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ABSTRACT
Online controlled experiments are commonly used to measure how
much value new features deployed to the products bring to the
users. Although the experiment design is straightforward in theory, running large-scale online experiments can be quite complex.
An essential step to run a rigorous experiment is to validate the
balance between the buckets (a.k.a. the random samples) before it
proceeds to the A/B phase. This step is called A/A validation and it
serves to ensure that there is no pre-existing significant difference
between the test and control buckets. In this paper, we propose a
new matching algorithm to assign users to buckets and improve
A/A balance. It has the capability to deal with massive user size
and shows improved performance compared to existing methods.

CCS CONCEPTS
• Mathematics of computing → Hypothesis testing and confidence
interval computation.
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1

INTRODUCTION

Online controlled experiment, also called A/B testing, is one of the
most powerful methods for data-driven decision making in many
web-facing companies including Amazon, Facebook, Google, etc.
[11], [12], [13], [21]. In business settings, in order to pick the best
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performing variant from a set of options, a randomized experiment
is conducted to determine whether one variant has a better performance than the other(s) in terms of user behavior. Although the
design of the randomized experiment is straightforward in theory,
running large-scale online experiments can be quite complex in
practice. One of the main challenges is the bucket A/A imbalance
issue 1 . This problem is not unique to a particular company; most
internet companies likely experience it–potentially without being
aware. For example, a simple two-sample test has 5% chance to
be imbalanced in theory using conventional 5% significance level.
Imagine running 1000 experiments in the A/A stage, we would expect around 50 tests to be imbalanced due to chance. As a result, our
online experimentation platform is expected to have imbalanced
experiments opened every day.
In addition, we often observe the multiple comparison issue
[4], [19], [22]. When we are interested in a set of metrics in an
experiment, they have much higher probability than 5% to yield
a significant difference in at least one of the metrics. Assume we
look at 5 metrics, the probablity of getting at least 1 significant
test is as high as 1 − (1 − 0.05) 5 ≈ 22.6% . Such pre-existing metric
differences could lead to incorrect conclusions and inappropriate
product decisions.
In this paper, we propose a method called Cluster-based Nearest Neighbor Matching (CNNM) to create experiment buckets. We
further illustrate that CNNM is able to achieve the desired level of
A/A balance, and expand the A/A validation to multiple metrics.
The rest of the paper is organized as follows: Section 2 discusses
the related work. In Section 3, we describe the CNNM algorithm in
details. Section 4 provides the offline simulation results to illustrate
the advantages. Section 5 gives an overview of the engineering
implementation. In Section 6, we use real online experiments to
show the effectiveness of the proposed methods. We conclude this
paper in Section 7.

2

RELATED WORK

Solutions had been proposed in the prior research to solve the
A/A imbalance problem for online experimentation. Kohavi et al.
recommended carrying out an A/A period to validate bucket balance
before starting the A/B phase of the experiments [14]. Only the
balanced buckets are selected for the A/B phase. This method has
1 Bucket:

a random sample of users consisting of an experiment group.
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been widely used by many companies for online experimentation
[3], [17]. However, this method is not efficient in practice. It wastes
testing space since a proportion of buckets fail the A/A validation. In
addition, experimenters must wait a few days for A/A data in order
to perform the validation, which is unfavorable to quick product
development.
There also have been research studies in experiment design procedures to improve bucket balance. Blocking method [5] [7] divides
users into blocks that are further divided into random buckets
within each block, so that the buckets are balanced on block dimensions. Re-randomization method [16] repeats the randomization
process until A/A balance is established. The Optimization procedure [8] finds the best vector of assignments to treatment in order
to minimize a certain measures of imbalance. For online experimentation, a common challenge is how to scale these procedures
to millions or billions of users.
Our proposed CNNM method solves the computation problem
with user clustering. In this algorithm, we firstly group users into
clusters. Instead of matching users in the aforementioned blocking
method, we match clusters and achieve the desired level of A/A
balance with reduced data size. In the next section, we will introduce the CNNM algorithm in details and prove the sample mean
difference is still an unbiased estimator of the average treatment
effect (ATE) for the created buckets.

