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ABSTRACT
At optical wavelengths, blazar Electric Vector Position Angle (EVPA) rotations linked with
gamma-ray activity have been the subject of intense interest and systematic investigation
for over a decade. One difficulty in the interpretation of EVPA rotations is the inherent
180◦ ambiguity in the measurements. It is therefore essential, when studying EVPA rotations,
to ensure that the typical time-interval between successive observations – i.e. the cadence – is
short enough to ensure that the correct modulo 180◦ value is selected. This optimal cadence
depends on the maximum intrinsic EVPA rotation speed in blazars, which is currently not
known. In this paper we address the questions of (i) the upper limit of rotation speeds for
rotations greater than 90◦, (ii) the observation cadence required to detect such rotations, (iii)
whether rapid rotations have been missed in EVPA rotation studies thus far, (iv) what fraction
of data is affected by the ambiguity, and (v) how likely detected rotations are affected by the
ambiguity. We answer these questions with three seasons of optical polarimetric observations
of a statistical sample of blazars sampledweeklywith the RoboPol instrument and an additional
seasonwith daily observations.Wemodel the distribution of EVPAchanges on time scales from
1–3 days and estimate the fraction of changes exceeding 90◦. We show that daily observations
are necessary to measure > 96% of optical EVPA variability in blazars correctly and that
intra-day observations are needed to measure the fastest rotations that have been seen thus far.
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1 INTRODUCTION

Marscher et al. (2008, 2010) reported the first incidents of contem-
poraneous optical Electric Vector Position Angle (EVPA) rotations

★ E-mail: skiehlmann@mail.de

and gamma-ray flares. Blinov et al. (2015, 2018) showed that such
contemporaneous events detected in a statistical sample of sources
cannot all be explained by chance coincidences; at least some if
not all EVPA rotations have to be physically related to gamma-ray
activity and time lags between the two types of events consistent
with zero imply co-spatial emission regions. Such EVPA changes
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of optical polarization could provide a better understanding of the
gamma-ray flaring activity in blazars, through (a) revealing a poten-
tial physical connection between the optical synchrotron radiation
and the high-energy radiation process and (b) elucidating the mag-
netic field structure of the emitting region. Various models have
been proposed to explain EVPA rotations. These include models
attributing EVPA rotations to turbulence (e.g. Jones et al. 1985), or
to geometric effects (e.g. Nalewajko 2010; Lyutikov & Kravchenko
2017; Peirson & Romani 2018). Other models have explored the
multi-frequency EVPA changes with a particular focus on optical
EVPA rotations and gamma-ray flares (e.g. Marscher 2014; Zhang
et al. 2014). Recently Particle-In-Cell (PIC) models based on first-
principle physics have been introduced (Zhang et al. 2018; Hosking
& Sironi 2020). These models can be used to constrain assump-
tions about the magnetic field structure, the jet dynamics, and the
radiative processes.

Systematic tests of these models require a representative set of
reliably measured rotation events, which is not easily obtained. For
example, one of the first optical EVPA rotations reported to coincide
with a gamma-ray flare (Abdo et al. 2010) was poorly sampled and
later shown to be inconsistent with the originally reported 208◦ ro-
tation (Fig. 2 and 3 by Kiehlmann et al. 2016).

In studying EVPA rotations one has to be careful that the posi-
tion angle has not rotated so much between successive observations
as to make the 180◦ ambiguity a problem. The typical time interval
between successive observations – or the cadence1 – is therefore
critical. Clearly, if the change in EVPA between successive obser-
vations is � 90◦ then this will not be a problem. One goal of this
paper is to estimate the probability of EVPA changes to exceed 90◦
as a function of cadence.

The RoboPol project (Pavlidou et al. 2014) monitored a sample
of 62 gamma-ray loud blazars and a control sample of 15 gamma-ray
quiet blazars with an average cadence of 7 days over three seasons in
2013-2015. Results from this program were presented and analysed
by Blinov et al. (2015, 2016a,b, 2018); Kiehlmann et al. (2017). In
2016 a fourth season of RoboPol observations focused on a smaller
sub-sample of sources monitored with faster cadence. These data
enable us to test the effects of the cadence on the analysis of EVPA
rotations and to determine the cadence that is required for such
studies. The distribution of rotation rates – i.e. the position angle
variation per time interval – enables us to determine the cadence
required for accurate determinations of EVPA rotations. Blinov et al.
(2016a) discussed the distribution of rotation rates based on the first
two seasons of RoboPol data. With the addition of the fast-cadence
data of season 4, we are able to extend the distribution to include
significantly faster rotation rates.

