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Abstract
Methods for efficiently estimating Shannon entropy of data streams have impor-
tant applications in learning, data mining, and network anomaly detections (e.g.,
the DDoS attacks). For nonnegative data streams, the method of Compressed
Counting (CC) [11, 13] based on maximally-skewed stable random projections
can provide accurate estimates of the Shannon entropy using small storage. How-
ever, CC is no longer applicable when entries of data streams can be below zero,
which is a common scenario when comparing two streams. In this paper, we
propose an algorithm for entropy estimation in general data streams which allow
negative entries. In our method, the Shannon entropy is approximated by the fi-
nite difference of two correlated frequency moments estimated from correlated
samples of symmetric stable random variables. Interestingly, the estimator for the
moment we recommend for entropy estimation barely has bounded variance itself,
whereas the common geometric mean estimator (which has bounded higher-order
moments) is not sufficient for entropy estimation. Our experiments confirm that
this method is able to well approximate the Shannon entropy using small storage.

1 Introduction
Computing the Shannon entropy in massive data have important applications in neural compu-
tation [17], graph estimation [5], query logs analysis in Web search [14], network anomaly de-
tection [21], etc. (See NIPS2003 workshop on entropy estimation www.menem.com/˜ilya/
pages/NIPS03). In modern applications, as massive datasets are often generated in a streaming
fashion, entropy estimation in data streams has become a challenging and interesting problem.

1.1 Data Streams
Massive data generated in a streaming fashion are difficult to transmit and store [15], as the pro-
cessing is often done on the fly in one-pass of the data. The problem of “scaling up for high
dimensional data and high speed data streams” is among the “ten challenging problems in data min-
ing research” [20]. Mining data streams at petabyte scale has become an important research area [1],
as network data can easily reach that scale [20].

In the standard turnstile model [15], a data stream is a vector At of length D, where D = 264 or
even D = 2128 is possible in network applications, e.g., (a pair of) IP addresses + port numbers. At
time t, there is an input stream at = (it, It), it ∈ [1, D] which updates At by a linear rule:

At[it] = At−1[it] + It. (1)

where It is the increment/decrement of package size at t. For network traffic, normally At[i] ≥ 0,
which is called the strict turnstile model and suffices for describing certain natural phenomena. On
the other hand, the general turnstile model (which allows At[i] < 0) is often used for comparing
two streams, e.g., in network OD (origin-destination) flow analysis [21].

An important task is to compute the α-th frequency moment F(α) and the Shannon entropy H:

F(α) =
D∑

i=1

|At[i]|α, H = −
D∑

i=1

|At[i]|
F1

log
|At[i]|

F1
, (2)

The exact computation of these summary statistics is not feasible because to do so one has to store
the entire vector At of length D, as the entries are time-varying. Also, many applications (such as
anomaly detections of network traffic) require computing the summary statistics in real-time.

1



1.2 Network Measurement, Monitoring, and Anomaly Detection
Network traffic is a typical example of high-rate data streams. Industries are now prepared to move
to 100 Gbits/second or Terabit/second Ethernet. An effective and reliable measurement of network
traffic in real-time is crucial for anomaly detection and network diagnosis; and one such measure-
ment metric is the Shannon entropy [4, 8, 19, 2, 9, 21]. The exact entropy measurement in real-time
on high-speed links is however computationally prohibitive.
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Figure 1: This plot is reproduced from
a DARPA conference [4]. One can view
x-axis as the surrogate for time. Y-axis
is the measured Shannon entropy, which
exhibited a sudden sharp change at the
time when an attack occurred.

The Distributed Denial of Service (DDoS) attack is a rep-
resentative example of network anomalies. A DDoS at-
tack attempts to make computers unavailable to intended
users, either by forcing users to reset the computers or
by exhausting the resources of service-hosting sites. For
example, hackers may maliciously saturate the victim
machines by sending many external communication re-
quests. DDoS attacks typically target sites such as banks,
credit card payment gateways, or military sites. A DDoS
attack normally changes the statistical distribution of net-
work traffic, which could be reliably captured by the ab-
normal variations in the measurements of Shannon en-
tropy [4]. See Figure 1 for an illustration.

Apparently, the entropy measurements do not have to be
“perfect” for detecting attacks. It is however crucial that
the algorithms should be computationally efficient (i.e., real-time and one-pass) at low memory cost,
because the traffic data generating by large high-speed networks are enormous and transient.

