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Abstract
Given a simple, unweighted, undirected graph G = (V, E) with |V | = n and |E| = m, and parameters
0 < ε, δ < 1, along with Degree, Neighbour, Pair and RandomEdge query access to G, we provide a
query-based randomized algorithm to generate an estimate T̂ of the number of triangles T in G,
such that T̂ ∈ [(1 − ε)T, (1 + ε)T ] with probability at least 1 − δ. The query complexity of our
algorithm is Õ

(
mα log(1/δ)/ε3T

)
, where α is the arboricity of G. Our work can be seen as a natural

progression to the line of recent works [Eden et al., SIAM J Comp., 2017; Assadi et al., ITCS 2019;
Eden et al., SODA 2020] that considered subgraph or triangle counting with or without the use of
RandomEdge query. Of these works, Eden et al. [SODA 2020] considers the role of arboricity. Our
work is the first to consider how RandomEdge query can leverage the structural property of arboricity.
Furthermore, continuing in the line of work of Assadi et al. [APPROX/RANDOM 2022], we also
provide a lower bound of Ω̃

(
mα log(1/δ)/ε2T

)
that matches the upper bound exactly on arboricity,

δ, and almost on ε.
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1 Introduction

Counting the number of triangles present in graphs is a classical problem [20, 5, 53, 4, 10].
Researchers in the streaming (sub-linear space) community have studied this problem for
the last two decades; see [10, 11, 35, 2, 17, 6, 36, 18, 22, 55, 41] for a sample of such works.
The problem has also been studied by researchers in the property testing (sub-linear time)
community in the last decade [26, 48, 39, 11, 13, 28, 35]. Here, graphs can be accessed
only through certain queries. On the other hand, starting with the work of [20], the graph
parameter called arboricity has also found its use in triangle counting [28]. Our work shows
the use of arboricity in triangle counting where the graph can be accessed through random
edge queries along with other standard queries like Degree, Neighbour and Pair.

Counting triangles has been a well-motivated problem with applications across various
domains like optimizing query size in database join problems [10, 9, 7], computing clustering
coefficients, transitivity ratio [1, 46, 60, 44], studying structures in web graphs [25, 23]
etc. For a more thorough overview, see the surveys [3, 57]. The parametrization based on
arboricity is also of practical interest due to the occurrence of low-arboricity graphs in various
real-world scenarios [24, 42, 50, 31, 12, 23, 54].
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Formally, we are given a simple, unweighted, undirected graph G = (V, E) with |V | = n,
and |E| = m. The neighbours of v is denoted N(v) = {u| (u, v) ∈ E} and the degree of the
vertex v is denoted degv = |N(v)|. We are given the following queries to access the graph:

Degree(v): Given a vertex v, return degv.
Neighbour(v, i): Given a vertex v ∈ V and i ∈ [n], return the i-th vertex u ∈ N(v) if it
exists; otherwise, we get ⊥.
Pair(u, v): Given two vertices u, v ∈ V , return 1 if (u, v) ∈ E, and 0, otherwise.
RandomEdge: Return an edge e ∈ E uniformly at random.

We will call the Degree, Neighbour and Pair queries taken together to be local queries [7].
Now, we formally state our problem:

Triangle Estimation:
Given ε, δ with 0 < ε, δ < 1, obtain an estimate T̂ of the number of triangles T in

the graph G, such that T̂ ∈ [(1− ε) T, (1 + ε) T ] with probability at least 1− δ.

From now on, we refer T̂ to be an (ε, δ) estimate of T . One of the graph parameters
that has been relevant to quantify the complexity of triangle counting algorithms within the
context of RAM model [20], streaming model [13], distributed model [34, 56, 30, 45] and
query model [29], is the arboricity of the graph G, denoted α. The arboricity of a graph can
be seen as a measure of the density of the graph.

▶ Definition 1 (Arboricity(α)). The arboricity of a graph G = (V, E), denoted α, is the
minimum number of spanning forests that E can be partitioned into.

Recent works have established various ways to construct lower bounds incorporating the
impact of ε and δ both in graph property testing [8] and other problems [58]. Our lower
bounds will also involve ε and δ. To illustrate the dependence of ε, δ, and polylog terms on
the query complexity of our algorithm, we will use two notations at times in place of O (•) –
Õ (•) hides polylog factors only but shows dependence on ε and δ, whereas Õε,δ (•) hides
both ε, δ and polylog terms.

1.1 Our results
In this section, we present the main results of this work.

Upper bound

We show that using random edge queries in addition to local queries, we can obtain an
(ε, δ) estimate of T where the query complexity is parametrized by arboricity apart from
the usual parameters of edge, vertex, the number of triangles, ε, and δ. The work of [20]
established the role of arboricity in the problem of triangle counting giving an O (mα) time
algorithm to exactly count the number of triangles T in the RAM model. In recent works
in the property testing model, [26] gave an algorithm that uses local queries and requires
Õε,δ

(
n

T 1/3 + min
{

m, m3/2

T

})
queries to obtain an (ε, δ) estimate T̂ of T . Using RandomEdge

in addition to the local queries, [7] proposed an algorithm that uses Õ
(

m3/2 log (1/δ)
ε2T

)
queries.

Following this, [28] was introduces the parameter of arboricity to triangle counting in the
query based setup. They proposed an algorithm that uses Õ

(
n

T 1/3 + mα log3 (1/δ)
ε5T

)
local

queries to obtain an (ε, δ) estimate T̂ of T . Our work follows in the line of the works of
[26, 7, 28], where we use RandomEdge in addition to local queries to obtain an algorithm
that uses Õ

(
mα log (1/δ)

ε3T

)
queries (see the last row in Table 1). Formally,
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▶ Theorem 2 (Upper bound). Given a simple, unweighted and undirected graph G = (V, E)
with |V | = n, |E| = m and arboricity α, and access to the graph via Degree, Neighbour, Pair

and RandomEdge queries, an (ε, δ) estimate T̂ of T can be obtained using Õ
(

mα log (1/δ)
ε3T

)
queries.

A constant-pass Õ
(

mκ
ε4T

)
space streaming algorithm was proposed in [13] for obtaining

an (ε, δ)-estimate of the number of triangles in a graph, where κ is the degeneracy of the
graph. Our algorithm can be directly extended to a constant pass streaming algorithm using
Õ
(

mα
ε3T

)
space. By the fact that α ≤ κ ≤ 2α, our algorithm’s space complexity is as good as

the algorithm of [13] in terms of the graph parameters, and asymptotically better in terms
of the approximation factor ε.

Lower bound

We also establish a lower bound involving the arboricity and the parameters ε and δ.
Reductions from communication complexity is a well studied method to establish lower
bound results in terms of query complexity [15, 29, 32]. Using only Degree and Neighbour
queries, triangle counting requires Ω (m) queries [33]. Including Pair with the previous two
queries, [26] established a lower bound of Ω

(
n

T 1/3 + m3/2

T

)
queries which matches their upper

bound up to poly
(

log (n/δ)
ε

)
factors. Later, a simpler proof was proposed for the same bound

through reduction from communication complexity problems [29]. This was subsequently
extended to incorporate arboricity with a bound of Ω

(
n

T 1/3 + mα
T

)
queries [28] which again

matched their proposed upper bound up to poly
(

log (n/δ)
ε

)
factors. If RandomEdge query

is allowed along with all three local queries, the above lower bounds of Ω
(

n
T 1/3 + m3/2

T

)
and Ω

(
n

T 1/3 + mα
T

)
become Ω

(
m3/2/T

)
[29] and Ω (mα/T ) [28], respectively. 1 As we have

mentioned, for general graphs, there is an algorithm that makes Õ
(

m3/2 log(1/δ)
ε2T

)
queries,

where each query is either a local query or a RandomEdge query [7]. Recently, in [8], it has
been shown that the algorithm of [7] is optimal (up to poly (log (n)) factors) in terms of all
parameters including ε and δ through a lower bound of Ω

(
m3/2 log (1/δ)

ε2T

)
queries for obtaining

an (ε, δ) estimate of T using local and RandomEdge queries. However, this does not consider
the dependency of the query complexity on arboricity of the graph. Like our upper bound,
the lower bound of our work also captures the role of arboricity and the parameters ε, and
δ when the queries allowed are the local and the RandomEdge queries. Moreover, our lower
bound combines the parametrization of [8] and [28] in terms of ε, δ, and α, respectively, to
establish an improved lower bound.