This paper is organized as follows. In Section 2 we describe
the data used in the analysis. In Section 3 we model the EVPA
changes and estimate the fraction of data that is affected by the
180◦ ambiguity at different cadences. In Section 4 we test whether
the EVPA follows a random walk process. In Section 5 we compare
EVPA rotations identified in seasons 1–3 with season 4 rotations,
and test the effects of cadence on the results. In Section 6 we discuss
the implications of the effects of cadence and the 180◦ ambiguity
on the analysis and interpretation of EVPA rotations.

1 We use the term cadence to refer to the median time interval between
successive observations of a source. Thus a ten day cadence refers to one
observation every ten days. A faster cadence indicates a shorter time interval
between successive observations and a slower cadence indicates a longer
time interval between successive observations.

Table 1. RoboPol sources used in this publication: RoboPol source name
(col. 1), right ascension (col. 2), declination (col. 3), ‘S4’ marks sources
that were observed during seasons 1–4 (col. 4) other sources were observed
during seasons 1–3 only. The full table is available online.

RoboPol source name RA [h:m:s] Dec [d:m:s] Season

RBPLJ0017+8135 00:17:08 +81:35:08
RBPLJ0045+2127 00:45:19 +21:27:40 S4
RBPLJ0114+1325 01:14:53 +13:25:37 S4
RBPLJ0136+4751 01:36:59 +47:51:29 S4
RBPLJ0211+1051 02:11:13 +10:51:35 S4
. . .

2 DATA

The data analysed in this work were obtained with the RoboPol
instrument (Ramaprakash et al. 2019) at the 1.3 meter telescope
of the Skinakas observatory in Crete, Greece. The complete set of
RoboPol blazar data is described and published by Blinov et al.
(2021, in the following referred to as data release (DR) paper).
We selected the same 77 sources from the samples of main and
control sources presented in the DR paper that were analysed by
Blinov et al. (2018). This sample has been selected on the basis
of stringent, objective and bias-free criteria, described by Pavlidou
et al. (2014). In the following we refer to these sources as the full
sample, which was observed during seasons 1–3 (2013–2015).

From the season 1–3 data we calculated the EVPA rate of
change, i.e. the absolute change of EVPA divided by the time that
elapsed between observations for each pair of successive data points.
For each source we calculated the median of the EVPA rates of
change and selected the 29 main and control sample sources with
the largest median rates. Of those sources, RBPLJ1653+3945 was
excluded because of calibration problems. In the fourth RoboPol
season (2016) the resulting sub-sample of 28 sources was observed
at a faster cadence to determine how a faster cadence would impact
the results.

In the followingwe refer to the above 28 sources as the season 4
sample. While the full sample is statistically complete (Pavlidou
et al. 2014), the season 4 sample is biased towards rapid changes of
the EVPA due to the selection criteria. Table 1 lists the full sample
of RoboPol sources considered in the analysis and indicates the
season 4 sub-sample (‘S4’ in the last column). We do not make use
of the distinction between main and control sample sources, as the
gamma-ray nature of the source is irrelevant to our study here.

Figure 1 shows the Empirical Cumulative Distribution Func-
tions (ECDFs) of the cadence atwhich sourceswere observed during
seasons 1–3 and season 4. On average the cadence is about 7 times
faster for season 4. In the following we test how the faster cadence
affects the identification of EVPA rotations in season 4.

3 CADENCE AND THE 180 DEGREE AMBIGUITY

The EVPA, 𝜒, is measured in an interval of 180◦. The total amount
of change2 between two measurements is not uniquely established,
because the change may have been the measured difference, Δ𝜒,

2 We use the term EVPA change, when we refer to a difference of the
EVPA between two measurements. We do not use the term rotation to
avoid confusion with its common use for rotation events, where the EVPA
gradually and smoothly changes in the same direction for a period of time
sampled with multiple data points.

MNRAS 000, 1–14 (2021)
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Figure 1. Empirical Cumulative Distribution Function (ECDF) of the ca-
dence of observations over all sources in different seasons: The full sample
seasons 1–3 data (purple, dashed) compared with the season 4 data (orange,
solid). The cadence in season 4was 1 day, themedian cadence in seasons 1–3
was 7 days.
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Figure 2. Sketch illustrating adjusted (filled circles) and wrapped (open
circle) EVPA changes between consecutive and non-consecutive data pairs.

plus an unknowable integer multiple of 180◦. This is the so-called
180◦ ambiguity or 𝑛𝜋 ambiguity. In this section we estimate the
extent to which the measured data are affected by the 180◦ ambigu-
ity. We start with the introduction of three terms, the intrinsic, the
adjusted, and the wrapped EVPA change.

