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Nearly one in ten of the 10,905 trials registered in the AEA RCT Registry over the past decade
reports running a pilot. Digital experiments often share this two-wave structure, a small first wave
of traffic, the ramp-up, preceding the full experiment [Kohavi et al., 2020]. Experimenters run
these first waves for many reasons, but pilot data can also inform a consequential design choice, the
treatment assignment probability, in platform terms the traffic split. The assignment probability
determines how many observations each arm receives, and with them the precision of the average
treatment effect estimator and the smallest effect the experiment can reliably detect from its traffic.
This paper asks how much authority a small pilot should have over the main-wave design, and
answers with a closed-form assignment rule that moves from balance only as far as the pilot’s
evidence has earned, together with a finite-sample guarantee on what the move can cost.

If the potential-outcome variances under treatment and control were known, the variance-
minimizing rule would be the Neyman allocation [Neyman, 1934]. Assigning a main-wave share π of
the sample to treatment yields a variance proportional to
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1, σ

2
0) =

(σ1 + σ0)
2. These variances are unknown when the main wave is designed. A natural rule estimates

them from the pilot and substitutes the sample variances into the Neyman formula, yielding the
feasible Neyman allocation (FNA). When the pilot is large this plug-in logic is well founded,
and pilot-based variance estimates deliver asymptotically efficient assignments [Hahn et al., 2011,
Armstrong, 2026].

When the pilot is small, however, the premise of the plug-in fails, and the experimenter must
decide how much the design should respond to variance estimates that are not necessarily trustworthy.
Keeping the main wave evenly split caps the possible precision loss whatever the true variances, at
the cost of forgoing the gains the pilot could deliver. Following the pilot estimates as if they were
true removes this protection, and nothing limits how far noisy estimates can tilt the assignment. In
the registry, the median reported pilot has about 300 observations and roughly a tenth have fewer
than 30. At such sizes, FNA can lose to balance even in large main waves [Cai and Rafi, 2024].

We formalize this choice as a finite-sample statistical decision problem, on the premise that a
design rule should be evaluated with the information actually available at the moment of design,
not in an asymptotic world where pilot estimates are treated as known. In a two-wave experiment
with bounded outcomes and no parametric restrictions, the experimenter observes a pilot of total
size M , then chooses the main-wave assignment, and is judged by regret, the excess variance over
the infeasible Neyman allocation. Unlike fully sequential rules that reassign as outcomes arrive [Dai
et al., 2023, Zhao, 2024], the design is committed in one shot, as when traffic shares are locked after
a ramp-up, experiments run in batches, or the primary metric arrives with delay. The two canonical
rules mark the endpoints of this problem. Balance, the no-data rule, is minimax-risk optimal and
uniquely minimax-regret optimal without a pilot, but it gives the realized pilot no authority over
the assignment. FNA gives the pilot’s point estimates full authority, and its worst-case regret is
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unbounded at every finite pilot size. In short, balance refuses to move, while feasible Neyman can
move too far. The finite-pilot question is how much authority the realized evidence has earned.

Exact minimax regret, the natural ex ante criterion, shows that adaptation is worth it. With as
few as two pilot observations per arm its value falls strictly below the no-pilot level, so any optimal
rule must move for some realizations. Yet the criterion is not computable, since it ranges over full
outcome distributions and evaluates complete pilot-to-assignment mappings.

The Conditional Minimax Regret (CMR) rule answers the authority question by acting on what
the pilot has not ruled out rather than on a point estimate [Manski, 2021, Chernozhukov et al.,
2025]. It builds a confidence rectangle CM for the treatment and control variances, the configurations
still consistent with the realized pilot, combining distribution-free bounds on each arm’s variance
valid at any pilot size [Maurer and Pontil, 2009]. It then chooses the assignment that minimizes
worst-case regret over that set,
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The solution is a formula rather than an optimization. With [σd, σd] the standard-deviation interval
of arm d, pCMR = (σ1 + σ1)/(σ1 + σ1 + σ0 + σ0), the Neyman formula applied to the midpoint
of each arm’s interval. When the rectangle is wide, CMR stays close to balance. As it contracts
around the true variances, CMR moves toward the Neyman allocation. Alongside the assignment,
the rule reports a certificate, a bound on the regret the chosen assignment can incur [Andrews and
Chen, 2025]. The rule comes with finite-sample and large-pilot guarantees.