▶ Theorem 3 (Lower bound). Given a simple, unweighted and undirected graph G = (V, E)
with |V | = n, |E| = m and arboricity α, and access to the graph via Degree, Neighbour,
Pair and RandomEdge queries, obtaining an (ε, δ) estimate T̂ of T requires Ω

(
mα log (1/δ)

ε2T

)
queries.

Table 1 describes the upper and lower bounds across different query accesses and para-
metrization for the triangle counting problem, with our contributions in this work highlighted
with an asterisk (∗) mark. Table 1 shows that it is only natural to study the problem of

1 Though [28] does not mention about Ω (mα/T ) explicitly, it is not difficult to see it from their construction.
Also, this lower bound of Ω (mα/T ) matches with our upper bound (stated in Theorem 2) in terms of
dependence on m, T , and α.

APPROX/RANDOM 2026
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Table 1 Upper and lower bounds for the Triangle Counting problem. Entries marked with an
asterisk (∗) are our results proved in this paper.

Without RandomEdge With RandomEdge

Without Arboricity
UB: Õε,δ

(
n

T 1/3 + m3/2

T

)
[26] UB: Õ

(
m3/2 log (1/δ)

ε2T

)
[7]

LB: Ω̃
(

m3/2 log (1/δ)
ε2T

)
[8] LB: Ω̃

(
m3/2 log (1/δ)

ε2T

)
[8]

With Arboricity
UB: Õ

(
n

T 1/3 + mα log3 (1/δ)
ε5T

)
[28] (∗) UB: Õ

(
mα log (1/δ)

ε3T

)
(∗) LB: Ω

(
mα log (1/δ)

ε2T

)
(∗) LB: Ω

(
mα log (1/δ)

ε2T

)

triangle estimation with the use of RandomEdge and arboricity as a parameter after the
works of [26, 28, 7, 8]. We believe our work also raises some new questions: (a) it opens up
the question of quantifying the impact of α to count other subgraphs (e.g., k-cliques) using
RandomEdge and other local queries; (b) there remains a small gap of 1/ε between our upper
and lower bounds that remain to be resolved.

1.2 Related work in other models

The problem of triangle counting is a problem that has been extensively studied across
various models of computation. Here, we discuss the works in RAM and streaming models.

RAM model. The work of [20] proposed an O
(

mα
T

)
algorithm in the RAM model that

remains the best known till date. Recent works have shown it to be conditionally optimal
under the 3SUM [43] and APSP hypotheses [59].

Streaming model. In the data streaming model, a long line of work [51, 52] has culminated
in an Õ

(
m
T

(
∆E +

√
∆V

))
-space one-pass streaming algorithm for insertion only model [39]

that has been shown to be optimal through the combined lower bounds proposed in [16, 39].
Here, ∆E (∆V ) denote the maximum number of triangles incident on an edge e (a vertex v)
in the graph G. There have been works on triangle counting in multi-pass setup as well as in
other streaming models (e.g., turnstile, cash-register etc.) [48, 11, 39, 37, 38, 40, 13].

1.3 Paper organization

Section 2 discusses a broad overview of the techniques we use, and contextualizes it with
respect to the relevant prior works. Section 3 sets up the preliminaries for our proofs,
including the structural results involving arboricity of a graph. Section 4 discusses the
query-based algorithm by breaking the discussion into several parts: a weight function
(Section 4.1), an oracle based algorithm (Sections 4.2) and its implementation (Section 4.3)
and the final algorithm (Section 4.4). The lower bounds are discussed in Section 5. Some of
the proofs are deferred to the Appendix. We have also included the full version of the paper
in the Appendix.
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2 Technical overview

In this section, we give a broad overview of the techniques used in this work. We denote
by Te the number of triangles incident on the edge e, and the degree of an edge by dege

= deg(u,v) = min {degu, degv}.

2.1 Upper bound
Our starting point is to use RandomEdge queries to obtain S, a random sample of edges of
size s and try to estimate the number of triangles T incident on the edges of S. As the
RandomEdge query samples edges uniformly at random, the expected number of triangles
each sampled edge participates in is T

m . Hence, an obvious approach to estimate T would be
to count the number of triangles Te each edge e participates in, and take their average for the
sampled edges and scale it appropriately. However, there are two issues with this approach.

Firstly, counting the number of triangles an edge e participates in exactly would require
Ω (dege) local queries. Therefore, we have to sample sufficiently many neighbour vertices for
each edge e and check if it forms a triangle or not to obtain a good estimate of Te.

Secondly, even though the expected number of triangles incident on each edge is T
m ,

individual edges e can participate in a large number of triangles, i.e., Te can be Ω (T ). This
makes the variance of the estimate too high, and requires s to be large to obtain a good
estimate. To work around this issue, we fix a threshold τ based on the arboricity α of
the graph, that has a connection to the number of triangles in the graph. We call edges
that participates in more than τ triangles τ -heavy edges. Correspondingly, any edge that
participates in less than τ triangles is called τ -light edges. For now, assume we are given
access to an oracle Heavy to decide whether an edge is light or heavy. We call the triangles
consisting exclusively of heavy edges as heavy triangles, and the remaining triangles as light
triangles. The threshold τ is set at an appropriate multiple of α so that heavy triangles
constitute only ε fraction of the triangles. Thus, we can forget about the τ -heavy edges
and focus only on counting the light triangles. This brings us to the issue of sampling light
triangles uniformly at random. We define a weight function on the edges that assigns each
light triangle to one of its constituent light edges. The weight function is defined to be the
number of light triangles assigned to the edge, with each heavy edge being assigned a value
of 0.

Now the algorithm’s objective is to estimate this weight function, which cannot be accessed
or sampled directly. Observe that there can be multiple assignments of the light triangles to
the edges, and consequently multiple weight functions. It suffices for the algorithm to estimate
any one of them. In that regard, for all the light edges in our sample S, we maintain a partial
non-conflicting assignment. Such an assignment can be extended to a valid assignment, and
consequently, a valid weight function. Based on this assignment, we obtain an estimate of
the corresponding weight function, which, given an appropriately fixed threshold τ = Θ

(
α
ε

)
,

and setting s to Õ
(

mα
ε3T log 1

δ

)
will give an (ε, δ) estimate of T .

To design the oracle Heavy for a given edge e, we estimate the number of triangles each
edge participates in. We can estimate it by sampling each triangle independently through
the corresponding neighbouring vertex of e. The probability of obtaining a triangle for an
edge e through a random neighbour is Te

dege

. Hence, for the heavy edges where Te ≥ τ , Te

can be estimated using sufficiently small number of queries. For the light edges where Te ≤ τ ,
the probability of obtaining a triangle through a random neighbour can be arbitrarily low.
However, note that the lower probability of obtaining triangles allows for high approximation
error. We then design a bucketing trick to exploit this trade-off to implement an efficient
algorithm to decide whether an edge is heavy or light. For full details, see Section 4.

APPROX/RANDOM 2026
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2.2 Lower bound

Several lower bounds for triangle counting problems based on reductions from the disjointness
problem in communication complexity [29, 7, 28] are often close to the best possible upper
bounds. It is not clear whether this approach can give tight bounds involving ε and δ.
Recently, Assadi and Nguyen [8] showed that any algorithm to find an (ε, δ)-estimate of the
number of triangles T must make at least Ω

(
m3/2 log(1/δ)

ε2T

)
queries, where each query is either

a local query or a RandomEdge query.2 To prove the lower bound, they introduced a new
query problem called the Popcount Thresholding Problem (PTP), and gave reductions from
this problem to triangle estimation, instead of using disjointness. We also show a reduction
from PTP. In particular, we show that for any value of arboricity α, we can design a graph
G with arboricity α such that finding an (ε, δ)-estimate in it using Ω

(
mα log (1/δ)

ε2T

)
queries

would violate the lower bound of PTP.