At any two moments in time, 𝑡1, 𝑡2, we can measure the EVPA,
𝜒1, 𝜒2. The measured change of the EVPA, Δ𝜒meas = 𝜒2 − 𝜒1
is ambiguous, because every change of Δ𝜒intr = Δ𝜒meas ± 𝑛 ×
180◦ results in the same measurement, with 𝑛 ∈ N0, the set of
positive integers. Here, Δ𝜒intr is the intrinsic change, i.e. the actual
amount by which the EVPA changed. Strictly speaking the intrinsic
change cannot be determined with certainty from the measurements
without continuous EVPA observations, due to the 180◦ ambiguity.
However provided the change in intrinsic EVPA between successive
observations is � 90◦, we can determine the change in intrinsic
EVPA between successive, discontinuous observations.

The adjusted EVPA change, Δ𝜒adj, aims at reproducing the in-
trinsic EVPA progression. This is commonly used in the literature
(e.g. Kiehlmann et al. 2017; Cohen et al. 2018; MAGIC Collabo-
ration et al. 2018). We assume that the EVPA changed minimally
between successive measurements; an alternative assumption is dis-
cussed in Section 5.1. Under this assumption we pick the EVPA
changewith the smallest absolute value in the (−90◦, +90◦]-interval
for consecutive data points. As such, each data point, 𝜒𝑖 , is adjusted

relative to its preceding data point, 𝜒 𝑗 = 𝜒𝑖−1, as follows, where
round() denotes rounding to the nearest integer:

𝜒𝑖,adj = 𝜒𝑖 − 𝑛 × 180◦ with 𝑛 = round
( 𝜒𝑖 − 𝜒 𝑗

180◦
)

(1)

In Fig. 2 the black dots illustrate an adjusted EVPA curve,
where the first pair changed by 60◦, the second by 50◦, which
results in an adjusted change of 110◦ between the first and third
data point. Adjusted EVPA changes between consecutive data points
are always in the interval (−90◦, +90◦]; for non-consecutive data
pairs the adjusted change can exceed this interval in both directions.
Whether an adjusted EVPA curve correctly represents the intrinsic
EVPA progression, depends on the cadence. Without any known
physical constraints on how fast the EVPA can rotate in blazars, we
cannot know a priori what cadence is required to reconstruct the
intrinsic behaviour correctly from the data.

We introduce the wrapped EVPA change, Δ𝜒wrap, as a concise
way of expressing EVPA changes on all time-scales. For any data
pair, 𝜒𝑖 , 𝜒 𝑗 – whether consecutive or not – we shift, 𝜒𝑖 according to
Eq. (1), before we calculate the difference between the two values to
obtain thewrappedEVPAchange. Thewrapped change between any
two measurements is in the interval (−90◦, +90◦]. For consecutive
data points the wrapped change equals the adjusted one. For non-
consecutive data points the wrapped change is the value that would
be measured as the adjusted change if no other measurements were
taken in-between. For non-consecutive data points the wrapped and
adjusted change may differ, as illustrated in Fig. 2 for the first and
third data point. The wrapped change is defined between individual
data pairs and cannot be used to construct an EVPA curve with
multiple data points. It is not aimed at reconstructing the intrinsic
EVPA progression. Instead, we will use the wrapped EVPA changes
to model the distribution of intrinsic EVPA changes on a statistical
basis.

With these definitions of EVPA changes, we may now describe
our statistical treatment of the data. For each source we consider
the EVPA measurements as a function of time and construct its
adjusted EVPA curve. For each measurement at time 𝑡𝑖 we calculate
the adjusted and wrapped EVPA change with all points at times
𝑡 𝑗 , 𝑗 > 𝑖. The time interval 𝑡 𝑗 − 𝑡𝑖 is registered, and we refer to
it as separation.3 Like any angle difference, the EVPA changes are
signed, and can take both positive and negative values. However, the
sign is not of relevance to our investigation here. By construction,
thewrapped change does not contain information about the direction
of the intrinsic EVPA change and the adjusted EVPA changes are
as likely to be positive as to be negative. We therefore only use
absolute values for the adjusted and wrapped EVPA changes.

In the following we propose a model for the distribution of
wrapped EVPA changes that enables us to model the distribution
of intrinsic EVPA changes. We will then compare the inferred dis-
tribution of intrinsic EVPA changes to the measured distribution of
adjusted EVPA changes to test how reliable the method of adjusting
the EVPA curve is in reconstructing the intrinsic EVPA progression
for various separations.

