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I. INTRODUCTION

Large-scale online A/B experiment is central to data-driven
decision making in industry [5]. Adaptive experimentation,
particularly bandit-based methods, has been widely studied for
improving experiment efficiency by reallocating traffic toward
promising treatments [1]. However, most of this literature
emphasizes regret minimization or best-arm identification,
while practical experimentation requires valid post-experiment
inference, including credible treatment effect estimates and
formal hypothesis testing with principled error control across
large experiment portfolios [2, 4, 3]. This paper addresses this
gap by introducing a Bayesian framework for batch-adaptive
experiments that is tailored to the operational realities of online
platforms.

A. Challenges and Gaps

In a real-world adaptive A/B experiment, data are generated
not only from newly arriving users but also from existing
cohorts that continue to contribute outcomes as they age. This
repeated and refreshed observation structure is common in
practice, yet it has received little rigorous attention in the liter-
ature on batch adaptive experimentation. Current approaches
largely overlook the persistence and cohort-aging dynamics
that characterize actual online experimentation [12, 7].

Moreover, a central challenge in batch adaptive experimen-
tation is the lack of tractable likelihood formulations. Most
of the bandit literature is designed for regret minimization
and allocation efficiency rather than post-experiment statistical
inference [1, 10]. The relatively few works that study infer-
ence focus on establishing asymptotic normality or coverage
guarantees under frequentist paradigms [6, 4, 2, 7], yet these
results remain technically complex, lack asymptotic optimality
characterizations, and are not easily applied in practice. A flex-
ible likelihood framework that can accommodate a wide range
of bandit algorithms—and that could serve as the foundation
for valid statistical inference—has not been developed, let
alone one tailored to the cohort-based data structures discussed
above.

Finally, reliable impact estimation and formal hypothesis
testing are essential for experiment-driven decision making
in industry, where product launches and business strategies
depend on trustworthy evidence. However, most bandit al-
gorithms are designed to optimize allocation and regret, and
they provide little or no guarantee about the validity of post-
experiment effect estimates or error rates [8, 9]. As a result,
practitioners face a gap between algorithms that efficiently

allocate traffic during an experiment and statistical procedures
that ensure credible inference once the data are collected.

B. Contributions

This paper develops a practical inference framework for
batch adaptive experimentation that addresses these chal-
lenges. To capture the realities of online platforms, we in-
troduce a data model that explicitly accounts for repeated and
refreshed cohort observations, filling a gap overlooked in prior
work. Building on this structure, we derive a novel likelihood
approximation that converts adaptive histories into a tractable
linear model, enabling flexible statistical inference across a
wide range of bandit algorithms. In addition, we establish de-
cision procedures that link evidence thresholds to reliable error
control, providing practitioners with valid tools for estimating
impacts and testing hypotheses in large-scale adaptive A/B
experiments. Finally, we offer a complete guideline on batch-
adaptive experiment design to ensure trustworthy inference in
adaptive experimentation.

II. METHODOLOGY

A. Batch Adaptive Experiment Overview

Consider a two-arm adaptive experiment with a reference
arm and a treatment arm. In a typical real-world industry
setting, at each time ¢, a new cohort of subjects enters the
experiment, with the arm traffic allocation determined based
on data collected from prior periods. Concurrently, all existing
cohorts continue to observe updated data under their original
treatment assignments. Let X ; ; represent the observed effect
for subject j in cohort ¢ at time ¢ under treatment arm a
(a = 0 for the reference arm and a = 1 for the treatment

arm), modeled as:
Xé,i,j = /u’(a7 i) t) =+ €5,

where pi(a, i, t) denotes the expected effect, and ¢; is a mean-
zero random variable with finite variance. For the purposes of
this manuscript, we focus on the stationary expected effect
setting, where u(a,i,t) = p(a) across time and cohorts
(see Appendix D for an age-specific non-stationary setting).
The arm assignment E ; is determined through a one-time
sampling process bd-—— on the arm assignment rate m,;
at the time the cohort first enters the experiment. At any
given time ¢, the complete set of average observed effects
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Not sure if this is a common notation in MAB work, but if this is an indicator rv, maybe it is slightly more intuitive to use I instead of \xi?