In the PTPM,k,γ problem, we are given query access to a binary string x ∈ {0, 1}M and
must decide whether it was generated from one of two similar distributions. In the first
distribution, denoted D0, each bit of the string is independently set to 1 with probability
(1 − 2γ)k/M ; in the second distribution, denoted D1, each bit is independently set to 1
with probability (1 + 2γ)k/M . The objective is to distinguish between these two cases by
adaptively querying bits of x. For suitable choice of k,γ, and δ, with probability at least
1− δ, a string from D0 will have fewer than (1− γ)k 1s and a string from D1 will have more
than (1 + γ)k 1s. Hence, to distinguish whether x is generated from D0 or D1, it suffices to
estimate the number of 1s present in x, i.e. ∥x∥1 upto multiplicative approximation factor γ.
Assadi et al. [8] showed that (under suitable choice of parameters) Ω

(
M log(1/δ)

γ2k

)
queries to

x are needed to distinguish between the case whether x ∼ D0 and x ∼ D1 with probability
1− δ.

We now describe the hard graph instance Gx(Vx, Ex) used in the reduction. The core
structure of Vx consists of three vertex sets: A, B, and R, where |A| = |B| = Θ(m/α) and
|R| = Θ(α). Every vertex in A ∪ B is connected to all vertices in R, forming a bipartite
clique between A ∪B and R. The subgraph induced by A ∪B contains Θ(m) edges, with
each vertex having degree at most O(α). We associate each index i ∈ [M ] from the PTPM,k,γ

instance with a potential edge between A and B, and include the edge if and only if xi = 1.
Thus, the number of edges between A and B equals ∥x∥1, and the total number of triangles
in the graph Gx is ∥x∥1 · |R|. By choosing parameters such that M = Θ(m), k = Θ(T/α),
and γ = Θ (ε), distinguishing whether x is drawn from D0 or D1 becomes equivalent to
distinguishing whether the number of triangles in the graph is at most (1− ε)T or at least
(1 + ε)T . To complete the reduction, we show that each local query and RandomEdge query to
Gx can be simulated using only a constant number of queries to x. To enable this, we extend
the construction by introducing two additional disjoint vertex sets A′ and B′, resulting in
five disjoint sets: A, B, R, A′, and B′. All triangles in the graph are confined to the sets A,
B, and R, while the sets A′ and B′ are added to ensure that the degree of each vertex in Vx

remains identical regardless of whether x is drawn from D0 or D1. With this construction,
every allowable query to the graph can be simulated with O(1) queries to x. For full details,
see Section 5.

2 Note that this lower bound matches exactly with the corresponding upper bound in [7].
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2.3 Contextualizing with relevant prior work

Our work follows as a natural progression to the works of [26, 7, 28] in the property testing
framework. So, let us review the algorithmic techniques at play in them.

We start by describing a simple randomized algorithm due to Assadi et al. [7] for
estimating the number of triangles in a graph when we have access to queries like Degree,
Neighbour, Pair, and RandomEdge. First, pick a random edge {u, v} and let degu ≤ degv.
If degu ≤ τd, pick a random neighbour w of u and check if {u, v, w} forms a triangle in the
correct order, i.e., in the increasing degree sequence. The probability of sampling a triangle
in this case is 1

2m ·
1

degu

· degu

τd
= 1

2mτd
. If degu > τd, pick a vertex w at random with

probability proportional to its degree. This is possible because RandomEdge allows sampling
vertices proportional to their degrees. The probability of sampling a triangle in this case is

1
2m ·

degw

2m ≥ τd

4m2 . By setting τd =
√

2m, we can ensure that the algorithm works effectively.
This process finds a triangle with probability Ω(T/m3/2). Finally, by repeating this process
Õ(m3/2 log(1/δ)/ε2T ) times, we can estimate the total number of triangles.

The setting τd = Θ(
√

m) seems to be the optimal choice for the general case. We do
not see a way to generalize the above idea when parametrized by arboricity. In bounded
arboricity graphs, the structure and degree distribution of the graph may not align with this
approach. So, a different strategy would be required for graphs with bounded arboricity to
achieve the desired bound of Õ(mα log(1/δ)/ε3T ).

Our approach is more closely aligned with the framework of triangle counting developed
by Eden et al. [26] with access to local queries only. The algorithm by Eden et al. [26] starts
by picking a small set of vertices at random and for each sampled vertex, the algorithm
tries to estimate the number of triangles it participates in. Some vertices appear in many
triangles and are called heavy, while others are called light. To keep the estimate as desired,
the algorithm limits the contribution of heavy vertices and focuses mainly on light ones. It
gives more weight to triangles that have more light vertices. Since the number of triangles a
vertex participates in cannot be obtained directly, the algorithm estimates this by sampling
edges incident on the sampled vertices and checking if they close triangles with neighbouring
vertices of those edges. The above framework has also been subsequently extended for clique
counting in general graphs [28] and that in bounded arboricity graphs [28].

In summary, the idea of dividing the triangles in terms of their constituent edges or
vertices into heavy and light, and dealing with them separately has been a long-standing
technique for subgraph counting in sublinear models [48, 26, 11, 27, 38, 28, 13]. The
algorithmic techniques vary on how to set and leverage this thresholding behaviour for the
specific problems and models. Furthermore, allowing RandomEdge queries has yielded simpler
algorithms for subgraph counting problems [7]. The usage of RandomEdge enables us to
design a simple algorithm that uses the structural parameter of arboricity.

The lower bounds for the triangle counting problem in the query model have come from
indistinguishability arguments [26] or reduction from communication problems, particularly
set-disjointness [29, 7, 28] with [28] establishing arboricity-sensitive lower bounds. On the
other hand, several recent works [14, 8] have established lower bounds for property testing
problems through reductions to query problems that are sensitive to ε and δ. In this work,
we extend the ε, δ-sensitive lower bound of [8] to the triangle counting problem for any value
of arboricity α.

APPROX/RANDOM 2026
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3 Preliminaries

3.1 Notations
The set of positive integers {1, 2, . . . , x} is denoted [x]. The set of triangles in G is denoted
∆, and individual triangles are denoted t. (v, e) denotes a triangle formed by the vertices v

and the endpoints of the edge e. Unif(S) denotes an element of S is chosen uniformly at
random.

3.2 Arboricity and its properties
As arboricity plays a crucial role in our work, we put together all the structural results that
involve arboricity here. Let us restate the definition once more.

▶ Definition 4 (Arboricity(α)). The arboricity of a graph G = (V, E), denoted by αG, is the
minimum number of spanning forests that E can be partitioned into.

The arboricity of a graph can be seen as a measure of the density of the graph. αG can be at
least ⌈m/(n− 1)⌉. Also, αG ≥ αH where H is any subgraph of G. We will write α instead of
αG when the underlying graph is understood. We introduce the following result due to [20]
on the sum of edge degrees over all edges in the graph.

▶ Lemma 5 (Sum of dege [20]). Given a graph G = (V, E) with arboricity α and |E| = m,∑
e∈E

dege ≤ 2mα.

The following result due to [28] builds on the work of [20] to bound the number of triangles
based on the number of edges m and arboricity α.

▶ Lemma 6 (Triangle upper bound [28]). Given a graph G = (V, E) with arboricity α and
|E| = m, the graph G has at most mα triangles.

Note that this upper bound is also tight, i.e., there exists graphs that contain m edges and
Ω (mα) triangles. Additionally, arboricity α can be at most O (

√
m) [28]. Thus, all our

results can be reformulated by plugging in this upper bound.

3.3 Chernoff bounds
We will be using the following variation of the Chernoff bound that bounds the deviation of
the sum of independent Poisson trials [49].