1.3 Symmetric Stable Random Projections and Entropy Estimation Using Moments
It turns out that, for 0 < α ≤ 2, one can use stable random projections to compute F(α) efficiently
because the Turnstile model (1) is a linear model and the random projection operation is also linear
(i.e., vector-matrix multiplication) [7]. Conceptually, we multiply the data stream vector At ∈ RD

by a random matrix R ∈ RD×k, resulting in a vector X = At ×R ∈ Rk with entries

xj = [At ×R]j =
D∑

i=1

rijAt[i], j = 1, 2, ..., k

where rij ∼ S(α, 1) is a symmetric α-stable random variable with unit scale [3, 22]: E(erijt) =
e−|t|

α

. The standard normal (or Cauchy) distribution is a special case with α = 2 (or α = 1).

In data stream computations, the matrix R is not materialized. The standard procedure is to
(re)generate entries of R on-demand [7] using pseudo-random numbers [16]. Thus, we only need
to store X ∈ Rk. When a stream element at = (it, It) arrives, one updates the entries of X:

xj ← xj + Itritj , j = 1, 2, ..., k. (3)

By property of stable distributions, the samples xj , j = 1 to k, are also i.i.d. stable

xj =
D∑

i=1

rijAt[i] ∼ S

(
α, F(α) =

D∑

i=1

|At[i]|α
)

(4)

Therefore, the task boils down to estimating the scale parameter from k i.i.d. stable samples.

Because the Shannon entropy is essentially the derivative of the frequency moment at α = 1, the
popular approach is to approximate the Shannon entropy by the Tsallis entropy [18]:

Tα =
1

α− 1

(
1− F(α)

Fα
(1)

)
. (5)

which approaches the Shannon entropy H as α → 1. [21] used a slight variant of (5) but the
difference is not essential.1 In their approach, F(α) and F(1) are first estimated separately from

1[21] used
F(1+∆)−F(1−∆)

2∆
and estimated the two frequency moments independently. The subtle difference

between the finite difference approximations is not essential. It is the correlation that plays the crucial role.
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two independent sets of samples. The estimated moments are then plugged in (5) to estimate the
Shannon entropy H . Immediately, we can see the problem here: the variance of the estimated T(α)

might be proportional to 1
(α−1)2 = 1

∆2 . (Recall var(cX) = c2var(X)).

One question is how to choose α (i.e., ∆). [6] proposed a conservative criterion by choosing α
according to the worst case bias |H − Tα|. One can verify that ∆ = |1 − α| < 10−7 is likely in
[6]. In other words, the required sample size could be O

(
1014

)
. In practice, [21] exploited the bias-

variance tradeoff but they still had to use an excessive number of samples, e.g., 106. In comparison,
using our proposed approach, it appears that 100 ∼ 1000 samples might be sufficient.

1.4 Our Proposal
We have made two key contributions. Firstly, instead of estimating F(α) and F(1) separately using
two independent sets of samples, we make them highly positively correlated. Intuitively, if the two
consistent estimators, denoted by F̂(α) and F̂(1) respectively, are highly positively correlated, then

possibly their ratio F̂(α)

F̂ α
(1)

can be close to 1 with small variance. Ideally, if V ar

(
F̂(α)

F̂ α
(1)

)
= O

(
∆2

)
, the

variance of the estimated Tsallis entropy T̂α = 1
α−1

(
1− F̂(α)

F̂ α
(1)

)
will be essentially independent of ∆.

It turns out that finding an estimator with V ar

(
F̂(α)

F̂ α
(1)

)
= O

(
∆2

)
was not straightforward. It is known

that around α = 1, the geometric mean estimator [10] is nearly statistically optimal. Interestingly,
our analysis and simulation show that using the geometric mean estimator, we can essentially only

achieve V ar

(
F̂(α)

F̂ α
(1)

)
= O (∆), which, albeit a large improvement, is not small sufficient to cancel

the O
(

1
∆2

)
term. Therefore, our second key component is a new estimator of Tα using a moment

estimator which does not have (or barely has) finite variance. Even though such an estimator is not
good for estimating the single moment compared to the geometric mean, due to the high correlation,

the ratio F̂(α)

F̂ α
(1)

is still very well-behaved and its variance is essentially O
(
∆2

)
, as shown in our

theoretical analysis and experiments.

