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https://marketingplatform.google.com/about/analytics/

Google Marketing Platform

Analytics

Get essential customer
insights.

Get a complete understanding of your customers
across devices and platforms. Google Analytics
gives you the tools, free of charge, to understand
the customer journey and improve marketing ROI.

Get started today

See what’s in it for you.



= Analytics Help

Q Describe your issue

Center

his article is about Universal Analytics properties, which will stop processing data & on July 1, 2023
October 1, 2023 for Analytics 360 properties). If you haven't already, start using a Google Analytics 4
roperty & .

How users are identified for user metrics

The Users and Active Users metrics show how many users engaged with your site or
app.

In order for Google Analytics to determine which traffic belongs to which user, a
unique identifier associated with each user is sent with each hit. This identifier can
be a single, first-party cookie named _ga that stores a Google Analytics client ID, or
you can use the User-ID feature in conjunction with the client ID to more accurately
identify users across all the devices they use to access your site or app. For more
information on identifiers, read about cookies and user identification in our
developer documentation.

In early 2017, Google Analytics began updating the calculation for the Users and
Active Users metrics to more efficiently count users with high accuracy and low error
rate (typically less than 2%). The metrics are available across your standard reports.
You may notice a small difference in user count from the previous calculation method
(explained below), with the exception of Unsampled Reports and BigQuery Export,
which will continue to use the previous calculation method. The New Users
calculation also still uses the previous method.

This new calculation is applied to user data back through September 2016. If the date
range for your report includes data from prior to September 2016, then sampling occurs.
If you want unsampled reports that include data prior to 2016, then use the directions
below to turn off the new calculation method.

As of August 2017, the new calculation is applied to data in Custom Tables.

https://support.google.com/analytics/answer/2992042
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ABSTRACT

Cardinality estimation has a wide range of applications and
is of particular importance in database systems.  Various
algorithms have been proposed in the past, and the Hy

rerLocLoc algorithm s one of them. In this paper. we
present a series of mnprovements to this algorithm that re
duce its memory requirements and significantly mcrease its
accuracy for an important range of cardimalities. We have
implemented our propased algorithm for a system at Google
and evaluated it empirically, comparing it to the original
HyresLocLoc algorithm.  Like HyreErLoGLO« oo
proved algorithm g elimes perfectly and computes the
cardmality estimate in a single pass

1. INTRODUCTION

Cardinality estimation is the task of determining the number

of distinct elements in a data stream. While the cardinality
can be casily computed using space linear in the cardinality.
for many applications, this is completely imperactical and re
quires too wuch memory. Therefore, many algonthms that

approvémate the cardinality while using less resources have

f
been developed. These algorithms play an important role in

network monitoring systems, data mining A‘q-hn atons, as

well as database systems

At Goagle, vanous data analysis systems such as Sawzall |15
Dremel [13] and PowerDnll |9 estimate the cardinality of
very large data sets every day, for example to determine the
number of distinet scarch queries on google . com over a time
period. Such queries represent a hard challenge in terms of
computational resources, and memory i particular: For the
PowerDrill system, a non-negligible fraction of queries his-
torically could not be computed because they exceeded the
avatlable memory

In this paper we present a series of improvements to the
HyresLoGLoG algorithm by Flajolet et. al |7] that esti
mates cardimalities efficiently. Owr mnprovements decrease
memory usage as well as increase the accuracy of the es

Pemmssson 10 make dgual or hard copies of all or part of thes work for
personal or classroom use is graated wahout fee providad that copees are
w0l musde o distrsbatad for prodin of comsesercal advantage and that coples
Bear this notice and the full citation on the fest page. To copy otherwse, 1o
sepublish, 1o post on servess of 1o redisiribate o lists, requases prao specific
permission andioe a fee

EDBTACDT "13 March 18 - 22 2013, Genoa, Raly

Copyright 2013 ACM 973 1-4503- 1597.5/1 303 51500

timate significantly for a range of important cardinalities
We evaluate all improvements empirically and compare with
the HyreErLoGLoG algorithm from [7]. Our changes to the
algarithm are generally applicable and not specific to our
system. Like HyreERLOGLOG, our propesed improved al
gorithm parallelizes perfectly and computes the cardmality
estimate in a single pass

Outline. The remainder of this paper is organized as fol-
lows; we first justify our algorithm choice and summanae
related work m Section 2. In Section 3 we give background
information on our practical use cases at Google and list
the requirements for a cardinality estimation algorithm m
this context. In Section 4 we present the HyrerLocLoc
algorithm from |7] that is the basis of our mproved algo-
rithm. In Section 5 we describe the improvements we mads
to the algorithm. as well as evaluate each of them empin-
cally. Section 6 explains advantages of HyresLocLoc for
dictionary encodings in column stores. Fimally, we conclude

in Section 7

2. RELATED WORK AND ALGORITHM
CHOICE

Starting with work by Flajolet and Martin [6] a lot of re
search has been devoted to the cardinality estimation prob-
lem. See |3, 14| for an overview and a categorization of avail-
able algorithms. There are two popular models to describe
and analyse cardinality estimation algorithms: Firstly, the

data streaming (£, §)-moc (10, 11} analyses the necessary
space to get a (1 £ o)approximation with a fixed success
probability of 8. for example § = 2/, for cardinalities in
{1 n} dly it is passible to analyse the relative

accuracy defined as the standard error of the estimator |3

The algorithm previously implemented at Google |13, 15, 9
was MINCOUNT, which is presented as algorithm one in |2