3

METHODOLOGY

The CNNM algorithm is performed in the following two major
steps.
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(4) Calculate the Mahalanobis distance as 𝑀𝑖 𝑗 using the normalized metrics.
Then the buckets are constructed with the following procedure
using the distance matrix. Assume we create three buckets with 5%
size:
(1) Randomly select a cluster 𝑖 from available hash values
(2) Locate two clusters 𝑗 and 𝑘, which have the lowest distance
from cluster 𝑖
(3) Randomly assign 𝑖, 𝑗, 𝑘 into the three buckets
(4) Repeat step 1-3 till the buckets have 5% size.
In general, when creating 𝐾 buckets instead of 3, we locate 𝐾 −
1 nearest clusters for the randomly selected one at each bucket
assignment in step 2).

3.3

Asymptotic Property

Here we show the sample mean difference is still an unbiased
estimator of the average treatment effect (ATE) for buckets created
with the algorithm. Let 𝑌𝑖 𝑗 be the variable of interest for 𝑗 𝑡ℎ user
in the 𝑖 𝑡ℎ cluster 𝑗 = 1, . . . , 𝑁𝑖 and 𝑖 = 0, 1, . . . , 999, where 𝑁𝑖 is
the number of users in 𝑖 𝑡ℎ cluster. Then 𝑌𝑖𝑇𝑗 or 𝑌𝑖𝐶𝑗 is the potential
outcome if 𝑗 𝑡ℎ user in 𝑖 𝑡ℎ hash value had received the test or control
experience. The treatment effect for user 𝑗 is 𝛿 𝑗 = 𝑌𝑖𝑇𝑗 − 𝑌𝑖𝐶𝑗 .
However, in reality it is impossible to observe the pair (𝑌𝑖𝑇𝑗 , 𝑌𝑖𝐶𝑗 )
for user 𝑗. Instead, based on Rubin Causal Model [18], the average
treatment effect (ATE) is estimated by the sample average in each
bucket,
𝑇

3.1

The first step of our algorithm is to group users into clusters. At
our company, hundreds of experiments are conducted everyday
in a multi-layer experimentation platform [20] in which users are
reshuffled in each layer to expand the testing capability. For a given
layer, we assign each user a hash value randomly ranging in [0, 999],
with which users are randomly grouped into 1000 clusters. Then,
we obtain the cluster mean for the metrics of interest by aggregating
users with the same hash value. This way, we reduce the data size
to 1000 clusters for matching, no matter how large the original use
size is.

3.2

Cluster Matching

With the data of the 1000 clusters, we calculate their pair-wise
distance and construct the buckets based on their nearest neighbors
[9].
The distance matrix 𝑀 is calculated first. Each element 𝑀𝑖 𝑗 in
the matrix represents the Mahalanobis distance between cluster
𝑖 and 𝑗, and it is calculated based on the metrics of interest. Here
we use 4 guardrail metrics for experiments at our company as an
example: days visited, page views, network sessions, revenue. We
compute the distance 𝑀𝑖 𝑗 as follows:
(1) For each user, compute the values of the 4 guardrail metrics
in the preceding seven days
(2) For each cluster 𝑖, obtain all the users with the hash value 𝑖.
Calculate the cluster size and the average metrics
(3) Normalize the metrics calculated in step 2)

𝐶

𝑁𝑖
𝑁𝑖
1 ∑︁ 1 ∑︁
1 ∑︁ 1 ∑︁
𝑇
𝑌
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−
𝑖𝑗
𝑇
𝐶
|𝑆𝑇 |
|𝑆
|
𝑁
𝑁
𝐶
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Random Clustering of Users

𝑖 ∈𝑆𝑇

𝑖 ∈𝑆𝐶

where 𝑆𝑇 and 𝑆 𝐶 are the set of clusters for test and control bucket, respectively. Since each cluster is selected by simple random sampling
without replacement from the available clusters and both buckets
are sampled from the same population, the procedure of allocating
the users into buckets is the same as performing one-stage cluster
sampling. Then, the estimated treatment effect 𝛿ˆ is an unbiased estimator of the ATE over the population 𝛿 = E(𝑌 𝑇 −𝑌 𝐶 ) = E𝑌 𝑇 −E𝑌 𝐶
[6], [10], [15].

