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ABSTRACT

Adaptive designs redistribute experiment traffic throughout the
experiment, and are used in practice to allow experimentation on
a large amount of arms in an A/B test. Our work notes that the
requirements on the estimators for such designs can be less strict
than the typical unbiasedness that is required in a standard A/B
test. We leverage this to introduce daily re-randomization to further
increase the discriminating power of adaptive designs. Our pro-
posed Sequential-halving switchback (SHS) independently splits
each day’s traffic evenly across the arms still active, and the worst
half is eliminated at the end of each round. We show that pooling
observations across rounds in this setup is often desirable, contrary
to common belief. To guard against mistakes during exploration,
we end with a conventional A/B on the winning arm(s). Finally,
the efficacy of our proposal is shown in simulation and in a proof-
of-concept study over nine arms on an experimentation platform,
where we validate the results of the two finalists against a conven-
tional A/B.

1 INTRODUCTION

Testing many candidate treatments in a standard A/B design forces
a choice between calendar time and power: either the experiment
runs for long enough for each arm to collect sufficient observations
to be powered, or we divide traffic across more arms, maintaining
the time cost but hurting experimental power. Adaptive experimen-
tation offers a tempting alternative by shifting traffic away from
underperforming arms while the experiment runs, so the remaining
traffic goes where it is most informative. For this problem of “best-
arm identification”, once there are K > 3 arms, adaptive designs
exist that dominate any non-adaptive design [4].

We propose one such design, a combination of two familiar ideas.
Sequential halving [5] is a near-optimal, parameter-free algorithm
for best-arm identification under a fixed budget: for K initial arms
the exploration horizon is divided into R = [log, K] rounds, the per-
day budget is split evenly across the arms still active, and at the end
of each round the worst half is eliminated on sample means from
that round’s observations. Daily re-randomization is a “switchback”
design on multiple units [2, 6] that re-draws every unit’s assignment
each day. The unit of observation becomes the unit-day, since a unit
in control today may be in treatment tomorrow, and the variance
of the treatment effect estimator falls accordingly.

Combining the two is attractive but raises concerns about the bias
that re-randomizing daily may introduce. Our design, sequential-
halving switchback (SHS), therefore ends with a validation A/B test
on the surviving treatments. We introduce the design, derive what
data to use for selection, validate our choice in simulation and
report a proof-of-concept run.
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Figure 1: Two-phase experimental design. Exploration: start-
ing from many candidate treatments, and re-randomize daily.
The set is narrowed by halving: after each halving period the
worst performing half is dropped and traffic is re-allocated
towards the best performing treatments on a single primary
metric. Validation: the surviving treatments are compared
against control in a standard A/B test
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2 THE DESIGN

SHS runs in two phases. In the exploration phase sequential halving
and daily re-randomization operate jointly: each day the active
arms are re-randomized across units, the day’s traffic is split evenly
among them, and at the end of each round the bottom half is elim-
inated. Once the target number of finalists is reached, the design
enters a validation phase in which the survivors are compared
against control in a conventional, single-randomization A/B.

For each arm a, let 7, be its true average effect on the exploration
metric relative to control, and 7, the difference-in-means estimate
from the exploration data. Estimators exist for the re-randomized
setting that recover each 7, without bias, but they need strict as-
sumptions (2, 3, 6]. Exploration doesn’t need unbiased estimates of
the true effect. Write E[7;] = 74 + sq, where s, is a shock or bias
introduced in the estimator for the true effect of arm a. Exploration
works even for non-zero s, as long as the best arm survives selec-
tion, for which it is sufficient that E[#,es] > E[7,] for every arm a.
In particular: only a shock unique to an arm matters: an arm whose
effect lingers into the next day biases every arm equally under
uniform re-randomization, so the contrast, and hence selection, is
unaffected.

Efficiency of the re-randomization. Re-randomization can im-
prove exploration by changing the unit of analysis and random-
ization from unit to unit-day. Visitors to a website are a common
example: some users visit regularly and trigger daily, but only a
fraction of the population triggers on any given day. We model
this with two rates. On a total population of N users, let b be the



base rate, the probability that a unit triggers on a day having never
triggered before, and r the retrigger rate, the per-day probability
that a unit which has already triggered does so again.

