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ABSTRACT
Data streams emerged as a critical model for multiple applications that handle vast amounts of data. One of the
most influential and celebrated papers in streaming is the
“AMS” paper on computing frequency moments by Alon,
Matias and Szegedy. The main question left open (and explicitly asked) by AMS in 1996 is to give the precise characterization for whichPfunctions G on frequency vectors mi
(1 ≤ i ≤ n) can
be approximated effii∈[n] G(mi )
ciently, where “efficiently” means by a single pass over data
stream and poly-logarithmic memory. No such characterization was known despite a tremendous amount of research on
frequency-based functions in streaming literature. In this
paper we finally resolve the AMS main question and give
a precise characterization (in fact, a zero-one law) for all
monotonically increasing functions on frequencies that are
zero at the origin.
That is, we consider all monotonic functions G : R 7→ R such
that G(0) = 0 and G can be computed in poly-logarithmic
time and space and ask, for which G in this class
P is there an
(1±²)-approximation algorithm for computing i∈[n] G(mi )
for any polylogarithmic ²? We give an algebraic characterization for all such G so that:
• For all functions G in our class that satisfy our algebraic condition, we provide a very general and constructive way to derive an P
efficient (1±²)-approximation
algorithm for computing i∈[n] G(mi ) with polylogarithmic memory and a single pass over data stream;
while
• For all functions G in our class that do not satisfy
our algebraic characterization, we show a lower bound
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that requires greater thenPpolylog memory for computing an approximation to i∈[n] G(mi ) by any one-pass
streaming algorithm.
Thus, we provide a zero-one law for all monotonically
increasing functions G which are zero at the origin. Our
results are quite general. As just one illustrative example, our main theorem implies a lower bound for G(x) =
(x(x − 1))0.5 arctan(x+1) , while for a function G(x) = (x(x +
1))0.5 arctan(x+1) our main theorem automatically yields a
polylog memory
P one-pass (1 ± ²)-approximation algorithm
for computing i∈[n] G(mi ). For both of these examples no
lower or upper bounds were known. Of course, these are
just illustrative examples, and there are many others. One
might argue that these two functions may not be of interest
in practical applications – we stress that our law works for
all functions in this class, and the above examples illustrate
the power of our method.
To the best of our knowledge, this is the first zero-one
law in the streaming model for a wide class of functions,
though we suspect that there are many more such laws to be
discovered. Surprisingly, our upper bound requires only 4wise independence and does not need the stronger machinery
of Nisan’s pseudorandom generators, even though our class
captures multiple functions that previously required Nisan’s
generators. Furthermore, we believe that our methods can
be extended to the more general models and complexity
classes. For instance, the law also holds for a smaller class
of non-decreasing and symmetric functions (i.e., G(x) =
G(−x) and G(0) = 0) which, due to negative values, allow
deletions.
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1.

INTRODUCTION

Data streams emerged as a critical model for many applications with vast amounts of data. The importance of the
streaming model is discussed, e.g., by Aggarwal (ed.) [1]
and Muthukrishnan [41]. In the seminal AMS paper, Alon,
Matias and Szegedy [2] studied the following basic model:
Definition 1.1. Let m, n be positive integers. A stream
D = D(n, m) is a sequence of size m of integers p1 , . . . , pm ,
where pi ∈ {1, . . . , n}. A frequency vector M = M (D) is a
vector of dimensionality n with non-negative entries mi , i ∈
[n] defined as:
mi = |{j : 1 ≤ j ≤ m, pj = i}|.
AMS [2] studied the problem of approximating frequency
moments with sublinear memory. They showed1 that for
k = 0, 1, 2 it is possible to approximate Fk with polylogarithmic space; for k > 2 they gave O∗ (n1−1/k ) upper bound.
Also, they gave O∗ (n1−5/k ) lower bound for any k > 5.
Indyk [30] presented a celebrated method of stable distributions for approximating Lp norms p ∈ (0, 2] in a general model where deletions are allowed and updates can
be larger then 1. Indyk and Woodruff [33] gave the first
optimal algorithm for Fk , k > 2, proving O∗ (n1−2/k ) upper bound. This result was later improved by polylog factors by Bhuvanagiri, Ganguly, Kesh and Saha [7]. BarYossef, Jayram, Kumar and Sivakumar [3] used information theory to prove the first nearly matching lower bound
of Ω(n1−(2+²)/k ). Later Chakrabarti, Khot and Sun [17]
improved the lower bound to Ω(n1−2/k ) for one-pass algorithms. Indyk and Woodruff [32] and Woodruff [43] gave optimal lower bound in terms of error parameter. Many other
results on frequency moments include, e.g., Flajolet and
Martin [24], Bar-Yossef, Jayram, Kumar, and Sivakumar
[4], Coppersmith and Kumar [19], Cormode, Datar, Indyk
and Muthukrishnan [20], Feigenbaum, Kannan, Strauss and
Viswanathan [23], Ganguly [25], Ganguly and Cormode [26],
Li [39], and Kane, Nelson and Woodruff [35, 36], Braverman and Ostrovsky [9, 11]. Currently, many important
frequency-based functions are well-understood in different
models. Research on entropy, entropy norm and distributions included the works of Bhuvanagiri and Ganguly [6],
Chakrabarti, Do Ba and Muthukrishnan [14], Chakrabarti,
Cormode and McGregor [15], Guha, McGregor and Venkatasubramanian [28], Harvey, Nelson and Onak [29], Indyk and
McGregor [31], Lall, Sekar, Ogihara, Xu and Zhang [38],
Braverman, Chung, Liu, Mitzenmacher and Ostrovsky [8],
Braverman and Ostrovsky [13]. The related question of frequent elements has been studied by Charikar, Chen and
Farach-Colton [18], Cormode and Hadjieleftheriou [21], Cormode and Muthukrishnan [22]. The frequency-based functions were studied in extended models such as the read/write
model (Beame, Jayram and Rudra [5]), and the randomized
model (Chakrabarti, Cormode and McGregor [16], Jayram,
McGregor, Muthukrishnan and Vee [34]).
The main question left open (and explicitly asked) by Alon,
Matias and Szegedy [2] is:
AMS (informal): What other frequency-based functions
can be approximated on streams?
1

This is a very informal explanation. For precise statements
see [2].

