons, accel-
erating the evaluator’s capacity to obtain feedback signals
for novel design innovations in the robot policy architecture.
Importantly, these methods are again entirely agnostic to the
(complex) robot policy, ensuring that they will generalize to
subsequent improvements in the policy design feedback.

III. RESEARCH AGENDA

In each preceding instance, a core theme of our synthesized
guarantees is ensuring minimal reliance on the internal struc-
ture of the robot policy. Instead, structure is absorbed, where
possible, through environment dynamics [18, 34, 23, 30],
evaluation procedure design [33, 35, 7, 45], or through added
learning modules [17]. Each path is indicative of valuable
directions of future inquiry.
Guarantees Under Low-Dimensional Latent States. There
has been substantial interest in understanding low-dimensional
latent states corresponding to safe or task-relevant representa-
tions in robotics [28, 24]. These states may correspond, for
example, to the interaction of a (self-)attention mechanism
with the high-dimensional perception modules [40]; this is
a promising avenue to utilize existing capabilities as the
perception-to-state ‘bridge.’ I intend to investigate the temporal
coherence of such attentive latent states for long-horizon tasks,
with the idea to use episodic regret bounds [19] to compose
fixed-latent sub-tasks in complex and long-horizon scenarios.
Unified, Data-Efficient Frameworks for Evaluation. Em-
pirical evaluation has received significant, renewed attention
across robotics, machine learning, and RL [21, 1]; however,
it remains an underexplored family of practical problems.
As a concrete example, our previous work has advanced the
SOTA in terms of policy comparison [33, 35] and the rigorous
integration of proxy data [7]. However, as described in the
introduction, problems of ranking [6], active evaluation [4],
and detecting execution failure [42] and distribution shift,
remain underexplored. Continuing our work on developing
sequential procedures adapted to richer validation problems
would unify the empirical evaluation literature as tailored for
the highly data-constrained robotics context.
Fundamental Limits for Robots and Evaluators. In con-
trol theory, computational complexity theory, and statistics,
frameworks to compare and classify problem difficulty can
be rigorously defined and understood [5, 11]. However, such
frameworks are at present strongly limited in robotics and
adjacent fields [43, 25, 22]. The impacts of developing such
frameworks are manifold, from better-standardized bench-
marks to rigorously understanding the sample complexity of
learning robotic tasks. For complex robot policies, I seek to
develop bounds that specify task difficulty through the func-
tional behavior and stability of the perception-to-state latent
compression. In evaluation, I envision constructing guarantees
of optimal sample efficiency (akin to results in learning for
control [15]) which guide evaluation effort and set lower
bounds on the trials necessary to establish rigorous decisions at
provable levels of confidence. These results would additionally
guide principled robot evaluation by determining when certain
evaluation tasks are infeasible in the available evaluation
budget. Ultimately, my research agenda seeks to develop
rich, usefully predictive theoretical frameworks which
simultaneously illuminate functional behaviors of complex,
learned policies and accelerate empirical developments
within the field.
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