A single randomization analyses and randomizes on units, and
so each unit’s "re-triggers" carry the same treatment and data is
aggregated to that unit. Its effective sample is the count of distinct
units triggered so far, nap(T)/N = 1 — (1 — b)T, which is concave
and saturates. Daily re-randomization instead re-draws assignments
every day and unit-days scale more favorably:

nre(T) T 1-(1- b)T
T = (1—(1—b) ) + r(T—T)
which is asymptotically linear in the horizon T with slope r.

Since the same unit is re-randomized, in practice these extra
samples aren’t independent and thus true error shrinks by less than
1/rT. The study of Section 5 illustrates the shortfall: there, a 2.6x
increase in the observed sample bought only a ~ 1.4X reduction in
standard error, short of the V2.6 ~ 1.6 independence would give.
Approaches exist to estimate the true variance, which is left out of
scope for this abstract [9].

3 POOLING ACROSS ROUNDS

Sequential halving [5, 8] eliminates arms after each round by using
that round’s data. It is tempting to retain or pool data across rounds
since more observations will reduces variance further. However,
this is discouraged[1, 7] since it introduces a selection bias . In our
setting, we can have a closed form expression for the variance gain
under assumptions, and thus can discuss this bias-variance tradoff
in more detail.

Let round r run for d, days with K, active arms, each with
equal variance o. With N triggers per day split evenly across arms,
each arm receives n, = Nd, /K, observations. By round R, pooling
uses n1:.R = J,r<R Nr observations per arm, whereas per-round
estimation uses only ng.

Precision gain. Pooling reduces the standard error by

G= MR _ Kr ar
"R dr rsRKr’

which under exact halving and equal round lengths is G =

V2 — 2-(R-1) < /2. Note that this is bounded, and even on an
arbitrarily long horizon, pooling improves precision by less than a
factor V2.

Bias from a localized shock. Consider a shock of size s affecting
one arm k during rounds J € {1,...,R — 1}. It therefore affects
ny = ) jeynj observations, and pooling retains it with weight
wj = nj/ny.g, shifting the pooled estimate of arm k by sw;. We call
this localized since only the differential shifts matter: a common
shift cancels in the treatment contrast, so we read s as a shock
specific only to one arm k.

Assume equal-length rounds, exact halving and normally dis-
tributed outcomes, and let A = 7,0y — 7% > 0 be the "true gap"
between the best arm and the shocked arm. If the shock occurs only
before the final round, pooling replaces A by A — swj. Per-round
estimation uses only the final, unshocked round, so it retains the
full gap A but has a standard error larger by the factor G.
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We first define the gap in pooled standard-error units:

A _ A [niR 1)
oy 2/nl:R o 2
The effective signal-to-noise ratio for the shocked arm is then
Ak = A(1-swjy/A) under pooling, against A = A/G under per-
round estimation. Comparing the two arms on the final round, each
scheme misranks with probability ®(—A;) at its own A. Equat-
ing the two cancels 4, so pooling is the worse estimator exactly
when the shock it retains exceeds its own fractional precision gain,
swy > A (1-1/G). In the worst case, a shock covers every round
but the last, w; = 1 - l/G2 in which case the crossing sits at
s = AG/(G + 1). For a 2-round exploration this is 0.55 A, rising to
0.59 A as R — oo. So as a rule of thumb, pooling is worse only if the
bias on an arm exceeds half of its gap to the best arm.

A

4 POOLING VALIDITY IN SIMULATION

To empirically validate the findings, we use an additive model
Y, = 74 + ¢ for each arm a, with A defined on the 7, as in Section 3.
We simulate eight arms and R = [log, 8] = 3 rounds of equal
length. One arm is the true best, a second trails it by a gap A, and
the remaining six trail by 3A so they rarely interfere. Outcomes are
normal with common standard deviation o on ¢. A shock adds s to
the second arm’s outcomes on every round but the last, the worst
case of Section 3.

The closed form from Section 3 compares two finalists, so con-
ditional on that, we emperically validated our closed form in Ta-
ble 2. To validate the selection itself, we sweep the shock and the
standard deviation, both expressed against the gap: the shock as
s/A € [0, 1], and the standard deviation as A of Equation (1), tak-
ing A € {0.5,1,2,3}. A lower A means a higher o. Table 1 reports
the probability each scheme’s final pick is the true best arm over
600,000 replications per cell.