In 2006 Guha and Indyk [40] (Question 5) asked a related
question:
Guha, Indyk (informal): What distances can be computed
between two distribution vectors V and U defined by two
streams? Consider a function φ(x, y) such
P that φ(x, x) = 0.
What are the properties of φ such that i∈[n] φ(vi , ui ) can
be approximated with small memory and multiplicative
error?
To the best of our knowledge, the only work in this direction is the result of Guha, Indyk and McGregor [27].
They proved the Shift Invariant Theorem, a general result
that gives a necessary condition for approximating a wide
class of two-variable functions. The Shift Invariant Theo> α > 1 for some
rem says, very informally, that if φ(a,a+c)
φ(b,b+c)
a, b, c, then a linear lower bound can be shown. In fact, they
showed a stronger result for distributions, i.e., vectors with
entries mi /m. As a corollary, they obtained a linear lower
bound for all commonly used divergences and gave additive
approximations instead. Guha, Indyk and McGregor suggested that any function φ(x, y) is not sketchable unless it is
a function of x−y. Thus, it is important to understand what
functions of a single variable can be approximated. Unfortunately, for such functions, the Shift Invariant Theorem is
not applicable.
The questions of Alon, Matias and Szegedy [2] and Guha
and Indyk [40] are still unresolved. Indeed, no sufficient
and necessary conditions are known for a function to be
computable; not even in the basic model of Alon, Matias
and Szegedy [2]. Thus, to even approach the question posed
by Guha and Indyk, we must first resolve the question of
AMS [2]. This is exactly what we do in this paper. We limit
ourselves to the basic streaming model (Definition 1.1) and
consider a class of non-decreasing functions G : R 7→ R such
that G(0) = 0. We discuss the following problem:
G-sum(D, ²)
Given: A stream D = D(n, m) and ² = Ω∗ (1)a .
Output:
A real r such that r is a (1 ± ²)-approximationb
P
of i∈[n] G(mi ).
a

∗
Given the parameters n, m, we use On,m
(g(n, m)) to
O(1)
∗
denote O(log
(nm)g(n, m)); Ωn,m (g(n, m)) is defined
similarly. When the context is clear, we use O∗ instead
∗
of On,m
.
b
We say that x is a (1 ± ²)-approximation of y if
(1 − ²)y ≤ x ≤ (1 + ²)y.

We ask whether or not it is possible to solve the G-Sum
problem in polylog space, with a singe pass and a small
probability of error. More precisely, we define the following
class STREAM-POLYLOG class.
Definition 1.2. We say that a function G belongs to the
STREAM-POLYLOG class if for any k there exist t and an algorithm A such that for any n, m; any stream D = D(n, m);
and any2 ² ≥ logk1(nm) :
2

Here, polylog ² can also be replaced with a larger error
which gives additional results as well; we defer these generalizations to the expanded version.

1. A makes a single pass over D.
2. A solves G-Sum(D, ²) and errs with probability at most3
0.3.
3. A uses O(logt (nm)) memory bits.
Our main result is a sufficient and necessary condition (i.e.,
zero-one law) for any non-decreasing G such that G(0) =
0. An important strength of our result is that we consider
functions which may not even be differentiable or continuous
and can include “jumps”:
Definition 1.3. Local jump. Define:
π² (x) = min{x, min{|z| ∈ N+ : |G(x) − G(x + z)| > ²G(x)}
Now, we are ready to introduce the following notion of
“tractable” function:
Definition 1.4. Function G is Tractable if G(1) > 0
and:
∀k∃N0 ∃t∀x, y ∈ N+ , ∀R ∈ R+ ∀² :
µ
¶
G(x)
1
R > N0 ,
= R, ² >
=⇒
G(y)
logk (Rx)
Ãµ
!
¶2
π² (x)
R
.
≥
y
logt (xR)

(1)

we cannot approximate G-sum in polylog space (the lower
bound follows from [17]). The above rule should be extended
to any pair of positive integers x > y: G(x)/G(y) cannot be
significantly and asymptotically larger then x2 /y 2 . Finally,
can G grow very fast locally? Consider the following step
function: G(x) = 2blog(x)c . It is not hard to see that we
cannot obtain a small constant approximation of this function with sublinear space. Thus, in addition to the “global”
growth of G, we also need to address its “local” jumps. We
take one step further and define π² (x) as a minimal shift (to
the left or the right of x) needed to “jump” beyond the (1±²)
factor. It turns out that the ratio between G(x)/G(y) and
π(x)2 /y 2 is what we need to measure; this is exactly what
(1) states.4
Our main contribution is the necessary and sufficient condition for a class of non-decreasing non-negative functions.
To the best of our knowledge, this is the first zero-one law
in the streaming model for a wide class of functions. In
addition, our method has the following advantages.
Ramifications of our main result: Streaming algorithms
typically employ a special treatment for every new function.
For example, there are unique algorithms for F2 [2, 30], F0
[24, 20, 2] and for Lp , 0 ≤ p < 2 [30, 39, 35]. Every new
function so far required a new method or modification of
existing methods and proofs. There is a natural question
that one can ask:
Is there a general algorithm for all tractable functions?