1.5 Compressed Counting (CC) for Nonnegative Data Streams
The recent work [13] on Compressed Counting (CC) [11] provides an ideal solution to the problem
of entropy estimation in nonnegative data streams. Basically, for nonnegative data streams, i.e.,
At[i] ≥ 0 at all times and all locations, we can compute the first moment easily, because

F(1) =
D∑

i=1

|At[i]| =
D∑

i=1

At[i] =
t∑

s=0

Is (6)

where Is is the increment/decrement at time s. In other words, we just need a single counter to
accumulate all the increments Is. This observation lead to the conjecture that estimating F(α) should
be also easy if α ≈ 1, which consequently lead to the development of Compressed Counting which
used maximally-skewed stable random projections instead of symmetric stable projections. The
most recent work of CC [13] provided a new moment estimator to achieve the variance ∝ O

(
∆2

)
.

Unfortunately, for general data streams where entries can be negative, we have to resort to sym-
metric stable random projections. Fundamentally, the reason that skewed projections work well on
nonnegative data streams is because the data themselves are skewed. However, when we compare
two streams, the data become more or less symmetric and hence we must use symmetric projections.

1.6 Why Comparing the Difference of Two Streams?
In machine learning research and practice, people routinely use the difference between feature vec-
tors. [21] used the difference between data streams from a slightly different motivation.

The goal of [21] is to measure the entropies of all OD pairs (origin-destination) in a network, because
entropy measurements are crucial for detecting anomaly events such as DDoS attacks and network
failures. They argued that the change of entropy of the traffic distribution may be invisible (i.e., too
small to be detected) in the traditional volume matrix even during the time when an attack occurs.
Instead, they proposed to measure the entropy from a number of locations across the network, i.e.,
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by examining the entropy of every OD flow in the network. In a similar argument, a DDoS attack
may be invisible in terms of the traffic volume change, if the attack is launched outside the network.

While [21] successfully demonstrated that measuring the Shannon entropy of OD flows is effective
for detecting anomaly events, at that time they did not have the tools for efficiently estimating the
entropy. Using symmetric stable random projections and independent samples, they needed a large
number of samples (e.g., 106) because their variance blows up at the rate of O

(
1

∆2

)
.

For anomaly detection, reducing the sample size (k) is crucial because k determines the storage
and estimation speed; and it is often required to detect the events at real time. In addition, the
pseudo-random numbers have to be (re)-generated on the fly, at a cost proportional to k.

2 Our Proposed Algorithm
Recall that a data stream is a long vector At[i], i = 1 to D. At time t, an incoming element
at = (it, It) updates one entry: At[it] ← At−1[it] + It. Conceptually, we generate a random
matrix R ∈ RD×k whose entries are sampled from a stable distribution and multiply it with At:
X = At ×R. The matrix multiplication is linear and can be conducted incrementally as the new
stream elements arrive. R is not materialized; its entries are re-generated on demand using pseudo-
random numbers, as the standard practice in data stream computations [7]. Our method does not
require At[i] ≥ 0 and hence it can handle the difference between two streams (e.g., the OD flows).

2.1 The Symmetric Stable Law
Our work utilizes the symmetric stable distribution. We adopt the standard approach [3] to sample
from the stable law S(α, 1) with index α and unit scale. We generate two independent random
variables: w ∼ exp(1) and u ∼ unifom(−π/2, π/2) and feed them to a nonlinear transformation:

Z(α) = g(w, u, α) =
sin(αu)

(cos u)1/α

[cos(u− αu)
w

](1−α)/α

∼ S(α, 1), (7)

to obtain a sample from S(α, 1). An important property is that, for−1 < γ < α, the moment exists:
E|Z|γ = (2/π)Γ(1− γ/α)Γ(γ) sin(γπ/2). For convenience, we define

G(α, γ) = E|g(w, u, α)|γ =
2
π

Γ(1− γ/α)Γ(γ) sin (γπ/2) (8)

2.2 Our Recommended Estimator
Conceptually, we have two matrices of i.i.d. random numbers:

wij ∼ exp(1), uij ∼ uniform(−π/2, π/2), i = 1, 2, ..., D, j = 1, 2, ..., k, (9)

As new stream elements arrive, we incrementally maintain two sets of samples, i.e., for i = 1 to k,

xj =
D∑

i=1

At[i]g(wij , uij , 1), yj =
D∑

i=1

At[i]g(wij , uij , α) (10)

Note that xj and yj are highly correlated because they are generated using the same random numbers
(with different α). However, xi and yj are independent if i 6= j.