Yicheng Li
Great question Jinqi. When I choose the notation, I thought it might be good to use one that extendable for more than two arms so I say why not use a general r.v. name instead of the indicator function.
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Fig. 1: A Directed Acyclic Graph (DAG) illustrating the data
generation process in a typical adaptive experiment under
Assumption 1. The superscript ¢ indicates the time of obser-
vation and supscript ¢ indicates the cohort (i.e., the time when
the cohort first arrives in the experiment). Arm index a is
suppressed for simplicity.

across all cohorts, each with sample size N;, is denoted as
X' i= {Xo i tacio1)ien,. .., Where

N;
Xé,z' il fa,i,ijl,i,j-

Our inference framework is designed to be agnostic to the
specific bandit algorithm used for determining the arm assign-
ment rates, provided the following assumption is satisfied:

Assumption 1 The cohort-specific arm assignment rate
41 = {0,141, 71,441} for the newly arriving cohort at time
t + 1 is fully determined by the average observed effects at
time ¢, such that 7, ; = m(X?), where () is any deterministic
function defined by the traffic allocation policy. Additionally,
41 remains positive for both arms.

Assumption 1 is practical for real-world adaptive experi-
ments, as it is widely applicable to common multi-arm bandit
algorithms and ensures that the most recent data is leveraged to
determine traffic allocation for newly arriving cohorts. Figure 1
illustrates the complete data generation process of a typical
adaptive experiment under Assumption 1.

B. Bayesian Inference Framework

The main inference goals of the Bayesian batch adaptive ex-
periment include estimation of the expect effects of both arm
(and their difference) and decision-making through Bayesian
hypothesis testing. We start with the likelihood approximation
for the batch adaptive experiment data generation process.

1) Likelihood Approximation: By data generation proce-
dure described in Section II-A, the joint probability of the
full history of the average observed effects with repeated
measurement up to time ¢ can be decomposed as:

¢
XN = []PEE K < PXY),

i=2
where X! is the full history of the average observed effects for
cohort 7 by time ¢ since the cohort entered the experiment.

To approximate each conditional probability in the likeli-
hood, we need the following assumptions:

Assumption 2 & L X/ [X"! V¢ > i. This assumption
states that the treatment assignment &; for cohort ¢ is indepen-
dent of the individual observed effects for all time after the
cohort enters the experiment ¢ > ¢, conditional on the data
observed prior to cohort i.

Assumption 3 X!, L X/*' 1 X/*? 1 .. .|¢. This
assumption posits that the observed effects are independent
across time periods once the arm assignment is fixed and can
be easily relaxed by incorporating a more realistic covariance
structure if needed.

To approximate the conditional likelihood of cohort-level
averages, we leverage the multivariate Central Limit Theo-
rem under Assumptions 1-3, which yields an asymptotically
normal representation for the evolving cohort means with co-
variance reflecting both assignment probabilities and outcome
variability. The formal statement is given in Proposition 1
(Appendix A). For tractability, we further approximate the
joint probability of effects within a cohort under the two arms
by assuming independence, noting that this can be relaxed by
incorporating richer cross-arm covariance structure. We also
reparameterize p = {p(0), (1)} into @ = {u(0),4(1)},
where §(1) = p(1) — p(0), which is often of primary interest
and easier to elicit priors for.

Building on these approximations, the adaptive history
admits a linear representation

X'=A'fi+e, e~N(0,%,),

where X' stacks cohort-level outcomes, A! encodes the
adaptive allocation, and Y. captures the induced covariance.
The full statement and derivation appear in Proposition 2
(Appendix B).

This formulation offers a general framework for adaptive ex-
periment designs under the minimal Assumptions 1-2, which
yields a flexible likelihood that unifies a broad class of batch
adaptive policies and hold broadly in industry practice. Exten-
sions are possible by relaxing Assumption 3, incorporating
arm correlations, or adapting to non-stationary effects and
multi-arm settings through modifications of the design matrix
A and covariance structure Y.. For example, correlations
between arms can be modeled by replacing the diagonal block
(%6,i/Ni, X1 ;/N;) in ¥ with a covariance matrix including
off-diagonal terms. An age-specific non-stationary extension
is provided in the Appendix D.