Our main result is the following theorem:
Theorem 1.5. Main Theorem Let G be a non-decreasing
function such that G(0) = 0:
G ∈ STREAM-POLYLOG if and only if G ∈ Tractable
The precise formula of a tractable function is somewhat
complicated; however, the notion of tractability is very intuitive, as we explain below.
High-level Interpretation of our Zero-One Law: (We
stress that here we only explain how our result should be interpreted, without getting into any technical details regarding the proof. We explain the intuition about our technical
proof, that turned out to be highly nontrivial, in a different
section below and explain why our result gives us the intuitively “right” characterization.) The space complexity of GSum should depend on how fast G grows. Quadratic growth
seems to be a “waterline” since any G(x) = x2+k can be approximated if and only if k ≤ 0. Can we prove that G(x) can
be approximated if and only if G(x) grows “slower” then x2 ?
A careful elaboration of the above question gives us (1). We
need to define precisely the notion of “growing slower then.”
It turns out that the right measure is the ratio between
G(x)/G(y) and (x/y)2 for all pairs x, y. First, if G(1) = 0
then the maximal ratio is infinity. Indeed, we can generate
vectors of arbitrary large dimensionality and still preserve a
constant value of G-Sum. Intuitively it is clear that such a
function cannot be approximated in a small space. This is
indeed the case; similar observations were made, for example, for entropy norm G(x) = x log(x) in [14]. If G(1) > 0,
then we can consider the ratio G(x)/G(1). If it grows significantly faster (i.e., beyond polylog factors) than x2 then
3

We remark that 0.3 is for concreteness only and can be
replaced by any 1/poly probability.

We take the first step towards answering this fascinating
general question. Our main technical contribution is a general algorithm and general proof for any function that satisfies (1).
Many of the existing methods first assume that totally
random vectors are available, and later employ the celebrated pseudorandom generator of Nisan [42] to reduce the
space for randomness. This brings another natural question:
Are pseudorandom generators necessary or can we directly
work with k-wise independent distributions?
Surprisingly, we show that our general algorithm requires
only 4-wise independence.
Generalizations: Our methods can be extended to more
general models and complexity classes. Our main theorem is
immediately applicable to a more general model with deletions and larger updates. Here the law holds for a smaller
class of non-decreasing and symmetric functions (i.e., G(x) =
G(−x)).
Our methods may also shed some light on the fascinating
open problem posed by Guha and Indyk in 2006. In fact,
we believe that our methods are quite general and extend
to other classes such as sublinear-space functions or distributions (i.e., to the functions G(mi /m).
Related Work: Our paper is a generalization of many
previous works and explicitly employs existing ideas as well
as the development of several new general techniques, both
for our algorithm and analysis. The major difference with
4

In fact, the Shift Invariant Theorem gives a similar intuition for functions of two variables by measuring the ratio
G(x, x + a)/G(y, y + a).

previous works is that assumptions that may be true for
specific functions are not true in general. This makes our
task highly non-trivial. As a result, we needed to develop
a general and novel framework with minimum assumptions.
At the end, the only assumption we make is that G is nondecreasing.
In particular, our method was inspired by the seminal
work of Indyk and Woodruff [33]; our work can be seen as
a generalization and simplification of [33]. The most notable difference is that the Indyk and Woodruff’s method
was specifically developed to tackle Fk . They employ the
strong relation between mi and mki ; we cannot make this
assumption. One example of Indyk and Woodruf method is
a statement that if y is an (1 ± ²)-approximation of x then
G(y) is a (1 ± ²0 )-approximation of G(x) for some ²0 = ²O(1) .
The statement is correct for G(x) = xk for any constant k;
but notice that it is not correct in general. In addition, and
perhaps somewhat surprisingly, our method requires only
4-wise independence where as Indyk and Woodruff [33] employs pseudorandom generators of Nisan [42].
One of the key steps in our new method is an approximation of “heavy” elements G(mi ). Heavy elements have been
intensively studied, e.g., in the papers of Charikar, Chen and
Farach-Colton [18] and Cormode and Muthukrishnan [22].
Unfortunately, these method are not directly applicable: we
need G-heaviness, where [18, 22] address L2 and L1 heaviness respectfully. We thus developed a novel method for
G-heaviness. Our method uses ideas developed in [18] and
new techniques; both our method and [18] employ and build
upon the AMS sketching for F2 [2].
Main Technical Ideas: The lower bound follows from the
reduction to set disjointness and index problems. Assume
that G(x)/G(y) is both arbitrarily large and significantly
larger then (x/y)2 . Then set disjointness can be translated
into a stream that contains only elements with frequency y
or (in addition) one element with a frequency larger then x.
Since G is non-decreasing, and with some additional work,
by utilizing [17] we derive our lower bound. The detailed
proof is technically more involved than the direct application
of [17] and can be found in Section 3.
To prove the upper bound we apply two key steps: first, we
reduce the problem of G-Sum to the question of estimating
heavy elements; and second, we solve the heavy elements
problem separately.
To address the first reduction, we generalize the machinery of Indyk and Woodruff. We split the domain of G into
“intervals” and reduce G-Sum to the problem of counting the
number of entries G(mi ) that belong to a single interval. In
fact, only a relaxed variant of interval counting should be
solved. We always need to maintain a multiplicative upper
bound; however, the lower bound is needed only for intervals that contribute nontrivially to the final answer. This
task can be solved (if the number of entries in the interval is
small) by reduction to finding heavy elements. Finally, we
show how to reduce general counting to counting on intervals
with a small number of elements.
To complete the proof, we
P need to approximate any G(mi )
such that G(mi ) = Ω∗ ( j6=i G(mj )). The definition of
π² (mi ) implies that it is sufficient to approximate mi with
additive error P
smaller then π² (mi ). We need to verify that
G(mi ) = Ω∗ ( j6=i G(mj )), and that the additive error is
less then π² (mi ). These generally hard problems can be

solved for tractable functions. ThePkey observation is that if
G is tractable, then G(mi ) = Ω∗ ( j6=i G(mj )) implies that
P
(π² (mi ))2 = Ω∗ ( j6=i m2j ). This implies that to find heavy
P
elements we only need to verify that m2i = Ω∗ ( j6=i m2j )
and approximate mi with additive error. With non-trivial
technical effort we obtain an algorithm that reports only
(1 ± ²)-approximations of G(mi ), and with high probability
finds all heavy G(mi ). There is a possibility that the algorithm will report some extra G(mi ). However, we show that
the false positives do not affect the correctness of the final
algorithm. Section 5 is devoted to this step.

2.