▶ Lemma 7 (Multiplicative Chernoff bound). Given i.i.d. random variables X1, X2, ..., Xt

where Pr[Xi = 1] = p and Pr[Xi = 0] = (1− p), define X =
∑

i∈[t] Xi. Then, we have:

Pr[X ≤ (1− ε)E [X]] ≤ exp
(
−E [X] ε2

3

)
0 ≤ ε < 1

Pr[X ≥ (1 + ε)E [X]] ≤ exp
(
−ε2 E [X]

2 + ε

)
0 ≤ ε

4 Algorithm

This section describes the algorithm and its related concepts. Section 4.1 formally defines
the weight function for edges and associated structural results. Section 4.2 describes the
algorithm assuming access to an idealized oracle that can decide if an edge is heavy or light
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(based on whether the edge has many or few incident triangles). Section 4.3 describes how
to actually implement this oracle within the problem setup. Section 4.4 puts everything
together to develop the final algorithm.

4.1 Weight function
In this section, we formalize the ideas of heavy and light edges and weight function for the
edges.

Heavy and light edges and triangles

First, we define heavy and light edges and correspondingly, heavy and light triangles.

▶ Definition 8 (τ -heavy and τ -light edges). An edge e ∈ E is defined to be a τ -heavy (resp.
τ -light) edge if it participates in more than τ (resp. ≤ τ) triangles.

▶ Definition 9 (τ -heavy and τ -light triangles). A triangle t ∈ ∆ is called a τ -heavy triangle if
all its three edges are τ -heavy edges. A triangle that is not τ -heavy is a τ -light triangle.

We denote by T τ
L and T τ

H the number of τ -light and τ -heavy triangles in the graph G,
respectively. The following lemma bounds the number of τ -heavy triangles in a graph using
the parameter of arboricity.

▶ Lemma 10 (Upper bound on T τ
H). Given a graph G = (V, E) with T triangles, the number

of τ -heavy triangles is at most 3T α
τ .

Proof. Note that the graph G = (V, E) has T triangles containing at most 3T edges. By
Definition 9, τ -heavy triangles have all three of their edges to be τ -heavy edges, τ or more
triangles incident on each of them. Hence, the number of τ -heavy edges in G is at most 3T

τ .
Now consider the subgraph H = (VH , EH) of G induced by the τ -heavy edges in G. We

know, EH ≤ 3T
τ . Also, αH ≤ αG = α (see Section 3.2). Hence, by Lemma 6, we know that

H contains at most 3T α
τ triangles. ◀

The following corollary follows from Lemma 10 and the fact that T = T τ
L + T τ

H .

▶ Corollary 11 (Lower bound on T τ
L). Given a graph G = (V, E), there are at least (1− 3α

τ )T
τ -light triangles.

Weight function for the edges

Now, we define a weight function for the edges. As a triangle is incident to multiple edges,
the objective of a weight function is to charge each of the light triangles to exactly one of its
participating light edges. To ensure this, we do not charge any light triangle to any heavy
edge that it may be incident on. Each light edge e can be charged by at most Te triangles,
i.e., all the triangles the edge e participates in. To avoid over-counting, we ensure that the
sum of the weight function over all edges is equal to the number of light triangles, T τ

L . (t, e)
denotes that the triangle t is charged to the edge e.

▶ Definition 12 (Triangle weight function (w)). We define a function w : E → N to be a
triangle weight function if it satisfies the following two conditions:

Condition (1) : w(e) ≤
{

Te if e is a light edge
0 if e is a heavy edge

Condition (2) :
∑

e∈E

w(e) = T τ
L

APPROX/RANDOM 2026
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Observe that there are multiple such weight functions (e.g., a triangle with 3 light edges
can be assigned to any one of these 3 edges). Henceforth, we denote the set consisting of
valid triangle weight functions by W. We now state a property of valid weight functions.
Note that this property is true for any w ∈ W.

▶ Lemma 13 (Expectation of w(e)). Consider any triangle weight function w ∈ W. If
we select an edge e ∈ E uniformly at random, then the expected value of w(e) is T τ

L

m , i.e.,
Ee∼Unif(E) w(e) = T τ

L

m .

Proof. Given that the edges have been chosen uniformly at random and the condition of the
triangle weight function (Definition 12), we have:

E
e∼Unif(E)

w(e) =
∑

e∈Unif(E)

1
m

w(e) = 1
m

∑
e∈E

w(e) = T τ
L

m
. ◀

4.2 Oracle based algorithm
Our algorithm, due to its usage of the triangle weight function, requires knowledge of whether
an edge is heavy or light. The problem of deciding whether an edge is heavy is non-trivial as
it directly relates to number of triangles the edge participates in. In this section, we assume
black-box access to an oracle HeavyOracle that helps us determine if an edge is heavy.

HeavyOracle(e, α, ε) =


1 if edge e is a hα

ε
-heavy edge, i.e., τ = hα

ε

0 if edge e is a lα

ε
-light edge, i.e., τ = lα

ε

Here h and l (h > l) are constants to be determined later. We will discuss an efficient
implementation of this oracle later.

Let us first consider the case where we are given an oracle that given an edge e, returns
the exact value of a weight function, w(e). Given we can sample edges uniformly at random
through the RandomEdge query, we can compute Ee∼Unif(E) [w(e)] = T

lα
ε

L using this oracle on
the sampled edges. However, no such oracle exists in our model. Hence, we try to simulate
one through an empirical estimate of the weight function, ŵ(e). Recall the fact that there are
many valid weight functions, each being characterized by every light triangle being charged
to one of its constituent light edges. Our algorithm will work if the empirical weight function
ŵ estimates any one of these weight functions. We achieve this by ensuring that a triangle is
not sampled through more than one edge (see Line 17 of Algorithm 1). Thus, the assignments
that we consider can be extended to a valid weight function w, and our algorithm can be
thought of as estimating this weight function through ŵ. We develop our initial algorithm
(Algorithm 1) assuming T̃ , an estimate of T satisfying T̃ ≤ 2T .

In Algorithm 1, we assume that we know m exactly. In fact, our algorithm and analysis
work even if we have a constant factor approximation of m. This can be achieved by using
Õε,δ (1) queries [7].

We now state and analyse the algorithm.

▶ Lemma 14 (Expectation of Algorithm 1). Algorithm 1 ensures that E [ŵ(ei)] = T
lα
ε

L /m,
and E

[
T̂
]

= T
lα
ε

L .

Proof. Let Ei be the event that the edge e is chosen as the i-th edge sample. We proceed
with the proof by considering two different cases: dege < α and dege ≥ α.
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Algorithm 1 Triangle Counting Algorithm - with access to Heavy, and knowledge of T̃ .

Require: Degree, Neighbour, Pair, and RandomEdge query access to a graph G. Parameters
T̃ , α, ε, m and oracle access to HeavyOracle with threshold constants l, h

1: s← c(1 + h)ε−3(mα/T̃ ) log n

2: S ← ∅ ▷ S is the set of random edges sampled. |S| grows up to s

3: S∆ ← ∅ ▷ S∆ is the set of light triangles sampled through the edges in S

4: for i ∈ [s] do
5: ei ← RandomEdge
6: S ← S ∪ ei

7: Let ei = (vi, x) where degvi
< degx ▷ Requires two Degree queries

8: if (HeavyOracle(ei, α, ε) = 0) then ▷ ei is a lα
ε -light edge

9: rei ← 0 ▷ re denotes the number of queries for each edge e

10: if degvi
≤ α then

11: set rei ← 1 with probability
degvi

α

12: else
13: set rei

←
⌈

degvi

α

⌉
14: for j ∈ [rei

] do
15: Choose k ← Unif

({
1, 2, ..., degvi

})
16: u← Neighbour(vi, k)
17: if (Pair(u, x) = 1 and t = (u, ei) is not in S∆ through another edge e′) then
18: S∆ ← S∆ ∪ t
19: ▷ A triangle t may occur in S∆ multiple times, but each time it will be through the

same edge e

20: else
21: rei

← 0
22: for i ∈ [s] do
23: if rei

> 0 then
24: ŵ(ei) = 1

rei

∑
(t,ei)∈S∆

max
(
α, degei

)
25: else
26: ŵ (ei) = 0
27: return T̂ = m

s

∑
i∈s ŵ(ei)