2) Effect Estimation: To perform full Bayesian posterior
inference, we define the prior distribution of i as a multivariate
Gaussian distribution: fi ~ N (pz,¥;) with

Mg = (Muo 0)/7 Eﬂ = diag(ozwag)'

Here p,,, represents the prior mean of the reference arm, and
O'/2LU and o2 denote the prior variances of the reference arm and
the treatment effect size, respectively. To utilize the Normal-
Normal conjugacy, we propose employing a plug-in estimate
for 1, in the data covariance matrix 3¢ .. Our simulation study
demonstrates that using the posterior mean from the previous


Jinqi Shen
Maybe it is better to add a time / cohort axis for better visualization.

Yicheng Li
That's what I am planning to do  as well! Great advice.

Jinqi Shen
is this N_i or N_{i,a}?

Yicheng Li
Yeah this is chosen to be N_i intentionally so that it is sort of a fixed number instead of a random as N_{i,a} that depends on the \xi's so that I could directly apply the CLT. Then the mean of \bar{X}_{a,i} is \pi*\mu and I write the \pi in the design matrix A of the linear model format. Does this make sense?

Jinqi Shen
I see. Yeah, that definitely will simplify the proof but it actually has slightly higher variance compared with using N_{i,a} (if you plan to divided by \pi later). In some use cases, the difference can be non-trivial. You can take a look at section 3.1 of https://git.musta.ch/jinqi-shen/stratified_sampling_optimization/blob/main/paper/stratified_sampling_paper.pdf if you previously didn't consider that before. But overall, for sure this is just a side topic of work, and I am okay with it at this moment.

Yicheng Li
Sounds great! I will take a close look at your manuscript and get back to you. Thank you for the feedback.


iteration provides robust and reliable results. Consequently,
the posterior distribution of zi follows a Gaussian distribution
(formula omitted).

3) Decision Making: We perform Bayesian hypothesis test-
ing for adaptive experiment using the Bayes Factor (BF) to
test Hy : 6(1) = 0 against Hy : §(1) ~ N(0,0%). The Bayes
Factor for comparing hypotheses H; and Hy is defined as
BFjo := P(X|H,)/P(X|Hyp), where P(X |H},) is the marginal
likelihood under hypothesis Hj, following

X|Hy, ~ N (A, ASi, A+ 50).

Here the pp, and X, are the mean vector and covariance
matrix from prior of the corresponding hypothesis Hj. We
reject Hy in favor of Hp if BF;9 > BFresnoia for a pre-
specified threshold for evidence strength. Bayes Factors pro-
vide a natural link to error control in adaptive experiments,
as they bound the false discovery rate (FDR, the probability
of falsely declaring an effect when none exists among dis-
coveries) while also relating to the false non-discovery rate
(FNDR, the probability of missing a true effect among non-
discoveries). Our simulation studies reveal how FDR, FNDR,
sample size, and treatment effect variance interact, providing
the basis for the detailed guidelines on trustworthy batch-
adaptive experiment design presented in Appendix C.

III. SIMULATION STUDY
A. Simulation Setup

In this simulation study, we consider the following scenario
under the stationary expected effects:

o Hoy: p1(0) ~ N (p,,1) and 6(1) = 0,

o Hi: p(0) ~ N(pp,, 1) and §(1) ~ N(0,03).

We generate the individual treatment effects Xéﬂv’j ~iid.
N (pa,1). In practice, practitioners can standardize the ob-
served effects by the estimated population standard deviation
first and treat § as the effect size. We choose the standard
Thompson sampling with a clipping at 0.05 as an example of
the arm assignment algorithm for illustration. We experiment
with different settings including number of batches, batch
sample sizes, and standard deviations of the effect size . We
repeat each experiment 100,000 times, with equal sampling
from Hy and H; and prior distributions known. In practice,
prior distributions and prior odds should be properly estimated
from historical experiments or suggested by domain expertise.