PURIFEIR: AN ALTERNATIVE VIEW

In this paper and in our other STOC paper [13] we solve
two very different problems. The models are incomparable:
this paper addresses implicity defined tensors, and [13] describes how to approximate functions on explicit streaming
frequencies. Moreover, our objectives are different. In [13]
we improve the existing log(N )-approximation to an (1 + ²)approximation. In this paper we give new algorithms for
previously unknown functions. As a result, our bottom-line
techniques are different. Yet we use a single methodology
for both problems, which seems quite general, and worth
explaining.
Indyk and Woodruff proposed a seminal method of layering that has become folklore in the streaming applications.
They show that the frequency moments problem can be reduced to a question of finding heavy hitters. Further, they
show that it is possible to use F2 (in particular the algorithm
of [18]) to compute heavy hitters under Fk . Although the
Indyk and Woodruff algorithm solves a particular problem,
we believe that their methodology goes far beyond frequency
moments. In fact our two papers can be seen as building
upon methodology of Indyk and Woodruff and in fact generalization of their methodology. Thus, we would like to
emphasize the importance of their methodology and explain
our contribution.
In many cases the most non-trivial step of streaming computations can be seen as a summation (or counting) of entries of a very large vector that is implicitly defined by the
stream. We claim that the Indyk and Woodruff methodology is applicable to many such functions. We were able
to show that the layering method can be used for at least
two general settings: frequency-based functions and tensors.
In fact, we believe that it is possible to specify the set of
problems and conditions for which the layering reduction is
possible, something which we are currently exploring.
It seems that one such condition is separability, i.e. an
ability to efficiently sample the target vector (not the stream).
Generally speaking, the entries of this imaginary vector may
have a very complex nature and be dependent on each other.
Thus, sampling of the stream does not necessarily corresponds to the sampling of the implicit vector. Yet we show
that for the Independence Problem from [13] it is possible
to sample the vector without sampling the stream. Understanding which implicit vectors can be sampled efficiently is
another important problem.
While the heavy hitters problem seems to be somewhat
easier than to solve approximating the entire vector, it is
generally not clear how to address this problem without
computing the sum. Indeed, when the heavy hitter contributes almost entirely to the sum, those two problems co-

incide. Thus, it seems that in many cases finding the heavy
hitter is the core obstacle. We are not aware of a general
approach to tackling the heavy elements problem.5 Thus,
the key contribution of our methodology is such a method
for tackling heavy elements. We present it very informally
here; two specific examples of applying this methodology are
in our two papers, and as these papers show, this methodology is quite flexible. Call an entry of a vector α-significant
if it contributes at least α-fraction of the entire sum. Call a
zero-one streaming function (α, β)-certificate for the vector
V = V (D) if Certif icate(D) = 1 implies that there is a
β-significant element in the vector V = V (D); if there is a
α-significant element in the implicit vector V = V (D) then
Certif icate(D) = 1.
A function is a (β, τ )-mimic if an existence of a β-significant
element vi in V = V (D) implies that M imic(D) ∈ [(1 −
τ )|vi |, (1 + τ )|vi |].
Consider the case where we are given two such functions.
Then there is a simple yet effective method for finding heavy
hitters. We call this the Purifier method.
Algorithm 2.1.

PURIFIER

1. c = Certif icateV,α,β (D).
2. µ = M imicV,β (D).
3. If c = 1 output µ; else output 0.
It is easy to see that Purifier solves the following promise
problem. If a vector has an α-significant element then the
output will be its approximation. If, on the other hand,
there is no β-significant element, the output is 0. Generally
speaking, we are able to find extremely heavy elements and
to discard somewhat smaller ones.
It is a long way from this idea to a specific solution. To
apply Purifier, we need to “guess” the right parameters,
the certificate and the mimic function. In addition, we need
to prove the correctness of the certificate and the mimic
function, and prove memory bound for their computations.
It is also important to note that mimic and certificate are
problem specific. There might be other technical issues such
as dealing with the probabilistic nature of the algorithms.
The above tasks may be highly non-trivial. Still, the idea of
Purifier provides a general framework for streaming algorithms; thus we believe it will be helpful for future applications.
We stress that Indyk and Woodruff were the first to implicitly use the Purifier method to tackle Fk heavy hitters. They observed that F2 can be used as a certifier for Fk
heavy hitters. In this paper we generalize this idea and show
that F2 is a litmus task of tractability; that is, any tractable
frequency-based function can be both certified and mimicked
by F2 . (From this, alternative perspective, in [13] we show
that log(n)-approximations can certify ²-heavy rows, and we
give another, completely different function for mimicking.)
Purifier can be seen as a reduction from our target function to a mimic function under specific conditions. It gives a
hierarchy of functions that can be reduced. We remark that
it will also be very interesting to construct such complexity
hierarchies for more general settings.
5
It is important to note that heavy hitters were solved for
many specific metrics [18, 22].

3.

THE LOWER BOUND

To establish lower bounds, we will use SET DISJOINTNESS and INDEX problems from communication complexity [37]. Recall that SET DISJOINTNESS is the following
promise problem: each of t ≥ 2 players is given a set from the
universe [N ]; all sets have exactly one common element or
disjoint. The lower bound on the communication complexity
of this problem is Ω( Nt ) for the randomized one-way communication complexity [17]. INDEX is the following promise
problem: there are two players: Alice and Bob. Alice is
given a set S from the universe [N ]; Bob is given a single
element x ∈ [N ]. The players must decide whether or not
x ∈ S. The lower bound on the communication complexity of INDEX problem is Ω(N ) for the randomized one-way
communication complexity [37]. We stress that SET DISJOINTNESS and INDEX are common tools to prove lower
bounds on streams. We start with the following observation.
Fact 3.1. Let G be a non-decreasing function such that
G(1) = 0. Then G ∈ST
/ REAM -P OLY LOG.
Proof. Consider any algorithm that solves G-Sum(D, 2).
Let y = min{z ∈ N+ : G(z) > 0}. We have y > x0 ≥ 1.
Consider the following reduction to the SET DISJOINTNESS problem with two players. Alice repeats each element
of his set y − 1 times. Then she evaluates the algorithm for
G-Sum(D, 2) on the stream of repetitions D and sends the
resulting memory to Bob. Bob continues its computations
by feeding the same algorithm his input. The algorithm
may have two outputs: 0 or 2-approximation of G(y) > 0.
Clearly, it must distinguish between these two cases. Thus,
any algorithm that solves G-Sum(D, 2) must use a linear
memory.
In the reminder of this paper we concentrate on the case
where G(x) > 0 for all positive integers x. Further, we may
assume that
G(1) = 1.