Case I: (dege < α). When dege < α, re is set to 0 with probability 1− dege/α and 1 with
probability dege/α, and ŵ(e) is evaluated through a single query. Thus,

E[ŵ(ei)|Ei] = dege

α

∑
k∈[w(e)]

1
dege

α +
(

1− dege

α

)
· 0 = w(e) (1)

Case II: (dege ≥ α). On the other hand, when dege ≥ α, let Zj , j ∈ [re] be the contribution
of each re queries made for the edge e to the weight function estimate. Then,

E[Zj |Ei] =
∑

k∈[w(e)]

1
dege

dege = w(e) (2)
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Correspondingly, we have by linearity of expectation and Equation (2):

E [ŵ(ei)|Ei] = 1
re

∑
j∈[re]

E [Zj |Ei] = E [Zj |Ei] = w(e) (3)

Given that we draw each edge e ∈ S uniformly at random, we now have by Equa-
tions (1), (3), and Lemma 13:

E [ŵ(ei)] = E
e∼Unif(E)

w (e) = T
lα
ε

L /m

By linearity of expectations, we obtain

E
[
T̂
]

= E

[
m

s

∑
i∈s

ŵ(ei)
]

= T
lα
ε

L ◀

Note that Lemma 14 holds irrespective of whether the assumption T̃ ≤ 2T is satisfied or
not. Next, we turn our attention to the variance of ŵ(e).

▶ Lemma 15 (Variance of Algorithm 1). Algorithm 1 ensures that Var[ŵ(ei)] ≤ (1+h)α
ε ·

Ee∼Unif(E)[w(e)].

Proof. Again, we consider two different cases as in the proof of Lemma 14.

Case I: (dege < α). When dege < α, Algorithm 1 makes at most 1 query as r ≤ 1. As
ŵ(e) ≤ α, we have

Var[ŵ(ei)|Ei] ≤ E[ŵ(ei)2|Ei] ≤ αE [ŵ (ei) |Ei] (4)

Case II: (dege ≥ α). Now we consider the case dege ≥ α which is more involved as
r ≥ 1. We first estimate the variance of each Zj individually as defined in Lemma 14. We
condition on the event that edge e is chosen as the i-th edge sample, denoted by Ei. If
HeavyOracle(e, α, ε) = 1, then V ar[Zj ] = 0,∀j ∈ [r]. Hence, we condition on the event that
HeavyOracle(e, α, ε) = 0 from now on. As Zj ≤ dege,

Var[Zj |Ei] ≤ E[Z2
j |Ei] ≤ degei

E[Zj |Ei] (5)

After having bounded the variance of the contribution of each query, we now obtain the
variance of the weight estimate of the edge.

Var[ŵ(ei)|Ei] = Var

 1
rei

∑
j∈rei

Zj |Ei


= 1

r2
ei

∑
j∈rei

Var [Zj |Ei] (Zj are i.i.d. given Ei)

=
degei

rei

∑
j∈rei

1
rei

E[Zj |Ei] (by Equation (5) and linearity of expectation)

≤ αE[ŵ(ei)|Ei]
(

as rei
=
⌈

dege

α

⌉)
(6)
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Now, we remove the conditioning on Ei using the law of total variance:

Var[ŵ(ei)] = E
ei

[Var[ŵ(ei)|Ei]] + Var
ei

[E[ŵ(ei)|Ei]] (by the law of total variance)

≤ E
ei

[αE[ŵ(ei)|Ei]] + E
ei

[E[ŵ(ei)|Ei]2] (by Equations (4) and (6))

≤ αE
ei

[E[ŵ(ei)|Ei]] + hα

ε
· E

ei

[E[ŵ(ei)|Ei]] (as HeavyOracle(e) = 0, hα

ε
≥ |Te|)

≤ (1 + h)α
ε

· E[w(e)] ◀

▶ Theorem 16 (Performance guarantees of Algorithm 1 ). Algorithm 1 makes c(1 +
h)ε−3(mα/T̃ ) log n queries, and c(1+h)ε−3(mα/T̃ ) log n calls to HeavyOracle, and given T̃

satisfying the assumption that T̃ ≤ 2T , returns T̂ such that Pr(|T̂ − T
lα
ε

L | ≥ εT
lα
ε

L ) ≤ 1
c log n .

Proof. The algorithm calls HeavyOracle for each of the s edges in S, resulting in a total of
c(1 + h)ε−3(log n)(mα/T̃ ) calls.

The algorithm makes s RandomEdge queries, 2s Degree queries, and 2re Neighbour query
for each edge e ∈ S. All edges in S are sampled uniformly at random from E. Hence, the
expected number of Neighbour queries made are:

E
e∼Unif(E)

[⌈
dege

α

⌉]
=
∑
e∈E

1
m

⌈
dege

α

⌉
≤ 1

m

∑
e∈E

1+ dege

α
= 1+ 1

m

∑
e∈E

dege

α
≤ 1+ 2mα

mα
= 3

The last inequality in the above step follows from Lemma 5. Hence, the algorithm makes
at most 9s = c(1 + h)ε−3(mα/T̃ ) log n queries in expectation. Here the inequality is due to
the fact that for a heavy edge e in S, re = 0. Furthermore, we bound the variance of the
estimate T̂ as:

Var[T̂ ] = Var
[

m

s

∑
i∈s

ŵ(ei)
]
≤ (1 + h)αm2 E[w(e)]

εs
≤ (1 + h)mαE[T̂ ]

εs
.

The last two steps follow from Lemma 15 and the fact that E
[
T̂
]

= mE [w(e)]. We now use

Chebyshev’s inequality on T̂ :

Pr
(
|T̂ − E[T̂ ]| ≤ εE[T̂ ]

)
≤ Var[T̂ ]

ε2 E[T̂ ]2
(Chebyshev’s inequality)

≤ (1 + h)mα

ε3sE[T̂ ]
(by Lemma 15)

≤ (1 + h)mα

ε3 · 4c (1 + h) ε−3(mα/T̃ ) log n · T
lα
ε

L

(by Lemma 14)

≤ 1
c log n

(as T
lα
ε

L > T/2 ≥ T̃ /4)

where the last inequality uses the fact T/2 ≥ T̃ /4 due to the assumption that T̃ ≤ 2T . ◀

4.3 Implementing the oracle
Rather than the exact oracle (HeavyOracle) that we assumed in Algorithm 1, we would
design an oracle (called Heavy) that given arboricity α, and parameters ε and δ, accepts
edges participating in at most α

2ε triangles as light, and rejects edges participating in at least
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2α
ε triangles as heavy, with probability at least 1− δ. The algorithm works by estimating the

number of triangles each edge participates in. However, in this case, each Neighbour and
Pair queries generate i.i.d. random variables denoting the existence of triangle through that
neighbouring vertex. Thus, our analysis uses the multiplicative Chernoff bound to obtain
high probability guarantees for each individual edge.

Algorithm 2 Heavy(e, α, ε, δ).

Require: Degree, Neighbour, Pair, and RandomEdge query access to a graph G

1: r ←
⌈

16ε dege

α log
( 1

δ

)⌉
▷ r denotes the number of queries for each edge e

2: Let e = (u, x) where degu < degx ▷ Requires 2 Degree queries
3: Y ← 0
4: for i ∈ [r] do
5: Choose k ← Unif ({1, 2, ..., degu})
6: vi ← Neighbour(u, k) ▷ Requires 1 Neighbour query
7: if Pair(vi, x) = 1 then ▷ Requires 1 Pair query
8: Yi ← 1 ▷ Found triangle (vi, e)
9: else

10: Yi ← 0
11: Y ← Y + Yi

12: Y ← Y
r

13: if Y ≥ α

ε·dege

then
14: return 1
15: else
16: return 0

▶ Lemma 17 (Estimation guarantee of Heavy). The algorithm Heavy(e, α, ε, δ) satisfies the
following properties with probability at least 1− δ: (i) returns 1 edge e if it is 2α

ε -heavy; (ii)
returns 0 edge e if it is α

2ε -light.