Our recommended estimator of the Tsallis entropy Tα is

T̂α,0.5 =
1

α− 1


1−

( √
π

Γ
(
1− 1

2α

)
∑k

j=1

√|yj |∑k
j=1

√|xj |

)2α

 (11)

where α = 1 + ∆ > 1 and the meaning of 0.5 will soon be clear. When ∆ is sufficiently small, the
estimated Tsallis entropy will be sufficiently close to the Shannon entropy. A nice property is that its
variance is free of 1

∆ or 1
∆2 terms. While it is intuitively clear that it is beneficial to make xj and yj

highly correlated for the sake of reducing the variance, it might not be as intuitive why T̂α,0.5 (11)
is a good estimator for the entropy. We will explain why the obvious geometric mean estimator [10]
is not sufficient for entropy estimation.
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3 The Geometric Mean Estimator
For estimating F(α), the geometric mean estimator [10] is close to be statistically optimal (efficiency
≈ 80%) at α ≈ 1. Thus, it was our first attempt to test the following estimator of the Tsallis entropy:

T̂α,gm =
1

α− 1

(
1− F̂(α),gm

F̂α
(1),gm

)
, where F̂(α),gm =

∏k
j=1 |yj |α/k

Gk(α, α/k)
, F̂(1),gm =

∏k
j=1 |xj |1/k

Gk(1, 1/k)
,

where G() is defined in (8). After simplification, we obtain:

T̂α,gm =
1

α− 1


1−

k∏

j=1

[∣∣∣∣
yj

xj

∣∣∣∣
α/k

G(1, 1/k)
G(α, α/k)

]
 . (12)

3.1 Theoretical Analysis

The theoretical analysis of T̂(α),gm, however, turns out to be difficult, as it requires computing

E

[∣∣∣∣
yj

xj

∣∣∣∣
sα/k

]
= E




∣∣∣∣∣
∑D

i=1 At[i]g(wij , uij , α)∑D
i=1 At[i]g(wij , uij , 1)

∣∣∣∣∣

sα/k

 , s = 1, 2, (13)

where g() is defined in (7). We first provide the following Lemma:

Lemma 1 Let w ∼ exp(1) and u ∼ uniform(−π/2, π/2) be two independent variables. Let
α = 1 + ∆ > 1, for small ∆ > 0. Then, for γ > −1,

E

∣∣∣∣
g(w, u, α)

g(w, u, 1)

∣∣∣∣
γ

=1− 0.5772γ∆ + 0.5772γ∆2 − 1.6386γ∆3 + 1.6822γ2∆2 + O
(
γ∆4) + O

(
γ2∆3) ¤ (14)

Note that we need to keep higher order terms in order to prove Lemma 2, to show the properties of
the geometric mean estimator, when D = 1 (i.e., a stream with only one element).

Lemma 2 If D = 1, then

E
(
T̂α,gm

)
=

1
k

π2

2
− 2.0935

∆
k

+ 1.0614∆2 + O
(
∆3

)
+ O

(
∆2

k

)
+ O

(
1
k2

)
(15)

V ar
(
T̂α,gm

)
=

3.3645
k

+ O

(
∆
k

)
+ O

(
1
k2

)
¤ (16)

When D = 1, we know Tα = H = 0. In this case, the geometric mean estimator T̂α,gm is
asymptotically unbiased with variance essentially free of 1

∆ , which is very encouraging.

Will this result in Lemma 2 extend to general D? The answer is no, even for D = 2, i.e.,

yj

xj
=

At[1]g(w1j , u1j , α) + At[2]g(w2j , u2j , α)
At[1]g(w1j , u1j , 1) + At[2]g(w2j , u2j , 1)

Because g() is symmetric, it is possible that the denominator At[1]g(w1j , u1j , 1) +
At[2]g(w2j , u2j , 1) might be very small while the numerator At[1]g(w1j , u1j , α) +
At[2]g(w2j , u2j , α) is not too small. In other words, there will be more variations when
D > 1. In fact, our experiments in Sec. 3.2 and the theoretical analysis of a more general estimator
in Sec. 4 both reveal that the variance of T̂α,gm is essentially O

(
1
∆

)
, which is of course still a

substantial improvement over the previous O
(

1
∆2

)
solution.