B. Estimation Biasness

Figure 2 illustrates the bias distribution of the treatment
effect. The bias of the estimated treatment effect is a non-
increasing function of the true value, centered at 0. Notably,
the estimate remains unbiased when there is no treatment
effect. However, when a real effect exists, the estimate exhibits
shrinkage, a common practice often referred to as applying
a “haircut” in impact analysis. Interestingly, the bias for the
inferior arm is positive due to the influence of the prior.
This is significant because, in adaptive experiments, the post-
experiment estimate of the inferior arm is typically negatively
biased due to insufficient sampling of the inferior arm [11].

Relationship between True Delta and Delta Bias Bias Distribution Comparison Across Parameters

Delta Bias
Bias (Posterior - True)

oo
True Delta

E 2: Bias distribution under the stationary scenario with
0.1, consisting of 30 batches with batch sizes randomly
sampled between 200 and 300. Left: Scatterplot showing the
relationship between effect size bias and true values. Right:
Boxplots illustrating the bias distribution by true effects, where
Ming (T€SP. [lsyp) 1S arms with inferior (resp. superior) true
effects. = 0 is under Hy and § <> 0 is under H;.

C. Decision Making Errors

Figure 3 illustrates the FDR and FNDR under various
experimental settings. The FDR is effectively controlled at
the desired level by selecting an appropriate Bayes Factor
threshold (e.g., BFhreshoid = 9 for FDR < 0.10). Meanwhile,
for a fixed Bayes Factor threshold, the FNDR decreases as the
total sample size or the standard deviation of the treatment
effect increases. Additionally, we evaluated the FNDR against
the batch size while keeping the total sample size constant. The
results indicate that more frequent updates lead to improved
FNDR and opportunity gain under a fixed sample size (see
Figure 4). These findings provide practitioners with practical,
statistically sound guidelines for designing batch adaptive
experiments, as outlined in Appendix C.
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Fig. 3: False Discovery Rate (left) and False Non-Discovery
Rate (right) under the stationary scenario with BFpeshola = 9-
The in-batch sample size is randomly sampled between 200
and 300. Top: Variation in the number of batches. Bottom:
tion in 07 with a fixed number of 30 batches.


Jinqi Shen
Do you have insights on why they are much smaller than the desired threshold? I thought for BF testing, the FDR should be controlled quite exact if the underlying distribution is estimated well.

Jinqi Shen
Another concern is that if it is much lower than desired FDR rate, then it is also kind of wasting the room.

Yicheng Li
Great question and this is what I would like to evaluate for the KDD paper in more depth. I can see that the method is quite conservative and can be inefficient. I do some a naive power analysis on a regular AB test to match type-II and FNDR (which is not comparable for sure TT) under a similar match for type-I and FDR (same, not comparable in general) and compare the sample sizes for both methods, they are roughly on the same scale (hundreds with hundreds, thousands with thousands) but indeed need more investigation. 
I believe there might be some deeper reasons (or my likelihood mode is not accurate at all). This is also something maybe you can provide some help with?

Jinqi Shen
Yeah, this really seems to be weird as BF should be an exact control of FDR (or I am wrong about it?) Maybe the asymptotic underlying distribution convergence can be one of the reason, but still not sure why with batch size increase, the FDR will become further lower.

Yicheng Li
I think the BF is exact when it is well calibrated (nominal = empirical). I have some plots to evaluate that and for now I see under the likelihood I specified the simulation shows nominal <=empirical, especially when the sample size increases. Definitely this needs more investigation to understand better.

Jinqi Shen
Sorry, I have some diffculties in understanding those two charts. 1. What is delta_bias? Also for the boxplot on the right, why there are \delta = 0, \delta >0 and \delta <0 and they all has some distributions?