(2)

Indeed otherwise, we shall consider G0 (x) = G(x)
, approxiG(1)
mate G0 (M (D)) and multiply by G(1); the result is an approximation of G(M ).
Theorem 3.2. The Lower Bound for Non-Tractable Functions.
Let G be a non-decreasing function such that G(0) = 0. If
G is not tractable, then G ∈ST
/ REAM -P OLY LOG.
Proof. By Fact 3.1, it is sufficient to consider the case
when G(1) = 1 and (1) does not hold. In particular:
∃k∀N0 ∀t∃x, y ∈ N+ , ∃R ∈ R+ ∃² :
µ
¶
G(x)
1
R > N0 ,
= R, ² >
∩
G(y)
logk (Rx)
!
Ãµ
¶2
π² (x)
R
.
<
y
logt (xR)

(3)

Consider the fixed k from (3) and let t, N0 be any arbitrary
large numbers. There exists R ≥ N0 ; a pair (x, y) and ² >
log−k (Rx) such that (3) holds. Denote N = bRc; then N ≤
´2
³
G(x)
π² (x)
+1
.
<
N
+
1
and
< logNt (xN
G(y)
y
)
First, consider the case when π² (x) = x > y; in this case
we show that even a small constant approximation is not

possible in polylogarithmic space. Consider a SET DISJOINTNESS on the domain of size Θ(N ) with s = d xy e
players. Consider the following reduction: the first player
repeats y times every element of his subset, applies the
streaming algorithm to the resulting stream, and sends the
memory content to the second player. The second player
and the rest of the players repeat their sets y times and continue the execution of the algorithm on the resulting stream.
Consider the resulting stream D(n, m), where n = N and
m ≤ n(x+1). If the sets are disjoint, then the resulting value
of G-Sum should be N G(y). If there is an intersection, then
the resulting value should be at least ((N −1)G(y)+G(x)) ≈
2N G(y) for sufficiently large N . Thus, there exists a small
constant c such that a c-approximation of G-Sum solves the
SET DISJOINTNESS problem. Thus, any algorithm for
G-Sum(D, c) must use Ω( sN2 ) memory bits. However, (3)
implies:

denote this fact by p ≈ a. A probability p is negligible if
p ≈ 0. We will extensively use the fact that a union of a
polylogarithmic number of negligible events is a negligible
event (i.e., occurs with negligible probability).

N
≥ 0.5 logt (xN ) ≥ 0.5(0.5 log(nm))t .
(4)
s2
Next, consider the case that π² (x) < x. W.l.o.g., assume
that G(x+π² (x)) > (1+²)G(x). Assume that π² (x) ≤ y and
consider the following reduction to the INDEX problem of
dimensionality N : Alice repeats elements of her set y times
and Bob repeats his index x times. There are two possible
outcomes for G(M (D)): either G(M (D)) = N G(y) + G(x)
or G(M (D)) = (N − 1)G(y) + G(x + π² (x)) > (N − 1)G(y) +
(1 + ²)G(x). Since G(x) ≥ N G(y) it follows that there exists
²0 = Ω(²) such that any algorithm that solves G-Sum(D, ²0 )
must solve INDEX. Thus, the lower bound is N ≥ sN2 ; i.e.,
we obtain (4).
Finally, consider the case that y < π² (x) < x. Consider
a SET DISJOINTNESS problem with s = d π²y(x) e players
over a domain of size N . Consider the same reduction as in
the case x = π² (x) with an additional modification. The last
player does the following: for each element a of his set he
simulates separately the insertion to the stream x copies of
a. Thus, he simulates execution of the algorithm on streams
Da = D0 , a, . . . , a, where D0 is the stream generated by the
first s − 1 players and a is an element from the s-th player
set. Consider the outputs of G-Sum on all these streams.
If the sets are disjoint then the output will be N 0 G(y) +
G(x) for all streams for some fixed N 0 ≤ N . If there is an
intersection, then exactly one answer will be N 0 G(y)+G(x+
π² (x)) > N 0 G(y) + (1 + ²)G(x). Since G(x) ≥ N G(y), we
conclude that there exists ²0 = Ω(²) such that any algorithm
that solves G-Sum(D, ²0 ) will distinguish between these two
results. By repeating the above arguments, we also obtain
(4). Finally, the case when G(x − π² (x)) < (1 − ²)G(x)
can be handled similarly; instead of working with x we use
x − π² (x).
To summarize, we have shown that there exists k such that
for any t there exists n, m, ² ≥ logk (nm) and a stream D =
D(n, m) such that any algorithm that solves G-Sum(D, ²)
requires Ω(logt (nm)) memory bits. Thus, and by Definition
1.2 we proved that G ∈ST
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Definition 4.3. Residual second moment.
For a vector V with (F2 , 1)-major entry vi , define F2res (V ) =
F2 (V ) − vi2 . I.e., F2res (V ) is a second moment of V minus
the square of the maximal element.

4.

DEFINITIONS, NOTATIONS AND COMMENTS

In this section we summarize definitions and notations
that we need to establish the upper bound. A probability
p is asymptotically equal to a if |p − a| = O∗ (1/(nm)); we

Definition 4.1. Major elements
Let V be a vector of dimensionality n with entries vi . Let
G be a function and d be a positive real number such that
d ≥ 1. An element vi is a (G, d)-major with respect to V if:
X
G(vi ) > d
G(vj ).
j6=i

Definition 4.2. Sampled stream
Let D be a stream and H : [n] 7→ {0, 1} be a function. A
sampled stream DH is a stream defined as D ∩ H −1 (1); i.e.,
DH contains elements of D that are mapped to 1 by H.