3.2 Experiments on the Geometric Mean Estimator (Correlated vs. Independent samples)

We present some experimental results for evaluating T̂α,gm, to demonstrate that (i) using correlation
does substantially reduce variance and hence reduces the required sample size, and (ii) the variance
(or MSE, the mean square error) of T̂α,gm is roughly O

(
1
∆

)
.
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We follow [13] by using static data to evaluate the accuracies of the estimators. The projected vector
X = At ×R is the same at the end of the stream, regardless of whether it is computed at once (i.e.,
static) or incrementally (i.e., dynamic). Following [13], we selected 4 word vectors from a chunk of
Web crawl data. For example, the entries for vector “REVIEW” are the numbers of occurrences of
the word “REVIEW” in each document. We group these 4 vectors into 2 pairs: “THIS-HAVE” and
“DO-REVIEW” and we estimate the Shannon entropies of the two resultant difference vectors.

Figure 2 presents the mean square errors (MSE) of the estimated Shannon entropy, i.e., E(T̂α−H)2,
normalized by the truth (H2). The left panels contain the results using independently sampling
(i.e., the prior work [21]) and the geometric mean estimator. The middle panels contain the results
using correlated sampling (i.e., this paper) and the geometric mean estimator (12). The right panels
multiply the results of the middle panels by ∆ to illustrate that the variance of the geometric mean
estimator for entropy T̂α,gm is essentially O

(
1
∆

)
. See more experiments in Figure 3.
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Figure 2: Two pairs of word vectors were selected. We conducted symmetric random projections
using both independent sampling (left panels, as in [21]) and correlated sampling (middle panels, as
our proposal). The Tsallis entropy (of the difference vector) is estimated using the geometric mean
estimator (12) with three sample sizes k = 10, 100, and 1000. The normalized mean square errors
(MSE: E|T̂α,gm −H|2/H2) verify that correlated sampling reduces the errors substantially.

4 The General Estimator
Since the geometric mean estimator could not satisfactorily solve the entropy estimation problem,
we resort to estimators which behave dramatically different from the geometric mean. Our rec-
ommended estimator T̂α,0.5 as in (11) is a special case (for γ = 0.5) of a more general family of
estimators [12], parameterized by γ ∈ (0, 1):

T̂α,γ =
1

α− 1

(
1− F̂(α),γ

F̂α
(1),γ

)
, F̂(α),γ =

(∑k
j=1 |yj |γ

kG(α, γ)

)α/γ

, F̂(1),γ =

(∑k
j=1 |xj |γ

kG(1, γ)

)1/γ

which, after simplification, becomes

T̂α,γ =
1

α− 1


1−

(∑k
j=1 |yj |γ∑k
j=1 |xj |γ

G(1, γ)
G(α, γ)

)α/γ

 (17)

Recall G(α, γ) is defined in (8), and G(1,0.5)
G(α,0.5) =

√
π

Γ(1− 1
2α ) .

To better understand F̂(α),γ , recall if Z ∼ S(α, 1), then E|Z|γ = G(α, γ) < ∞ if −1 < γ < α.

Therefore,
(∑k

j=1 |yj |γ
kG(α,γ)

)
is an unbiased estimate of F

γ/α
(α) . To recover F(α), we need to apply the

power α/γ operation. Thus, it is clear that, as long as 0 < λ < 1, F̂(α),γ is a consistent estimator of

F(α) and E
(
F̂(α),γ

)
is finite. In particular, the variance of F̂(α),γ is bounded if 0 < γ < 0.5:

E
(
F̂(α),γ

)
= F(α) + O

(
1
k

)
, V ar

(
F̂(α),γ

)
=

F 2
(α)

k

α2

γ2

G(α, 2γ)−G2(α, γ)
G2(α, γ)

+ O

(
1
k2

)
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The variance is unbounded if γ = 0.5 and α = 1, because G(1, 1) = ∞ (Γ(0) = ∞). Interestingly,
when γ → 0 and α = 1, the asymptotic variance reaches the minimum. In fact, when γ → 0, F̂(α),γ

converges to the geometric mean estimator F̂(α),gm. A variant of F̂(α),γ was discussed in [12].

