


can efficiently allocate hardware or computational resources to
begin investigating other problems. Indeed, allocating limited
evaluation resources is a major bottleneck in improving policy
performance [[69]. The sequential nature of N-SCORE bal-
ances statistical confidence and speed of decision-making,
adaptively making decisions when precisely enough evidence
has accumulated while minimizing unnecessary evaluation
trials.

IV. PROBLEM FORMULATION

Section III introduced the policy comparison problem,
which seeks guarantees as in Equation (1). The challenge in
designing a test is the complexity of DF; , as our procedure
must be robust to any such progress metrics arising in practice.

A. The Formal Hypotheses

We formulate the problem in the context of frequentist
statistical testing [12]]. To do so, we construct a general null
(skeptical) hypothesis and an alternative (desired) hypothesis
which reflect all possible cases of Equation (1).

In the nonparametric case (see Section , we consider
the set M o 1) of all Lebesgue-measurable distributions on the
real interval [0, 1] (i.e., all progress metrics per Definition 1).
We partition the product measure M 7, into two parts:*

S
st

0 1y o )
{OR.DE)"M %, EymRI# Epm[R]} and

{(DR,DR) "M %111 EpmlRI < EymIRI}.

Comparing the means amounts to formulating null and al-
ternative hypotheses as Hg : (D,[:?], D,g]) " S7 and H; :
(Dg], Dg]) " ST, respectively.

These can be intuitively understood as “all possible true
states of the world in which the novel innovation is not better”
(Hy, the ‘skeptic’), and “all possible true states of the world in
which the novel innovation is better” (H 1, the ‘desired result’).
Equation (1) amounts to being 1 %#* confident that the true
state is not in S™.

B. Measuring the Quality of an Evaluation Algorithm

Having formulated the test hypotheses Hy and H;, we
consider how to measure the quality of any potential evaluation
scheme. These measures can be understood intuitively: the
optimal evaluation protocol should make correct decisions and
make the decisions as quickly as possible.

There are precise mathematical analogues of these desider-
ata. In particular, there are two types of errors which can
be made. First, in the case that Hg is true, the evaluation
algorithm may incorrectly decide that H; is true. This is
termed a false positive, or a ‘Type-1 Error.” The rate at which
such errors occur (under a particular decision-making proto-
col) is denoted # " (0,1). Equation precisely amounts
to the statement “the Type-1 Error rate of our evaluation
method must be less than #*.” In the case that H; is true, the

4For a parametric family © (e.g., Bernoulli distributions), the same formal-

ism holds with a restriction to ©2 C ./\/1[20 1

protocol may incorrectly decide that H, is true. This is a false
negative, or a ‘“Type-2 Error.” The rate at which this occurs is
denoted $ " (0,1). Semantically, a Type-1 Error corresponds
to reporting a false discovery — that the new policy is better
when it actually is not. A Type-2 Error corresponds to a missed
discovery — failing to discern that the new policy is better
when it actually is. These two error types combine to give a
complete accounting of the algorithm’s correctness. The last
metric pertains to sample efficiency: how long the algorithm
takes to make a decision, denoted E[N]E] As presented, an
optimal evaluation algorithm — one that is fast and correct
— minimizes all three of the measures {#,$, E[N]}.

C. Efficient Tests as a Multi-Objective Optimization

Unfortunately, there are fundamental tradeoffs which pre-
vent simultaneous minimization of all of these metrics. There-
fore, we adopt the Neyman-Pearson testing approach [539],
which normatively chooses the Type-1 Error rate as the
quantity to be rigorously controlled. This amounts to requiring
that # $ #* be treated as a hard constraint. Having made this
selection, the problem of designing an evaluation procedure
reduces to finding (near-)optimal solutions to the following
multi-objective optimization problem:

% =arginf |E[N](%+ &a$(%
ler )
s.t. #(N $ #*.

Here, ! denotes a space of decision-making rules (evaluation
procedures) and & " [0, & ) is a nonnegative parameter trading
off the expected time to decision and false negative rate.
Efficiently solving Equation (Z) results in an evaluation
procedure that is guaranteed to maintain statistical rigor and
quickly and effectively detects changes in performance. This
provides the roboticist with the capacity to quickly iterate on
new innovations, while ensuring justified and well-calibrated
confidence in reported performance improvements.

V. METHODOLOGY

Unfortunately, solving Equation (2) for % directly is chal-
lenging, due to the high (infinite) dimension of the space of
progress metrics. As such, we will rely on the SAVI framework
(see Section II-C), which restricts to a policy class of near-
optimal tests via tractable approximations. We motivate the N-
SCORE procedure (as an instance of a SAVI method) via the
construction of an intuitive process to distinguish S~ from
S+. Concretely, we will construct a scalar-valued dynamical
system that behaves fundamentally differently when Hg is
true than when H; is true, based on the empirical evidence
observed during evaluation. This difference is precisely in
the sense of being stable in the former case and unstable
in the latter. The testing problem then reduces to assessing
the stability properties of the dynamical system. From this

SFor technical reasons, sample efficiency must be posed with respect to a
measure over S* . This amounts in practice to prior beliefs over features like
the size of the gap in performance; the reader may safely assume, e.g., an
‘uninformative’ uniform measure.