It has an acouracy of 1.0/v'm. where m is the maximum
number of hash valuoes maintained (and thus linear in the
requited memory). In the (2, §)-model. this algorithm needs
e * log n) space, and it s near exact for cardmalities up to
m (modulo hash collisions). See (8] for the statistical anal
vsis and suggestions for making the algorithm more compus-
tationally efficient

The algorithm presested by Kane et al. [11] meets the Jower
bound on space of (e " +logn) in the (¢, §)-model [10] and
is optimal in that sense. However, the algorithm is complex

https://static.googleusercontent.com/media/
research.google.com/en//pubs/archive/40671.pdf
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Abstract—We settle the fundamental problem of esti-
mating the mean of a real-valued distribution in the high
probability regime, under the minimal (and essentially
necessary) assumption that the distribution has finite
but unknown variance: we propose an estimator with
convergence tight up to a 1 + o(1) factor. Crucially, in
contrast to prior works, our estimator does not require
prior knowledge of the variance, and works across the
entire gamut of distributions with finite variance, including
those without any higher moments. Parameterized by
the sample size n, the failure probability 6, and the
variance o2, our estimator has additive accuracy within

o-(1+0(1)) —2_ which is optimal up to the 1+ o(1)
term. This asymptotically matches the convergence of the
sample mean for the Gaussian distribution with the same
variance. Our estimator construction and analysis gives a
framework generalizable to other problems, tightly ana-
lyzing a sum of dependent random variables by viewing
the sum implicitly as a 2-parameter i-estimator, and
constructing bounds using mathematical programming
and duality techniques.

QIOg%

I. INTRODUCTION

We revisit one of the most fundamental problems
in statistics: estimating the mean of a real-valued dis-
tribution, using as few independent samples from it
as possible. Our proposed estimator has convergence
that is optimal not only in a big-O sense (i.e. “up
to multiplicative constants”), but tight to a 1 + o(1)
factor, under the minimal (and essentially necessary,
see below) assumption of the finiteness of the variance.
Previous works, discussed further in Section II, are
either only big-O tight [12, 22, 1], or require additional
strong assumptions such as the variance being known
to the estimator [4] or assumptions that allow for
accurate estimates of the variance, such as knowledge
of an upper bound on the kurtosis (normalized fourth
moment) [4, 7].

A. The Model and Main Result

Given a set of i.i.d. samples from a real-valued
distribution, the goal is to return, with extremely high
probability, an accurate estimate of the distribution’s
mean. Specifically, given a sample set X of size n
consisting of independent draws from a real-valued
distribution D, an (e,d)-estimator of the mean is a
function 4 : R™ — R such that, except with failure

Paul Valiant
IAS & Purdue University
pvaliant@gmail.com

probability < ¢, the estimate [(X) is within € of the
true mean (D). Namely,

P(i(X) = p(D)| < € > 1 -6 ()

The goal is to find the optimal tradeoff between
the sample size n, and the error parameters ¢ and 9,
for the distribution D. Fixing any two of the three
parameters and minimizing the third yields essentially
equivalent reformulations of the problem: we can fix
€,0 and minimize the sample complexity n; we can
fix 4,n and minimize the error ¢; or we can fix €,n
and minimize the failure probability 6 (maximizing the
robustness 1 — §).

Perhaps the most standard and well-behaved setting
for mean estimation is when the distribution D is a
Gaussian. The sample mean (the empirical mean) is
a provably optimal estimator in our sense when D is
Gaussian: for any €, > 0, the sample mean u(X)
is an (e, 6)-Qestimator when given a sample set of size
n = 2-: % (all logarithms will be base e);
and there is no (e, d)-estimator for Gaussians if the
constant 2 in the previous expression for the sample
size is changed to any smaller number.

The main result of this paper is an estimator (Sec-
tion III) that performs as well, on any distribution with
finite variance, as the sample mean does on a Gaussian,
without knowledge of the distribution or its variance:

Theorem 1. Estimator 1, given §,n > 0, and a sample
set X of n independent samples from distribution D,
will, with probability at least 1 — § over the sampling
process, yield an estimate [i with error at most

A(X) = u(D)| < o(D) - (1 + 0(1»@

Here, the o(1) term tends to 0 as (%,5) — (0,0),
at a rate that is independent of D.

Furthermore, as evidenced by the Gaussian case,
there is no estimator which, under the same settings,
produces an error that improves on our guarantees by
more than a 1+ o(1) multiplicative factor.

We have parameterized the above theorem in terms
of fixing the sample size n and the robustness param-

2575-8454/21/$31.00 ©2021 IEEE 672
DOI 10.1109/FOCS52979.2021.00071
Authorized licensed use limited to: Purdue University. Downloaded on September 18,2025 at 16:51:14 UTC from IEEE Xplore. Restrictions apply.