Theorem (informal). (i) With probability at least 1− α, the realized regret of pCMR is bounded by
its certificate, which never exceeds the no-pilot guarantee of 1/4 for outcomes normalized to [0, 1].
(ii) At interior variance pairs, pCMR converges to the Neyman allocation at rate M−1/2, with realized
regret and certificate of order M−1. (iii) Uniformly over bounded outcome distributions, expected
regret is O(M−1/2), matching the minimax-regret lower bound up to constants.

The construction extends to shared-control A/B/n tests and to stratified designs that split traffic
across user segments or markets, where CMR selects an allocation vector and again moves from
the no-information allocation toward Neyman as the pilot informs. Binary outcomes admit exact
finite-sample confidence sets, a bounded-kurtosis condition replaces the known outcome bound, and
the rule applies when the ramp-up observes a fast proxy while the primary outcome arrives later.

We also ask how large the pilot itself should be. Pilot observations could have gone to the main
wave, so a useful pilot must be informative enough to repay its cost. With a total budget of B
observations, a balanced pilot of roughly B2/3 observations, followed by CMR, attains worst-case
performance within a constant factor of the best any two-wave design can achieve, and any design
that comes close must use a pilot of the same order. A budget of 1,000 thus pilots with about 100,
and one of 100,000 with about 2,000, larger pilots consuming smaller shares.

We stress-test the rules in two large digital experiments whose contrast maps the two regimes of
the design problem (Figure 1). Each calibration takes the outcome rates the experiment realized
in its randomized arms as the truth. We repeatedly draw a balanced ramp-up, apply each rule,
and evaluate the implied main-wave variance at those rates. The first is a typical Upworthy test
[Matias et al., 2021]. Upworthy randomly assigned each reader one of four images for the same
story headline, and the outcome is whether the reader clicked, with click rates below two percent.
At a 100-impression ramp-up, feasible Neyman assigns some arm zero traffic with probability 0.78,
since an arm with no clicks is estimated to have zero variance, and clipping the assignment, the
standard repair, still needs three times the traffic. With only one percent to gain, any movement
mostly chases sampling noise, and CMR pays a small price for adapting, at most two and a half
percentage points over balance at any ramp-up size. The second is a stratified design calibrated to

2



30 100 300 1,000 4,000
Ramp-up size M (impressions)

100

101

102
E

ff
ic

ie
nc

y 
lo

ss
, %

 e
xt

ra
tr

af
fic

 v
s.

 o
pt

im
al

(a) Upworthy test (A/B/n)

30 100 300 1,000 4,000
Ramp-up size M (users)

(b) Criteo ad experiments (stratified)

Clipped feasible Neyman Balance CMR

Figure 1: Efficiency loss by ramp-up size, the percent additional main-wave traffic a rule needs to match the precision
of the optimal, infeasible Neyman design, both axes in logs. Each panel reports the mean loss over ramp-up draws
for one calibrated design. Panel (a) is the archive’s median-gain four-arm test among those with every arm above
5,000 impressions and 30 clicks, testing three images against the first-created one as shared control and minimizing
the summed variance of the contrasts. Panel (b) is the four-segment Criteo calibration. Balance is each design’s
no-information allocation, shared-control balance in (a) and representative sampling with even splits in (b). Unclipped
feasible Neyman is omitted because it assigns a positive-variance arm zero traffic in up to 83 percent (a) and 100
percent (b) of ramp-ups below 1,000, making its expected loss infinite. CMR uses the exact binary rectangle at
α = 0.05. Clipped FNA floors arm shares at 5 percent (a) and cell shares at a tenth of their representative share (b),
renormalizing.

Criteo’s 13.9-million-user collection of randomized advertising experiments [Diemert et al., 2018],
where treatment is eligibility for an ad campaign and the outcome is a visit to the advertiser’s site.
Visit rates across four user segments, quartiles of a baseline covariate, range from 1.2 to 8.5 percent,
so the optimal design oversamples the noisiest segment and representative balance needs 13 percent
more traffic to match it. CMR captures 61 percent of that attainable gain at a 500-user ramp-up
and about 90 percent by M = 4,000. Across both designs, CMR avoids feasible Neyman’s severe
small-pilot losses while capturing most of its large-pilot gains.
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