Proof: The proof uses Lemma [I] in concordance with
Ville’s Inequality [76] to bound the probability of observing
large values of X . After verifying several ancillary conditions
and matching constants, the bound can be computed directly.
More detail in included in Appendix [ |

Enforcing Type-1 Error control ensures high confidence
(at level 1 % #*) that reported significant innovations and
improvements to the state-of-the-art are strictly separated from
the inherent noise in robotic evaluation.

Remark 1 (Efficient Optimization of 'p). Consider the
stochastic process family described in Equation (3), and let F,
be the natural filtration {(roi, r1.i)} ?;11 at step N. There exists
an efficient algorithm to maximize (online) over {' n}N_; the
expected growth rate of {X }N_;.

For brevity, further details about this optimization are de-
ferred to Appendix [A-C| However, we emphasize that this
optimization has strong practical benefits, yielding a state-
of-the-art near-optimal solution to Equation for general
progress metrics.

VI. EXPERIMENTAL RESULTS

We evaluate N-SCORE across a broad suite of evaluation
settings, including some of the largest available datasets for
real-world robot comparison with task progress metrics, such
as RoboArena [6] and the LBM 1.0 study [9]. To organize the
results, we tie them to three core research questions (RQs):

1) (RQ1: Sequential Comparison) Do we observe sample
efficiency benefits from sequential evaluation?

2) (RQ2: Informative Metrics) Are there sample effi-
ciency benefits from using more informative evaluation
metrics than coarse binary success?

3) (RQ3: Technical Novelty) What are the respective
strengths of N-SCORE and baseline approaches?

The Policy Comparison component (RQ1 and RQ?2) is in-
tended to demonstrate practical use cases for the roboticist,
translating the theoretical guarantees from Section into
practical savings. These necessarily focus on more realistic
settings, prioritizing real-world hardware results and high-
fidelity simulation evaluations. Such datasets are generally
expensive to collect and are thus intended to be evaluated
single-shot. This still allows robust, rigorous comparison of
the underlying robot policies, but not of the baseline evaluation
methods themselves. The Baseline Comparison component
(RQ3), by contrast, illustrates the relative benefits of N-
SCORE with respect to existing evaluation procedures. To
answer this question, we must be able to run each of the
evaluation procedures many times to get a reliable sense of
their behavior, as the randomness in any individual dataset
may be misleading. This necessitates independent redraws of
the evaluation sequences and, therefore, a reliance on synthetic
data (i.e., with known distribution parameters) and repeatable,
low-cost simulation data (i.e., standard RL benchmark tasks).

For space constraints, additional properties of N-SCORE,
including computational burden and scaling laws with the #
parameter, are discussed in Appendix B. For all subsequent

Method Valid? Bernoulli  Parametric ~ Continuous
STEP [69] Yes SOTA N/A N/A
6-SAVI [74] Yes < SOTA N/A
WSR [81] Yes = = =
N-SCORE (ours) Yes = SOTA SOTA

TABLE I: Efficiency of Baseline Comparison methods for
all evaluation contexts. As we show in relation to RQ3, N-
SCORE complements the STEP procedure, extending rigorous
evaluation to performance measures beyond binary success
and failure. Additionally, N-SCORE Pareto-dominates the (-
SAVI and WSR procedures (as indicated by the ‘SOTA’
labels), recovering the efficiency of the former procedure when
parametric structure is present and the generality of the latter
procedure when it is not.

experiments, we use # in the standard range of [0.01, 0.05].
Further, any test on real datasets that fails to reach a decision
is denoted by ‘-~ in the associated tables of results. These
conditions arise when empirical means are very close and the
dataset is too small to separate the policies with sufficient
confidence 1%#*.

A. Baseline Methods

We introduce three major baselines, proceeding in order
of increasing generality. The Baseline Comparison (RQ3)
context of each procedure is represented in Table I. The
recently proposed STEP procedure [[69] demonstrated state-of-
the-art (SOTA) performance in the setting of binary success
metrics. However, because STEP is tailored to this important
but narrow setting, it does not generalize to more informative
metrics. Another recent work proposed a safe, anytime-valid
inference approach to parametric comparison problems, moti-
vated by settings with discrete partial credit [74]. This method,
termed (-SAVI to denote its parametric nature, is more general
than STEP, as it retains validity for any parametric comparison
setting (defined in Section II-B). However, as with STEP, (-
SAVI cannot extend to nonparametric performance metrics
such as continuous-valued progress scores. The most general
evaluation procedure is the hypothesis-testing dual of the WSR
estimation method [81], which is also most similar among the
baselines to our approach. As WSR and N-SCORE are equally
general, their comparison will center on sample efficiency.

B. Policy Comparison: Sequential Comparison (RQ1) and
Informative Metrics (RQ2)

Our experiments on real-world robotic datasets are designed
to investigate the practical capacity of sequential methods
and informative evaluation metrics, when paired with efficient
algorithms like N-SCORE, to save the evaluator significant
time and resources in their evaluation protocols. We decom-
pose this problem into two parts: investigating the benefits of
sequentiality under binary measures (in the vein of Snyder
et al. [[69]), and then investigating the relative benefit of
informative metrics given the use of sequential procedures.
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