At A > 2, the noise reduces and thus both the shock and true
effect dominate the estimators. In this case, the tradeoff sits at the
predicted s/A = 0.570, measured at 0.576 and 0.570. Importantly,
we that as A decreases, the crossing moves to 0.75 at A = 1 and for
A = 0.5 where pooling remains dominant even at a shock the full
size of the gap.

5 A VALIDATION STUDY

Setup. As a proof of concept, we ran an SHS exploration over
nine arms (a control plus eight treatments) on an experimentation
platform, with pooling of data and narrowing to two finalists plus
control over two halving rounds, then ran a three-week validation
A/B on those finalists. Metric identities are withheld, so we provide
magnitude in units of the standard error o for interpretability. Tak-
ing the validation on the winning treatments as the reference, we
compare the two designs on 7 metrics X 2 treatments = 14 compar-
isons. For each we ask whether the estimates agree in sign, differ
significantly from each other, and agree on significance against con-
trol at p < 0.05. The windows between exploration and validation
are disjoint, so the estimates are independent. Note that we do not
explicitly validate the selection here, and assume that if the final
pooled estimates of exploration meet those 3 criteria, it serves as
an empirical indication that arm selection was correct since the
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Table 1: Probability the top-ranked arm is the true best, by
shock ratio s/A and gap-to-noise 1 (Eq. (1)), over 600,000 repli-
cations per cell. The shock hits every round but the last; the
middle band is the predicted break-even. Bold marks the
higher probability in each pair, unless the two are within
three Monte Carlo standard errors.

A=0.5 A=1 A=2 A=3

s/A  pool per-rd. pool per-rd. pool per-rd. pool per-rd.

0 501 470 .776 736 .974 935 .999 .989
0.10 .496 465 .766 .729 .969 934 .998 988
0.25 .488 460 .748 719 .960 933 .996 .988
0.50 .474 450 .721 703 .939 932 .991 988

0.570 .471 447 .713 700 932 931 988  .988

0.75 .460 443 690 .690 910 .931 979 .988
1.00 .447 432 657 .679 870 .931 957 .989

Table 2: The closed form under pooling, conditional on the
best arm and the shocked arm being the two finalists. Sim. is
the simulated probability of then picking the true best arm
over 400,000 replications, against the predicted ®(A(1-sw;/A)).
The largest gap is 0.019, at A = 0.5 under no shock. Per-round
estimation matches its own ®(1/G) to 0.005 in every cell.

s/A=0 s/A=1
A Sim. &  Sim. [y Sim. @

s/A =0.570

0.5 .673 .692 .647 647 .625 .613
1 826 841 774 775 725 716
2 976 977 935 935 875 874
3 999 999 988 .988 .957 .957

metrics were estimated in line with our criteria. Validating arm
selection directly would require a multi-way non-adaptive experi-
ment across all pairs of the 9 arms which is underpowered in any
realistic experimentation.

Results. The designs agree in sign on all but one comparison, and
that exception is a metric neither design found significant. No explo-
ration estimate differs significantly from its validation counterpart.
The significance verdicts moreover nest: every metric significant
under validation is also significant under exploration, and never
the reverse, so exploration is the more sensitive of the two and
contradicts validation nowhere. The median absolute disagreement
between point estimates is 0.18 o, and the largest discrepancy is
1.63 ¢ (p = 0.10). On a metric significant in both designs (Figure 2),
the interval shrinks steadily as daily re-randomized data accumu-
late, leading to tighter intervals than the A/B validation which
saturates.

What pooling bought. Pooling cuts the mean exploration stan-
dard error by a factor of 1.4, improving precision. We evaluated
both schemes (pooled and non pooled) on the collected data and
note that both eliminate the same four arms in round 1 and return
the same two finalists after round 2.
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Figure 2: Cumulative pooled exploration estimate (blue, 95%
CI band) by exploration day, for a representative treatment
on a metric that moved. The axis is effect versus control in
multiples of the final exploration estimate, so that estimate
is —1 by construction. Green is the 95% CI of the independent
three-week validation A/B, at —0.91 on the same scale; the
dotted line marks the round-1 elimination. Exploration ends
tighter than validation.

6 CONCLUSION

We proposed sequential-halving switchback, which exploits the fact
that best-arm selection needs correct rankings rather than unbiased
estimates to run exploration on daily re-randomized traffic. Pooling
across rounds is preferable unless an arm-specific shock exceeds
roughly half the gap to the best arm, and a proof-of-concept run
over nine arms agreed with a confirmatory A/B in sign on all but
one comparison.
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