Yicheng Li
Sorry for the confusion. I don't have space in this page to write out the bias definitions (should definitely do in the 5pager). So the simulation generates 100,000 experiments , and each experiment has its own \mu sampled from either the prior of H0 or H1. So the bias is the difference in the posterior_mean and each \mu and it has the distribution with randomness from the priors they are generated from. So the delta=<>0, are just I group the experiment if their true delta is =<>0 to see how does the bias distribution for true bias. I think in the adaptive literature that usually the inferior arm is underestimated due to insufficient sampling so the treatment effect tends to bias positive. This chart tries to show that we 'shrinkage' the treatment effect estimation towards 0 if there is an effect (\delta <> 0) and stay unbiased if there is no effect (\delta = 0). But again this is averaged over the prior distribution. I did a asymptotic bias analysis as well and the bias distribution converges to 0 when the sample size increase.

Jinqi Shen
although I kind of understand your thought, unfortunately I still don't fully get this part. Maybe I can take a second look when you have more detailed illustrations in the 5-page version. Sorry about that.

Yicheng Li
No problem! I guess the presentation is not good enough. I will try to modify it more (the 3pager is really restraining).
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APPENDIX
A. Asymptotic Normality of Cohort Averages

Proposition 1 Define

too_ ot N\2T
Za,i - Wa,i(o'a,i) ]It—l-‘rl

+ Tayi(1 = mai) (fta) *Li—iv11) i -

Then under Assumptions 1-3, the asymptotic distribution of
X5 | X1 follows

VNI(EL ) TEXE  — aiptalimiin) | (XY = p N(0,T).

B. Linear Model Representation of Adaptive Histories

Proposition 2 Denote X' := ((X§,)’, (Xt ,), ..., (X},),
(X{,))" as a 1-dim flattened vector of the full history and
deSign matrix A’ := ((Ag,l)/’ (Ag,l)/v T (Ag,t)/ﬂ (Atl,t)/)
with Al ; of size (t —i+1) x 2 and

m,; if a=1and all p,q

Afz,i[PaQ] =qm,; ifa=0andg=0andallp.

0 otherwise

In addition, define

g i o Sh
3 :=dia 2, =, == ].
5 ( P I A )
Then under Assumptions 1-3, the likelihood of X is asymp-
totically equivalent to the following linear model:

X'=A'li+e e~N(0X).

C. Experiment Design Guideline

In practice, we suggest practitioners to follow the steps
before performing a Bayesian batch adaptive experiment.

1) Perform estimation on past experiments to determine
parameters in the prior distributions including mean,
variance of the control arm, and variance of the effect
size, and PriorOddsg.

2) Select the desired FDR rates (and its corresponding BF)
and FNDR rates.

3) Estimate the traffic of the experiment of the most
frequent practical updates with a minimal sample size
requirement (e.g., if hourly updates are practice, then
select hourly over daily updates and estimates the hourly
traffic.)

4) Perform FNDR simulation to determine the number of
batches required for the desired FNDR.

D. Non-stationary Scenario: age-specific expect effect

Consider the scenario that the expected effect of each arm
is non-stationary in its mean across time ¢ but rather changes
with respect to the age of the cohort |t — il, i.e., u(a,i,t) =
wu(a, |t —i|). Additionally, the treatment effects between arms
are assumed to be constant with respect to age, that is the
treatment effect is stationary across time. This data model is
more realistic as it allows the seasonality and maturity of the
metric into consideration.

Similar to the stationary case, we perform the same
reparametrization that is i = ((0,0) - - - u(0,¢—1)§(1))" and
the corresponding design matrix A is defined as follows:




A'=[(Ahy) (ALY - (ALY (ALYT

where Afm- is (t—4+1) x (t+ 1) matrix with
m, ifa=1land (j=kork=t)
Al i kl={m,; ifa=0andj=k
0 otherwise.

The data covariance . is of the same block-diagonal
structure (under same arm independence and individual effect

independence assumptions as in Proposition 2) with

EZ,Z- = ﬂ-a,i(o-(tl,i)QHt*i*Fl + Ta,i(1— 7Ta,i>l~ta,i7tll;,i,ta
p(a,0)
p(a, 1)
Ha,it -= :
p(a, [t — i)

E. Opportunity and FNDR vs batch sample size

FNDR and Opportunity Gain vs Batch Size
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Fig. 4: FNDR (solid lines) and opportunity gain (dashed line)
against different number of batch size under the stationary

scenario with ag = 0.1 and a total sample size of 6,000.