Definition 4.4. G-Vector
Let G be a function and V be a vector of dimensionality
n with entries vi , i ∈ [n]. A G-vector G(V ) is a vector of
dimensionality n with i-th entry equal to G(vi ).
Definition 4.5. Hadamard product
For two vectors of dimensionality n define Had(V, U ) to be
their Hadamard product; i.e., Had(V, U ) is a vector of dimensionality n with entries vi ui .
Every vector H of dimensionality n with entries hi ∈ R
defines a function H : [n] 7→ R as H(i) = hi . We thus
will freely interchange the notions of random vector and
hash functions. In our auxiliary algorithms we use notations D, M (D), ², etc., to define an input of the auxiliary
algorithm. It is important to distinguish between the parameters of auxiliary algorithms and the ones of the G-Sum
problem.

5.

COMPUTING G-CORE
In this section we solve the following problem:
G-Core(D, α)
Given: A stream D, and a real α.
Output: A set of positive numbers S = {s1 , . . . , sl } such
that l = O∗ (1) and:
1. There exist a sequence j1 < · · · < jl such that si
is a (1 ± α)-approximation of a G(mji ).
2. If there is a (G, 1)-major element mi w.r.t. M (D),
then i ∈ {j1 , . . . , jl }, i.e., S contains a (1 ± α)approximation of a G(mi ).

5.1

Preliminaries

Fact 5.1. Let V be a vector with non-negative entries.
Let H be a pairwise-independent random vector (of the same
dimensionality as V ) with zero-one entries hi that are uniformly distributed. Let H 0 be a vector with entries 1 − hi .

Denote X = hV, Hi and Y = hV, H 0 i, where h, i is an inner
product. If for all i, vi < 0.01|V | then P ((X < 13 |V |) ∪ (Y <
1
|V |)) < 0.1.
3
Proof. Clearly, X = |V | − Y and E(X) = E(Y ) =
0.5|V |. Further, since H is pairwise independent and by the
condition of the lemma, we have that V ar(X) = 0.25F2 (V ) ≤
1
|V |2 . Thus, by Chebyshev inequality: P ((X < 13 |V |) ∪
400
(Y < 13 |V |)) = P (|X − E(X)| ≥ 61 |V | ≤

2
36 |V |
|V |2 400

< 0.1.

Lemma 5.2. Let V be a vector with non-negative entries.
Let H be a pairwise independent random vector (of the same
dimensionality as V ) with zero-one entries hi that are uniformly distributed. Let H 0 be a vector with entries 1 − hi .
Denote X = hV, Hi and Y = hV, H 0 i. Let K be a parameter,
K > 104 . If there exists (L1 , K)-major element vi then:
P ((X > KY ) ∨ (Y > KX)) = 1.
If there is no (L1 , 10

−4

K)-major element then:

P ((X > KY ) ∨ (Y > KX)) ≤ 0.5.
Proof. The first claim of the lemma
P follows directly. Indeed, w.l.o.g., assumeP
that v1 > K i>1 vi and that H(1) =
1. Then X ≥ vi > K i>1 vi ≥ KY .
To show the second claim, consider an entry vi with maximal value. If vi < 0.01|V |, we are done by Fact 5.1; thus we
assume that vi ≥ 0.01|V |. Assume that there exists vj , j 6= i
such that vj ≥ 100
v . We have:
K i
Kvj ≥ 100vi ≥ |V |,

Kvi ≥ 0.01K|V | > |V |.

(5)

W.p. 0.5, hi 6= hj , in which case by (5) the event (X >
KY ) ∨ (Y > KX) cannot happen.
Finally, assume that for all j 6= i, we have:
vj <

100
vi < 0.01(|V | − vi ).
K

(6)

Consider vector V 0 that is equal to V for all entries and is
equal to 0 on its i-th entry. Consider X 0 = hV 0 , Hi and
Y 0 = hV 0 , H 0 i. By (6) and by Fact 5.1: P ((X 0 < 31 |V 0 |) ∨
(Y 0 < 13 |V 0 |)) ≤ 0.1. But this implies that w.p. at least 0.9:
KX ≥ KX 0 ≥ K
(|V | − vi ) ≥ |V |, KY ≥ KY 0 ≥ K
(|V | −
3
3
vi ) ≥ |V |, in which case the event (X > KY ) ∨ (Y > KX)
cannot happen.
Lemma 5.3. Let V be a vector with non-negative entries.
Let H be a random vector (of the same dimensionality as V )
with pairwise independent entries hi ∼ U ({−1, 1}). Denote
X = hV, Hi. If there exists i such that vi is (F2 , 1)-major
with respect to V then:
P (||X| − vi | ≥ 2(F2res (V ))0.5 ) ≤ 0.25.
(7)
P
Proof. Denote Z = j6=i hi vi . By triangle inequality:
|X| ≤ |Z| + |vi |. By inverse triangle inequality: |X| = |vi −
(−Z)| ≥ |vi | − |Z|. Since vi is non-negative, we have: vi −
|Z| ≤ |X| ≤ vi + |Z|.
By the linearity of expectation, E(Z) = 0. By pairwise independence of H, it follows that V ar(Z) = F2 (Vp
)−vi2 = F2res .
Thus, by Chebyshev inequality: P (|Z| ≥ 2 F2res (V )) ≤
0.25.

The following fact is folklore; a similar statement can found,
e.g., in [7].

Fact 5.4. Let D be a stream such that M (D) contains
a (F2 , 2)-major element mi . There exists an algorithm that
makes a single pass over D, uses a polylogarithmic memory
and outputs r such that: 2(F2res (M ))0.5 < r < 3(F2res (M ))0.5 .
The algorithm errs with a negligible probability.
Proof. W.l.o.g, assume that m1 is (F2 , 2)-major element.
Let H be a zero-one hash function with pairwise independent entries. Consider two streams DH and D1−H and apply
the AMS algorithm for F2 on both streams. We require that
the outputs be 1.1-approximations of the second moments
with a negligible probability of error. Let a and b be two
outputs. Thus Z = 10min{a, b} is a 1.1 approximation of
the following random variable:
X
X = 10
1H(i)6=H(1) vi2 .
i>1

Since H is pairwise independent we have that E(X) = 5F res (M ).
Since 0 ≤ X ≤ 10F2res (V ), it follows that V ar(X) ≤ E(X 2 ) ≤
(10F2res (V ))2 . Let Y be an average of C = O(1) independent X; it follows that V ar(Y ) ≤ C −1 (10F2res (V ))2 . Thus
for sufficiently large C by Chebyshev inequality:
P (|Y − 5F2res | ≥ 0.1F2res ) ≤ 0.1.