Proof. For (i), we only consider edges that have at least 2α
ε triangles. In this case, the

random variables Yi (Yi as in Algorithm 2; Yi = 1 if vi and e form a triangle; 0, otherwise) are
i.i.d. Bernoulli random variables taking value 1 with probability at least 2α

ε dege

. Hence, we

have the following using linearity of expectation: E [Y ] = E
[

1
r

∑
i∈[r] Yi

]
= E [Yi] > 2α

ε dege

As Y = 1
r

∑
i Yi, we can upper bound the probability of the algorithm returning 0 for the

edge e, by a multiplicative Chernoff bound (Lemma 7) as follows:

Pr
[
Y ≤ α

εdege

]
≤Pr

[
Y ≤

(
1− 1

2

)
E [Y ]

] (
E [Y ] >

2α

εdege

)
≤ exp

(
−rE [Y ]

12

)
(by multiplicative Chernoff bound)

≤ exp
(
− rα

6degeε

) (
E [Y ] >

2α

εdege

)
≤ δ

(
r = 16εdege

α
log
(

1
δ

))
For (ii), we do not have a lower bound on the probability of success (Yi = 1) in general
and hence we cannot obtain a lower bound on E [Y ]. Now, observe that for the edges that
participate in very few triangles, the probability of finding triangles (i.e., getting Yi = 1) is
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low. However, such light edges can still tolerate a high approximation error to be accepted
(as a light edge). To account for the trade-off between the lower bound on the probability of
Yi = 1 and the upper bound on the approximation factor, we divide the edges participating
in at most α

2ε triangles into
[⌈

log( α
ε )
⌉]

buckets with each bucket being defined as the set
of edges Bk =

{
e| α

2k+1ε
≤ Te < α

2kε

}
. For each of these buckets, observe that when Heavy

is called for an edge belonging to the bucket, we have Pr [Yi = 1] = te
dege

≥ α

2k+1εdege

, and
hence E [Y ] = E [Yi] ≥ α

2k+1εdege

.
On the other hand, we have E [Y ] < α

2kεdege

, and hence,
(
1 + 2k−1)E [Y ] < α

εdege

. Using
these observations, we complete the proof by considering any e in these buckets:

Pr
[
Y ≥ α

εdege

]
≤Pr

[
Y ≥

(
1 + 2k−1)E [Y ]

] ((
1 + 2k−1)E [Y ] <

α

εdege

)
≤ exp

(
−22k−2rE [Y ]

2 + 2k−1

)
(by multiplicative Chernoff bound)

≤ exp
(
−22krE [Y ]

2k+3

)
(k ≥ 1)

≤ exp
(
− rα

16εdege

) (
E [Y ] >

α

2k+1εdege

)
≤ δ

(
r = 16εdege

α
log
(

1
δ

))
◀

Lemma 17 shows that Algorithm 2 can decide whether an edge is heavy or not with
probability at least 1− δ using 16ε dege

α log
( 1

δ

)
iterations; making 2 Degree, 1 Neighbour

and 1 Pair queries in each iteration. For an individual edge, dege can be at most n− 1, and
hence the subroutine might contribute to additional queries for each edge. However, as part
of Algorithm 1, Heavy is called on a set of edges drawn uniformly at random. Hence, in the
following lemma, we bound the expected number of queries made by Heavy when called on
edges that were drawn uniformly at random.

▶ Lemma 18 (Query complexity of Heavy). Heavy(e, α, ε, δ) makes cε log
( 1

δ

)
queries in

expectation on an edge e ∼ Unif (E).

Proof. For edge e, Heavy(e, α, ε, δ) makes
⌈

16εdege

α log
( 1

δ

)⌉
iterations with each iteration

making 4 queries. Hence, the expected number of queries is:

E
e∼Unif(E)

[
4
⌈

16εdege

α
log
(

1
δ

)⌉]
≤64ε

α
log
(

1
δ

)
E

e∼Unif(E)
[dege] + 4

=64ε

α
log
(

1
δ

)
1
m

∑
e∈E

dege + 4

≤64ε

α
log
(

1
δ

)
1
m

2mα + 4 (by Lemma 5)

≤132ε log
(

1
δ

) (
ε log

(
1
δ

)
≥ 1
)
◀

4.4 Finalizing the algorithm
In this section, we combine the algorithms discussed above to obtain our final algorithm.
Our goal is to call Heavy with appropriate parameters instead of HeavyOracle so that the
approximation error due to the heavy triangles not being counted remains small. We also
derive the query complexity of the algorithm including the queries made through Heavy.
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4.4.1 Algorithm with an estimate T̃

Algorithm 3 Triangle Counting Algorithm - with T̃ .

Require: Degree, Neighbour, Pair, and RandomEdge query access to a graph G. Parameters
T̃ , α, ε, m

1: Call Algorithm 1 with parameters T̃ , α, ε/2, and thresholds l = 6, and h = 24. We also
implement the oracle HeavyOracle (e, α, ε) through Heavy

(
e, α, ε/6, 1

mn

)
. ▷

Due to Algorithm 1 being called with parameter ε/2 and the implementation of Heavy
as stated, the threshold parameters are evaluated w.r.t. call to Heavy with parameter
l = 6 and h = 24

▶ Theorem 19 (Performance guarantees of Algorithm 3). Algorithm 3 makes
at most cε−3(mα/T̃ ) log2 n queries in expectation and returns T̂ such that
Pr
[
T̂ ∈ [(1− ε) T, (1 + ε) T ]

]
≥ 1− 1

c log n .

Proof. Algorithm 3 will make the same number of calls to Heavy as did Algorithm 1 to
HeavyOracle. By Theorem 16, Algorithm 3 makes c(1 + h)ε−3(mα/T̃ ) log n queries and
c(1 + h)ε−3 log(n)(mα/T̃ ) calls to Heavy. By Lemma 18, each call to Heavy requires cε log n

queries in expectation. Combining with the fact that we have h = 24, the algorithm requires
(c + cε log n)

(
ε−3(mα/T̃ )c log n

)
≤ cε−3(mα/T̃ ) log2 n queries in expectation.

By Lemma 17, we can use Heavy
(
e, α, ε/6, 1

mn

)
as an implementation of the idealized

HeavyOracle (e, α, ε). This ensures that a 6α
ε -light edge is accepted and a 24α

ε -heavy edge
is rejected with probability at least 1 − 1

mn . By union bound, the algorithm accepts all
6α
ε -light edges and rejects all 24α

ε -heavy edges in S with probability at least 1− 1
n . Hence,

by Corollary 11 and Lemma 14, we have,

E
[
T̂
]

= T
6α
ε

L ∈ [(1− ε/2) T, T ] (7)

By Theorem 16, we have that:

Pr
[
T̂ ∈

[
(1− ε/2) T

6α
ε

L , (1 + ε/2) T
6α
ε

L

]]
≥ 1− 1

c log n
(8)

Combining Equations (7) and (8) and using union bound on the event that all oracle
calls were executed correctly, for large enough n:

Pr
[
T̂ ∈ [(1− ε) T, (1 + ε) T ]

]
≥ 1− 1

c log n
◀

4.4.2 Getting rid of the assumption on T̃

In this section, we describe the steps to obtain Theorem 22 from Theorem 19. First, we
remove the assumption on the knowledge of T̃ for Algorithm 3. To achieve that, we search
for an appropriate choice of T̃ starting from t̄ = n3 and halving it each time we fail to find a
T̃ satisfying the assumption that T̃ ≤ 2T . We must also bound the probability of t̄ deviating
significantly below T . To ensure that, for each value of t̄, we run Algorithm 3 using values of
T̃ as n3, n3/2, ..., t̄.

First we bound the probability that the Algorithm 4 terminates at a choice of T̃ that
does not satisfy the assumption that T̃ ≤ 2T .
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Algorithm 4 Triangle Counting Algorithm.