4

OFFLINE SIMULATION

In this section, we evaluate the CNNM algorithm via simulations
and compare its performance with the following existing methods
Yahoo used in the past:
(1) Random selection: randomly selects clusters and allocates
them into the experiment buckets
(2) Ready-to-use A/A buckets [2]: cuts lower and upper 5%
tail clusters for each metric, and randomly allocates the remaining clusters to each bucket
To generate simulated data, we start with actual user-level data
collected from our product and then randomly assign a hash value
in [0, 999] to each user. Users with the same hash value are grouped
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into one cluster resulting in 1000 clusters. We use this dataset to
run the simulation study.

4.1

Imbalance Rate Comparison for Various
Bucket Sizes

As we discussed in Section 1, a challenge of running multiple experiments is having high imbalance rate in the A/A stage, thus leading
to incorrect test conclusions. In this subsection, we compare the
imbalance rate of the 3 methods with simulations and illustrate
that the CNNM algorithm generates much lower imbalance rate
compared to the other two methods.
In the simulation, we generate a bucket pair by assigning clusters
into each bucket, and test if their page views difference is statistically significant at 5% significance level. We simulated the bucket
pairs 1000 times for each method and calculated the imbalance
rate for comparison. Then we performed the simulation for various
bucket sizes and presented the results in Figure 1.
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revenue, stream ads revenue). In Figure 2, we show the bucket imbalance rates of the three compared algorithms versus various number
of metrics. As described earlier, the random selection method suffers
from the multiple comparison issue. Its imbalance rate increases
when additional metrics are added for comparison. The ready-touse A/A method is more robust than random selection, but its
imbalance rate is still as high as 10% with more than 4 metrics or
more. As a contrast, the proposed CNNM algorithm stays robust
with the smallest imbalance rate and no performance deterioration
when the number of metrics increases.

Figure 2: Bucket imbalance rate comparison for different
number of metrics comparison

5

ENGINEERING IMPLEMENTATION

In this section we outline how the CNNM algorithm is implemented
in our data platform in details.
Figure 1: Imbalance rate comparison for various bucket sizes
It is shown that the CNNM algorithm has much better performance than the two baseline algorithms. It decreases the imbalance
rate to almost 0 consistently across all bucket sizes, which means
the new method could guarantee the A/A balance for the bucket
pairs with high confidence.
Random selection method has the worst performance, with more
than 100 bucket pairs out of 1000 failing across all bucket sizes. It
is clear that the A/A imbalance issue is severe with simple random
bucket assignment. Ready-to-use A/A effectively reduces the bucket
imbalance rate to 5%, which is still less effective than CNNM.

4.2

5.1

Implementation Process Outline

Figure 3 illustrates the offline data pipeline of the multi-layer experimentation platform.

Bucket Imbalance Rate Comparison for
Multiple Metrics

In practice, we commonly look at multiple metrics in order to evaluate online experiment performances. Due to multiple comparison
issue, the chance of A/A imbalance increases quickly with more
metrics to compare if we use random bucket user assignment. But
the CNNM algorithm is able to assure the balance for multiple
metrics.
With a similar setting as Section 4.1, we expanded the number
of metrics to compare starting from one to seven metrics (days visited, page views, time spent, total revenue, display revenue, video

Figure 3: Offline data pipeline for implementing the Nearest
Neighbor Matching algorithm
(1) User clustering: when an experimentation layer is created
in the platform, a hash value in [0, 999] is assigned to each
user using an offline hash function with the unique layer
seed
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(2) Distance matrix calculation: on a daily basis, we compute
the values of the metrics of interest by aggregating the preceding 7-day data for each user and obtain the cluster level
metrics mean. Then we calculate the Mahalanobis distance
matrix 𝑀 between the 1000 clusters
(3) Experiment creation: when a request is received to create a new experiment, the clusters are assigned to buckets
following the procedure in Section 3.2

5.2

particular, we pull the five default metrics to conduct the A/A
validation in a pairwise fashion for all the five buckets. Therefore,
with ten bucket pairs and five metrics, a total of 50 hypothesis tests
were carried out for each experiment. The imbalance rate out of 50
tests were calculated to evaluate the validation results.