(8)

Taking a median of O(log(nm)) independent averages drops
the probability to negligible. Let Q be a median of O(log(nm))
averages of C independent Zs. By the union bound all Z will
be 1.1 approximations of corresponding Xs except with negligible probability. Thus and by (8), r = Q0.5 satisfies the
conditions of the fact except with negligible probability.
Fact 5.5. Let ² ≤ 0.5 and let x, a, b ≥ 0 be such that
|x−a| ≤ 0.1π² (x) and b < 0.1π² (x). Then (1−4²)G(a+b) ≤
G(a) ≤ (1 + 4²)G(a − b).
Proof. We have a − b ≥ x − 0.2π² (x) > 0 and a + b ≤ x +
0.2π² (x). Thus6 (1−²)G(x) ≤ G(a−b) ≤ G(a) ≤ G(a+b) ≤
(1+²)G(x). Thus (1+4²)G(a−b) ≥ (1−²)(1+4²)
G(a) ≥ G(a).
(1+²)
The second part can be proven similarly.
Fact 5.6. Let x, a, b be such that |x − a| ≤ b. Then (1 −
²)G(a + b) ≤ G(a) ≤ (1 + ²)G(a − b) =⇒ (1 − ²)G(x) ≤
G(a) ≤ (1 + ²)G(x).
Proof. Assume, on the contrary, that G(a) > (1+²)G(x).
Then since x ≥ a − b we have a contradiction: G(a) >
(1 + ²)G(x) ≥ (1 + ²)G(a − b) ≥ G(a). The second condition
is proven similarly.

5.2

Algorithms for G-Core
We define and solve the following problem:
Hybrid-Major(D, ²)
Given: A stream D, and a positive real ².
Output: A real r ≥ 0 such that:
1. If r 6= 0 then r is an (1 ± 4²)-approximation of a
G(mj ) for some mj .
2. If there exists a (F2 , 1)-major element mi (w.r.t.
M (D)) such that π² (mi ) ≥ 205 (F2res (M (D)))0.5
then r is a (1 ± 4²)-approximation of G(mi ).

6
In general, the inequality may not hold if π² (x) = 1 since
Definition 1.3 limits π to integers. However, in this case
either G is not tractable or x = O∗ (1) and can be approximated precisely. We thus assume that π² (x) 6= 1.

Algorithm 5.7. Compute-Hybrid-Major(D, ²)
1. Repeat O(log(nm)) times, independently and in
parallel:
(a) Generate uniform pairwise independent vector H 0 ∈ {0, 1}n and compute at = |hM, H 0 i|.
2. Compute a = median{at }.
3. Repeat O(log(nm)) times, independently and in
parallel:
(a) Generate uniform pairwise independent vector H ∈ {0, 1}n .
(b) Using the AMS algorithma , compute 5/4approximations of second moments:
X 0 = F2 (DH ) and Y 0 = F2 (D(1−H) ) with
negligible probability of error.
(c) If X 0 < (20)4 Y 0 and Y 0 < (20)4 X 0 then
output 0 and terminate the algorithm.
4. In parallel, apply the algorithm for the residual moment from Fact 5.4. Let b be the output of the
algorithm.
5. If (1−4²)G(a+b) > G(a) or G(a) > (1+4²)G(a−b)
then output 0.
6. Otherwise output G(a).
a

The sketching algorithm for F2 approximation from [2].

0.01π² (mi ), and b ≤ 3F2res (M ) < 0.01π² (mi ). Thus, by
Fact 5.5 the algorithm will output G(a) which is a (1 ± 4²)approximation of G(mi ). Thus, the second condition of
Hybrid-Major follows.
Lemma 5.10 states that for any (G, 1)-major entry of the
vector M (D), the square of its local jump π² is “heavy” with
respect to F2res (M ) (at least after deleting a small number
of entries). First, we need to establish the following simple
corollary of tractability.
Fact 5.9. If G is tractable then
∃N1 ∀N > N1 ∈ N+ : G(N ) ≤ N 3 .

(9)

Proof. Indeed, if (9) does not hold then G cannot be
tractable. In particular, there is an arbitrary large N such
that G(N ) > N 3 and thus N 2 < log−t (N G(N ))G(N ) for
any t = O(1). By Definition 1.4, G is not tractable (for
k = 0, arbitrary large t and x = N, y = 1).
Lemma 5.10. Let G be a non-decreasing tractable function. Then for any k = O(1) there exists t = O(1) such
that for any n, m and for any ² > log−k (nm) the following is true. Let D = D(n, m) be a stream that defines frequency vector M = M (D). If there exists a (G, 1)-major
element mi w.r.t. M , then there exists set S ⊆ [n] such that
|S| = O(log(m)) and:
X

(π² (mi ))2 = Ω(log−t (nm)

m2j ).