Require: Degree, Neighbour, Pair, and RandomEdge query access to a graph G. Parameters
α, ε, m

1: for t̄ in
[
n3, n3/2, ..., 1

]
do

2: for T̃ in
[
n3, n3/2, ..., t̄

]
do

3: for i ∈ [2 log (c log(n))] do
4: Xi ← Solution to Algorithm 3 with parameters T̃ , α, ε

5: X ← mini Xi

6: if X ≥ T̃ then
7: return X

▶ Lemma 20 (Termination bound of Algorithm 4). When T̃ > 2T , the algorithm terminates
with probability at most 1

c log2 n
.

Proof. By Lemma 14, we have from Markov’s inequality:

Pr
[
T̂ > 2T

]
≤

E
[
T̂
]

2T
≤ 1

2

Now, we have Pr
[
X ≥ T̃

]
≤ Pr

[
∩iXi ≥ T̃

]
≤ 1

c log2 n
◀

▶ Lemma 21 (Lower bound of t̄ for Algorithm 4). The algorithm reaches a value of t̄ ≤ T/2k

(k ≥ 1) with probability at most 1
(c log n)k .

Proof. For every such value of t̄, we have a T̃ in Line 2 of Algorithm 4 such that T̃ ≤ T/2.
By Theorem 19, the algorithm returns an estimate Xi ≥ T/2 ≥ T̃ with probability at
least 1 − 1

c log n . Taking a union bound over possible values of i ∈ [2 log (c log n)], we have
Algorithm 4 returning an X such that X ≥ T/2 ≥ T̃ with probability at least 1− 1

c log n , and
the algorithm terminates.

Hence, to get to a t̄ ≤ T
2k , Algorithm 4 must have failed to terminate for all previous

values of t̄, which happens with probability at most 1
(c log n)k . ◀

Finally we combine Lemmas 20 and 21 to obtain the following theorem quantifying
the estimation guarantees and query complexity of Algorithm 4. The following theorem
formalizes the Theorem 2 of Section 1.1.

▶ Theorem 22 (Upper bound - Formal). There exists an algorithm that makes Õ
(

mα log 1
δ

ε3T

)
queries in expectation, and returns X ∈ [(1− ε) T, (1 + ε) T ] with probability at least 1− δ.

Proof. The algorithm runs through at most log2 n values of T̃ such that T̃ > 2T . By
Lemma 20, the algorithm terminates in each such case with probability at most 1/c log2 n.
For each value of t̄ ≤ 2T , by Theorem 19, the algorithm returns a wrong value with probability
at most 1/c log n. There are at most 3 log n such values of t̄. Taking an union bound and
fixing the constant c appropriately, the algorithm returns a correct output with probability
at least 5/6.

For each t̄ in Line 1 of Algorithm 4, by Theorem 19, the algorithm makes Õ
(
(mα/ε3t̄)

)
queries. Hence, till t̄ ≤ T/2, the algorithm makes Õ

(
(mα/ε3T )

)
queries. Additionally, by

Lemma 21, the queries beyond t̄ ≤ T can be bounded as:∑
i∈log(n)

1
(c log n)k

· 2k · Õ
(mα

ε3T

)
= Õ

(mα

ε3T

)
By the well-known median trick [19], the median of O

(
log 1

δ

)
independent runs of Algorithm 4

establishes the result. ◀
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5 Lower bound

In this section, we prove a lower bound that accounts for ε, δ, and the arboricity α of the
graph by extending the ideas proposed in [8]. Our lower bound almost matches our proposed
upper bound stated in Theorem 22. We first state the problem Popcount Thresholding Problem
(referred to as PTP) in the query framework:

▶ Definition 23 (PTPM,k,γ). Given a string x ∈ {0, 1}M , the problem PTPM,k,γ is to distin-
guish whether x is generated by i.i.d. samples from D0 or D1 defined as follows:

D0 : For all i ∈ [M ], xi is set to 1 with probability (1− 2γ) k
M , and set to 0, otherwise.

D1 : For all i ∈ [M ], xi is set to 1 with probability (1 + 2γ) k
M , and set to 0, otherwise.

The problem is to decide if x is generated from D0 or D1 by querying x at any of its M bits.

We state the following lemma [8] quantifying the query complexity of PTPM,k,γ .

▶ Lemma 24 (PTP Query Lower Bound [8]). For any γ ∈ (0, 1/4), δ ∈ (0, 1/100), and integers
M ≥ 1, log(1/δ) · 12/γ2 ≤ k ≤M/6, Rδ (PTPM,k,γ) ≥ M log(1/4δ)

24γ2k where Rδ (PTPM,k,γ) is the
randomized query complexity to decide PTPM,k,γ problem with probability at least 1− δ.

We also state the following lemma, establishing bounds on the ℓ1-norm of x, which was
partially proved in [8].

▶ Lemma 25. In PTPM,k,γ, for any γ ∈ (0, 1/4), δ ∈ (0, 1/100), and integers M ≥ 1,
log(1/δ) · 12/γ2 ≤ k ≤M/6, let ∥x∥1 denote the number of 1’s in the string x, then:

(i) Pr [∥x∥1 > (1− γ) · k |x ∼ D0] ≤ δ;
(ii) Pr [∥x∥1 < (1 + γ) · k |x ∼ D1] ≤ δ;
(iii) Pr [∥x∥1 < (1− 4γ) · k] ≤ δ;

In [8], (i) and (ii) have been shown using Chernoff bound. (iii) can also be shown by
using Chernoff bound. We combine two results to obtain the result. First we state the lemma
due to [8]:

▶ Lemma 26 ([8]). In PTPM,k,γ, for any γ ∈ (0, 1/4), δ ∈ (0, 1/100), and integers M ≥ 1,
log(1/δ) · 12/γ2 ≤ k ≤M/6,

(i) Pr [∥x∥1 > (1− γ) · k | x ∼ D0] ≤ δ;
(ii) Pr [∥x∥1 < (1 + γ) · k | x ∼ D1] ≤ δ

where ∥x∥1 denotes the number of 1’s in the string x.

We introduce another lemma to lower bound the ℓ1 norm of x for D0.

▶ Lemma 27. In PTPM,k,γ, for any γ ∈ (0, 1/4), δ ∈ (0, 1/100), and integers M ≥ 1,
log(1/δ) · 12/γ2 ≤ k ≤M/6, Pr [∥x∥1 < (1− 4γ) · k | x ∼ D0] ≤ δ

Proof. By definition of D0 and linearity of expectations, we have:

E [∥x∥1] =
∑

i∈[M ]

E [xi] = (1− 2γ) k
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Now, given the independence of each xi, we can use Chernoff bound (Lemma 7) to obtain:

Pr [∥x∥1 < (1− 4γ) k]

= Pr
[
∥x∥1 − E [∥x∥1] >

2γ

1− 2γ
E [∥x∥1]

]
≤ exp

(
−

4γ2 E [∥x∥1]
3 (1− 2γ)2

)
(by Chernoff bound)

≤ exp
(
−48γ2 log (1/δ)

3γ2 (1− 2γ)

)
(E [∥x∥1] = (1− 2γ) k, k ≥ log(1/δ) · 12/γ2)

≤δ (γ < 1/4) ◀

Combining Lemma 26 and 27, we obtain the desired result.

R, α

A, M
αB, M

α

A′, M
αB′, M

α

(b, r), ∀b ∈ B, r ∈ R (a, r), ∀a ∈ A, r ∈ R

(
ai, a′

i+j

)
, if xi,j = 0

(
bi, b′

i+j

)
, if xi,j = 0

(ai, bi+j), if xi,j = 1

(
a′

i, b′
i+j

)
, if xi,j = 1

Figure 1 Lower Bound Graph Construction.

The following theorem formalizes the Theorem 3 of Section 1.1.

▶ Theorem 28 (Lower bound - Formal). Any algorithm that solves triangle estimation problem
with ε ≤ 1

8 using Degree, Neighbour, Pair and RandomEdge for any graph with m edges, T

triangles, and arboricity α such that T = Ω
(

α log(1/δ)
ε2

)
requires Ω

(
mα log(1/δ)

ε2T

)
queries.