Table 1: The imbalance rate comparison between CNNM
algorithm and the baselines

Speed Up Bucket Creation Process

We propose the following procedure for speedy cluster matching
in order to create new buckets:
(1) Pre-calculate the distance matrix for each layer daily and
store them in the disk
(2) When an experiment creation request is received, randomly
select 100 clusters and read their 100 × 100 distance matrix
into RAM for matching
(3) In the iterative matching process to construct buckets, when
the available clusters in the RAM are below some threshold
(say 50), read another 100 random clusters and their distance
matrix from the disk to continue the matching process
(4) Repeat Step 2)-3) till we have desired bucket size
In this procedure, a sub sample of the generated clusters is used
in order to complete the matching with minimum time. It is known
that in user-level matching some outliers are not able to find a match
in a sub sample for a specified threshold in distance. We mitigate
the challenge using clusters because the aggregated metrics at the
cluster level are centered to the population mean with less severe
outlier problems. The aforementioned bucket assignment process
runs much faster in a sub sample by reducing the distance matrix
size by 99% from 1000 × 1000 to 100 × 100. As a result, the platform
can respond to experiment creation request in a timely manner.

6
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5 metrics, 5 buckets
Product

Bucket Size%

CNNM

Random
Assignment

Ready-to-use
A/A

A
B
C

1%
5%
5%

0.57%
6.57%
1.43%

13.43%
11.71%
8.57%

4.57%
18.00%
3.43%

The results in Table 1 show that our approach has much lower
imbalance rate than the other two methods across all the products.
We repeated this procedure for different time period and the results
were consistent. It is worthwhile to note that the online results
were not as perfect as the ones from simulation. There are two
possible reasons to explain the gaps:
(1) Inaccurate data logging: in our data pipelines, a user falling
into an experiment bucket will be stamped with the corresponding test ID, which is referred as the bucket stamping
process. In practice two issues could arise in this process: (1)
missing test ID and (2) incorrect test ID [1]. They are rare
but when existing could lead to a discrepancy between the
computed matrix and the online measurement.
(2) Seasonal effect: as described in Section 3, the CNNM algorithm allocates the clusters into experiment buckets based
on the data observed in the preceding seven days. When
there is a strong seasonality, the balance established from
the history cannot guarantee the same for the future, even if
the freshest data is used in the methodology. In future studies, expanding the historical period used for validation as
well as understanding a specific product’s longitudinal data
pattern should further improve the algorithm’s performance.

ONLINE VALIDATION

In this section, we discuss the setup and results of online validation
conducted on a few internet products, and compare the performance
between CNNM algorithm and the baseline methods.

6.1

Experimental Design

To illustrate the performance between the new approach and the
baselines with the real dataset, we follow the steps in Section 5 to
create a few online experiments for three different products, say
product A, B and C2 . Specifically, we use each method to create three
experiments for each of the products and keep all the parameters
the same. Unless otherwise stated, these are the defaults:
• Each experiment contains five buckets. In order to measure
the performance on different bucket size, we used 1% buckets
for product A and 5% for product B and C
• Five metrics to be validated in each bucket pair: days visited,
page views, sessions, revenue and the bucket size

6.2

Experimental Results

We looked into a 2-week period of data to compare the imbalance
rate between the CNNM algorithm and the baseline methods. In
2 Hide

the product names due to the confidentiality

Imbalance Rate
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CONCLUSIONS

Online experimentation plays an essential role in the product development cycles in many IT companies. In this paper we present a
novel framework for the bucket assignment process implemented in
a large scale multi-layered experimentation platform. It eliminates
the need of conducting manual A/A validation before the A/B phase
and guarantees the A/A balance with improved confidence. Besides,
the algorithm can be applied to an online experimentation platform
dealing with multiple metrics and massive amount of users. We
hope this paper can benefit online experimentation practitioners
and motivate additional research in this domain.
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