4.1 Theoretical Analysis

Based on Lemma 3 and Lemma 4 (which is a fairly technical proof), we know that the variance of the
general estimator is essentially V ar

(
T̂α,γ

)
= O

(
∆2γ−1

k

)
, for fixed γ ∈ (0, 1/2). In other words,

when γ is close to 0, the variance of the entropy estimator is essentially on the order of O (1/(k∆)),
and while γ is close to 1/2, the variance is essentially O(1/k) as desired.

Lemma 3 For any fixed γ ∈ (0, 1),

V ar
(
T̂α,γ

)
=

1
∆2

O
(
E(|x1|γ − |y1|γ)2

)

k
+ O

(
1
k2

)
¤

Lemma 4 Let 0 < ∆ ≤ 1/2 and α = 1 + ∆. Let γ ∈ (0, 1/2) and m be a positive integer no
smaller than 1/γ. Then, there exists a universal constant M such that

E
(
|x1|γ − |y1|γ

)2

≤ MF 2γ
(1)∆

1+2γ−1/mm2
{

m + H̃2
(2m) + (1− 2γ)−2

}/
(1− 2γ),

where H̃2m =
(∑D

i=1
|At[i]|
F(1)

(
log |At[i]|

F(1)
)2m

)1/(2m)
. ¤

We should clarify that our theoretical analysis is only applicable for fixed γ ∈ (0, 1/2). When
γ = 0.5, the estimator T̂(α),0.5 is still well-behaved, except we are unable to precisely analyze this
case. Also, since we do not compute the exact constant, it is possible that for some carefully chosen
α (data-dependent), T̂(α),γ with γ < 0.5 may exhibit smaller variance than T̂(α),0.5. We recommend
T̂(α),0.5 for convenience because it essentially frees practitioners from carefully choosing α.

4.2 Experimental Results
Figure 3 presents some empirical results, for testing the general estimator T̂α,γ (17), using more
word vector pairs (including the same 2 pairs in Figure 2). We can see that when γ = 0.5, the
(normalized) MSEs become flat (as desired) as ∆ = α− 1 → 0. When γ > 1/2, the MSEs increase
although the curves remain flat. When γ < 1/2, the MSEs blow up with increasing ∆. Note that,
when γ < 1/2, it is possible to achieve smaller MSEs if we carefully choose α.

How many samples (k) are needed? If the goal is to estimate the Shannon entropy within a few
percentages of the the true value, then k = 100 ∼ 1000 should be sufficient, because

√
MSE/H <

0.1 when k ≥ 100 as shown in Figure 3.

5 Conclusion
Entropy estimation is an important task in machine learning, data mining, network measurement,
anomaly detection, neural computations, etc. In modern applications, the data are often generated
in a streaming fashion and many operations on the streams can only be conducted in one-pass of the
data. It has been a challenging problem to estimate the Shannon entropy of data streams.

The prior work [21] achieved some success in entropy estimation using symmetric stable random
projections. However, even after aggressively exploiting the bias-variance tradeoff, they still need
to a large number of samples, e.g., 106, which is prohibitive in both time and space, especially
considering that in streaming applications the pseudo-random numbers have to be re-generated on
the fly, the cost of which is directly proportional to the sample size.

In our approach, we approximate the Shannon entropy using two high correlated estimates of the
frequent comments. The positive correlation can substantially reduce the variance of the Shannon
entropy estimate. However, finding the appropriate estimator of the frequency moment is another
challenging task. We successfully find such an estimator and show that its variance (of the Shannon
entropy estimate) is very small. Experimental results demonstrate that about 100 ∼ 1000 samples
should be sufficient for achieving high accuracies.
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Figure 3: The first two rows are the normalized MSEs for same two vectors used in Figure 2, for
estimating Shannon entropy using the general estimator T̂α,γ with γ = 0.3, 0.4, 0.5, 0.6, 0.7. For
the rest of the rows, the leftmost panels are the results of using independent samples (i.e., the prior
work [21]) and the geometric mean estimator. The second column of panels are the results of using
correlated samples and the geometric mean estimator. The right three columns of panels are for the
proposed general estimator T̂α,γ with γ = 0.3, 0.5, 0.7. We recommend γ = 0.5.
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