Proof. We want to show that given a graph G, it takes Ω
(

mα log(1/δ)
ε2T

)
queries to obtain an

estimate T̃ such that T̃ ∈ (1± ε)T with probability at least 1− δ. For a contradiction, let us
assume that there exists an algorithm AT that, for some arboricity α, computes an estimate
T̃ such that T̃ ∈ (1± ε)T with probability at least 1− δ using o

(
mα log(1/δ)

ε2T

)
queries.

To show the contradiction, we design an algorithm that solves PTPM,k,γ in less than
M log(1/4δ)

24γ2k queries using AT . Given an instance of x generated from PTPM,k,γ , we consider a
graph Gx = (Vx, Ex) defined as:

The vertex set Vx. The vertex set Vx consists of 5 sets of disjoint and independent set of
vertices A, A′, B, B′, and R, with |A| = |A′| = |B| = |B′| = M/α, and |R| = α. Vertices of
A, A′, B and B′ will be named as a, a′, b and b′, respectively.
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The edge set Ex. There exists an edge between every vertex in A ∪B to every vertex in
R. Observe that this makes sure that the arboricity of Gx is at least the average degree of
the subgraph induced by A ∪B ∪R, i.e., Ω (α). If a bit of x is 1 (resp. 0), there will be an
edge from a vertex in A (resp. A) to a vertex in B (resp. A′), and an edge from a vertex in
A′ (resp. B) to a vertex in B′ (resp. B′).

We index the problem instance x of length M as
[

M
α

]
× [α], denoting x(i−1)×α+j as xi,j ,

where i ∈
[

M
α

]
and j ∈ [α]. We add an edge

(
ai, a′

i+j

)
, and an edge

(
bi, b′

i+j

)
if xi,j = 0.

We add an edge (ai, bi+j), and an edge
(
a′

i, b′
i+j

)
if xi,j = 1. All (i + j) additions here are

modulo
[

M
α

]
.

Consider the orientation of edges such that all edges from R is oriented outwards, and
other edges are oriented arbitrarily. This gives a DAG with the out-degree of each edge being
bounded by 2α. As a DAG with out-degree at most α ensures that the arboricity of the
graph Gx is at most α[28, 47, 21], the graph has arboricity at most 2α. Hence, the arboricity
of Gx is Θ(α), as we have already shown it to be Ω(α).

From the construction, observe that the number of edges between A and B is ∥x∥1.
Moreover, each edge between A and B adds α triangles. Hence, the number of triangles in
Gx is exactly ∥x∥1 α. Also note that we have added 2M edges between A ∪B and R, and
further 2M edges (in the subgraph induced by Vx \ S) according to the entries of x, 2 for
each bit xi. Hence, we have m = 4M , and we fix ε = γ.

We now describe APTP
T an algorithm that uses AT to solve PTPM,k,γ using less than

M log(1/4δ)
24γ2k queries. Given a string x, we generate Gx and estimate the number of triangles T̂

by calling AT using m log(1/4δ)
200ε2k = M log(1/4δ)

50γ2k queries. If T̂ <
(
1− γ2) kα, it outputs x ∼ D0;

otherwise, it outputs x ∼ D1. Also, observe that by Lemma 25, we have T = α ∥x∥1 ≥
α(1− 4γ)k ≥ αk

2 with probability at least 1− δ, where the last inequality follows from the
fact that γ = ε ≤ 1

4 . Lemma 25 is applicable due to the fact that T = Ω
(

α log(1/δ)
ε2

)
. Hence,

we have m log(1/4δ)
200ε2k ≥ mα log(1/4δ)

200ε2T . Thus, AT is allowed to make o
(

mα log(1/δ)
ε2T

)
queries under

the given query bound.
By Lemma 25, to distinguish between whether x is generated from D0 or D1 with

probability at least 1 − δ, it suffices to show that we can use AT to distinguish between
the instance where ∥x∥1 > (1 + γ) k and the instance where ∥x∥1 < (1− γ) k instance with
probability at least 1− δ

2 . We now show that APTP
T outputs D1 with probability at least 1− δ

2
given ∥x∥1 > (1 + γ) k, and outputs D0 with probability at least 1− δ

2 given ∥x∥1 < (1− γ) k.
We consider the two cases separately:

Case I: (∥x∥1 > (1 + γ) k). Our construction ensures that the number of triangles in
Gx is T = ∥x∥1 α > (1 + γ) kα = (1 + ε) kα. Additionally, by our assumption on AT , it
outputs an estimate T̂ ≥ (1− ε)T with probability 1− δ

2 . Thus, we have T̃ ≥
(
1− ε2) kα

with probability at least 1− δ
2 .

Case II: (∥x∥1 < (1 − γ) k). Our construction ensures that the number of triangles in
Gx is T = ∥x∥1 α < (1− γ) kα = (1− ε) kα. Additionally, by our assumption on AT , it
outputs an estimate T̂ ≤ (1 + ε)T with probability 1− δ

2 . Thus, we have T̃ ≤
(
1− ε2) kα

with probability at least 1− δ
2 .

Now we state how to simulate the required queries used by the algorithm:
Degree(v): For a vertex v ∈ A ∪B ∪A′ ∪B′, return α, and for a vertex v ∈ R, return
2M
α . Hence, for Degree queries, no queries are made to the string.

Neighbour(v, i): For a vertex v ∈ A∪B∪A′∪B′, w.l.o.g assume v to be aj ∈ A. Return
a′

i+j if xi,j = 0, and bi+j otherwise. For a vertex v ∈ R, if i ≤ m
α , return ai, else return

bi− m
α

. Hence, for Neighbour queries, a single query is made to the string.
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Pair(u, v): Given a vertex pair (v, u), there can be 3 cases: (a) If the vertex v ∈ A ∪B,
w.l.o.g assume v to be ai ∈ A, if u ∈ R, return 1, else if u = bj ∈ B and xi,j−i = 1,
return 1, else if u = a′

j ∈ A′ and xi,j−i = 0, return 1, else return 0. (b) If a vertex
v ∈ A′ ∪B′, w.l.o.g assume the v to be a′

i ∈ A′, if u = aj ∈ A, return 1 if xj,i−j = 0, else
if u = b′

j ∈ B′, return 1 if xj,i−j = 1, else return 0. If v ∈ R, return 1 if u ∈ A ∪B, else
return 0. (c) If a vertex v ∈ R, return 1 if u ∈ A∪B, return 0 otherwise. Hence, for Pair
queries, a single query is made to the string.
RandomEdge: Sample a vertex v with probability degv

4M . Choose i ∈ deg(v) uniformly at
random, query u = Neighbour(v, i) and return (v, u). Hence, for RandomEdge queries, a
single query is made to the string for the Neighbour query. ◀

The following corollary is a direct implication from Theorem 28 due to the fact that we
consider a weaker model (without access to RandomEdge queries) compared to Theorem 28.

▶ Corollary 29 (Lower Bound for Local Queries). Any algorithm that solves triangle estimation
problem with ε ≤ 1

4 using Degree, Neighbour, and Pair requires Ω
(

mα log(1/δ)
ε2T

)
queries.

6 Conclusion

In this paper, we present an almost optimal algorithm for triangle counting in graphs of
bounded arboricity, assuming access to both local queries and RandomEdge queries. In
particular, the query complexity of our algorithm is O(mα/T ).3 Extending our result to
clique counting remains an interesting open question. Eden et al. [28] showed that the
number of k-cliques can be estimated using O

(
n/T

1/k
k + mk/2/Tk

)
local queries, where Tk

denotes the number of k-cliques in the graph. When RandomEdge queries are also available,
Assadi et al. [7] established a bound of O

(
mk/2/Tk

)
. For graphs with arboricity bounded by

α, Eden et al. [28] showed that O
(

n/T
1/k
k + mαk−2/Tk

)
local queries suffice. We believe

that, when RandomEdge queries are available in addition to local queries, the bound can be
improved to O

(
mαk−2/Tk

)
. However, establishing the complexity of clique counting (when

RandomEdge is available along with local queries) remains an open question. A similar open
question was posed in the streaming model by Bera and Seshadri [13].
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