j ∈S∪{i}
/

Lemma 5.8. Algorithm Compute-Hybrid-Major solves
Hybrid-Major(D, ²) with negligible probability of error.
Proof. First, we show that if there is no (F2 , 2)-major
entry, then the output is 0 except with negligible probability. Consider a single iteration of the main loop of the
algorithm. Consider a vector M 0 with entries m2i and denote X = hM 0 , Hi, Y = |M 0 | − hM 0 , Hi. By the properties
of the AMS algorithm, with negligible probability of error,
X 0 is 5/4-approximation of X and Y 0 is 5/4-approximation
of Y . By Lemma 5.2, this implies that w.p. at most to
0.5 + o(1):
5
5
X ≤ (10)4 Y < (20)4 Y 0 ,
Y 0 < (20)4 X 0 .
4
2
Thus, except with negligible probability, the algorithm will
output 0.
Assume that there is a (F2 , 2)-major entry mi . Then by
Lemma 5.3 and by Chernoff bound, |mi −a| ≤ 2(F2 (M (D)))0.5
except with negligible probability. From Fact 5.4 it follows that 2(F2res (M (D)))0.5 < b < 3(F2res (M (D)))0.5 except with negligible probability. Thus, by Fact 5.6 it follows that if the algorithm outputs G(a) then G(a) is (1 ±
4²)-approximation of G(mi ). Thus, the first condition of
Hybrid-Major follows.
Finally, assume that π² (mi ) ≥ (20)5 (F2res (M (D)))0.5 . Definition 1.3 implies that mi ≥ π² (mi ) and thus mi is (F2 , 105 )major w.r.t. M . Thus, by Lemma 5.2, we have (except with
negligible probability): X 0 > 204 Y 0 or Y 0 > 204 X 0 . Thus,
except with negligible probability, the algorithm will not terminate before the last line. Also, |mi − a| ≤ 2F2res (M ) <
X0 ≤

Proof. W.l.o.g., assume that m1 is the (G, 1)-major entry. Consider layers Ss = {j ∈ [n] : 2s ≤ mj < 2s+1 } for
s = 0, 1, . . . . Let N0 be the constant from Definition 1.4; and
N1 be the constant from Fact 9 (i.e., G(x) ≤ x3 for x > N1 ).
Let W = {s : |Ss | ≤ N0 + N1 } and let S = ∪s∈W Sk . Note
that mi ≤ m for all i ∈ [n]; thus there are at most dlog(m)e
non-empty layers. Thus |S| = O(log(m)), i.e., S satisfies the
condition of thePlemma.
2
Consider X = j6=i,j ∈S
/ mj . If X = 0 then the lemma follows. Otherwise
there exists at least one layer Sl , l ∈
/ W
P
such that j∈Sl m2j ≥ dlog 1(m)e X. Since m1 is (G, 1)-major
w.r.t. M and by monotonicity of G, it follows that G(m1 ) ≥
P
l
/ W we have that |Sl | >
j>1 G(mj ) ≥ |Sl |G(2 ). Since l ∈
1)
N0 ; thus G(m
≥ |Sl | > N0 . Since G is tractable, by DefiG(2l )
nition 1.4 of tractable functions there exists t = t(k) = O(1)
³
´2
³
´
G(m1 )
i)
µ 1
¶
≥
such that: π² (m
. Also, since
2l
G(2l )
G(m )

logt (

1
G(2l )

)

G(m1 ) ≥ |Sl | > N1 we conclude that G(m1 ) ≤ m31 ≤
1)
m3 ; thus logt ( G(m
) ≤ (3 log(m))t . Thus, we summarize:
G(2l )
³
´2
π² (m1 )
l
1
≥ (3 log(m))
t |S |; and finally:
2l
(π² (mi ))2 ≥

1
1
22l |Sl | ≥
X.
(3 log(m))t
(12 log(nm))t+1

Consider the following algorithm that solves G-Core.

Algorithm 5.11. Compute-G-Core(D, ², p)
1. Generate a pairwise independent hash function H :
[n] 7→ τ ,
1
where τ = O∗ ( p²
).

where Hk (i) = 1H(i)=k .
3. Output S = {G(ci ) : ci > 0}.
Finally, let us state the following claims which are a generalization of the arguments from [33] and can be seen as a
variant of Lemmas 5.3 and 5.5 from our other paper [13]. (It
is important to note, however, that while these results have
similarities with the lemmas from [13], they are different. In
this paper we consider frequency vectors, where in [13] we
work with implicit tensors). We refer the reader to the full
version [10] for details.
Theorem 5.12. Algorithm Compute-G-Core solves
G-Core(D, ²) and errs w.p. asymptotically equal to p.
Compute-G-Core uses O∗ (1) memory bits if p = Ω∗ (1) and
² = Ω∗ (1).
Proof. First, except with negligible probability, every
positive ci is (1 ± ²)-approximation of some distinct entry
G(mj ). Second, assume that
exists a (G, 1)-dominant
P there
2
entry mi . Denote X =
v
1
H(j)=H(i) . By pairwise
i
j6=i
independence of H, we have E(X) = τ1 (F2 (M ) − m2i ). By
Lemma 5.10 there exists a set S such that |S| = O∗ (1) and:
X 2
π² (mi )2 = Ω∗ (
mj ).
(10)
j ∈S
/
2

Let A be an event that π² (mi ) > (20)5 X and H(j) 6= H(i)
for any j ∈ S. By Markov inequality, by pairwise independence of H and by (10), there exists τ = Ω∗ ( p1 ) such that:
P (A) ≥ (1 − p). If A occurs, then by Lemma 5.8 cH(i) is
(1 ± ²)-approximation of G(mi ) except with negligible probability. Thus, the final probability of error is approximately
equal to p.
Algorithm Compute-G-Core can be seen as a computational tree of a constant depth (after substituting the auxiliary algorithms). Each internal node in the tree has a polylogarithmic number of children. Each leaf is either a direct
computation on a stream that requires polylog space or AMS
algorithm for F2 that also requires polylog space. Thus, the
total space is polylogarithmic. In fact, for any k = O(1)
there exists t = t(k) = O(1) such that we can solve GCore(D(n, m), ²), where ² ≥ log−k (nm) with O(log−t (nm))
space.
Theorem 5.13. If there exists an algorithm that solves
G-Core using memory O∗ (1) and a single pass over D with
probability of error Ω∗ (1), then there exists an algorithm that
solves G-sum using memory O∗ (1) and a single pass over
D with probability of error bounded at most 1/3.

Proof of the Main Theorem 1.5

Proof. Theorem 3.2 proves that tractability is necessary.
The sufficient condition, i.e., the existence of an algorithm
that solves G-Sum for tractable G, follows from Theorem
5.13 and Theorem 5.12.
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2. For each k ∈ [τ ] compute in parallel ci = ComputeHybrid-Major(DHk , 0.25²),
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