MNRAS 000, 1–14 (2021)
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Figure 3. Normalized histogram of the adjusted EVPA changes for different
time separations as stated in the legend, ±0.5 days.

3.1 Model description

The Probability Density Function (PDF) of adjusted EVPA changes
measured for various time separations resembles that of a log-
normal distribution, where the mean of variable’s natural logarithm
depends on the time separation (Fig. 3). However, in particular for
longer separations we expect that the distribution is biased due to the
180◦ ambiguity and we aim to reconstruct the distribution of intrin-
sic EVPA changes in the following. Motivated by this observation,
wemodel the distribution of intrinsic EVPAchanges as a log-normal
distribution, PDFintr (Δ𝜒intr; `, 𝜎) = LN(Δ𝜒intr; `, 𝜎), where the
natural logarithm of the variable has the mean, `, and standard
deviation, 𝜎. The absolute intrinsic EVPA changes can take any
values larger than zero. Intrinsic EVPA changes exceeding 90◦ are
wrapped back into the [0◦, 90◦]-intervalwhenmeasured aswrapped
EVPA changes. In Appendix A we show that if the PDF of intrinsic
changes is log-normal, the wrapped changes can be described by
a modified log-normal distribution, PDFwrap (Δ𝜒wrap; `, 𝜎), with
parameters ` and 𝜎 derived in the appendix. Through fitting the
measured distribution of wrapped EVPA changes, we can infer the
parameters `, 𝜎 of the distribution of intrinsic EVPA changes.

The best-fit values for parameter, `, depend on the separation,
Δ𝑡 (c.f. Appendix A). We choose `(Δ𝑡) = 𝛽0 + 𝛽1 log(Δ𝑡), where
𝛽0, 𝛽1 are free model parameters. We find that the standard devi-
ation, 𝜎, is independent of the separation and include it as free
parameter in the model. We implement the model in pystan4, a
python interface to the Bayesian modelling language Stan5. We
use diffuse priors for the model parameters 𝛽0, 𝛽1, 𝜎.

For fitting the model to the measured wrapped EVPA changes
we consider all data pairs – consecutive and non-consecutive –
from the full sample up to a separation of 30 days, giving a total
of 19 585 wrapped EVPA changes. The inferred parameters with
1𝜎-credible intervals are: 𝛽0 = 2.43 ± 0.03, 𝛽1 = 0.28 ± 0.01,
𝜎 = 1.04 ± 0.01. Examples of comparisons between the wrapped
model and data for different separations are shown in Appendix A.

3 We use the term separation to distinguish it from the cadence. Note that
for a particular source in a particular season the cadence is fixed but the
separation ranges from the time between the closest two observations to the
most widely separated two observations.
4 https://pystan.readthedocs.io/
5 https://mc-stan.org/

This model allows us to estimate the expected variability of the
EVPA on different time scales in a sample of blazars. We note that
this model is only informed by data with separations from 1–30 days
and the extrapolation towards shorter or longer time scales may not
be applicable. In the following we use the model to estimate the
amount by which the adjusted EVPA curves fail to reproduce the
intrinsic EVPA changes.

3.2 Comparison of intrinsic and adjusted EVPA changes

Figure 4 shows various percentiles of the distribution of adjusted
EVPA changes for different separations in comparison to the expec-
tation of the intrinsic distribution estimated from the model fit to the
wrapped EVPA changes. In the upper panel we show the measured
distributions of adjusted EVPA changes for different separations.
As can be seen there, on all separations > 1 day we find examples
of EVPA changes exceeding 90◦. The adjusted EVPA changes gen-
erally increase towards larger separations. Therefore, the fraction
of EVPA changes that exceed 90◦ increases as well, as is shown in
the bottom panel. We note that we are only able to measure EVPA
changes > 90◦ in the adjusted EVPA when we have more than two
data points.

The 25-percentile and the median of the adjusted EVPA
changes and the model of the intrinsic changes are in good agree-
ment over all tested separations. This shows that the lower half of
adjusted EVPA changes is not strongly affected by the 180◦ am-
biguity and that smaller adjusted changes reliably reproduce the
intrinsic EVPA changes. The 75-percentile of the model distribu-
tion suggests that the intrinsic distribution of EVPA changes has
a more extended tail at high values than we find in the adjusted
data. Consequently we find that the measured fraction of adjusted
EVPA changes exceeding > 90◦ is smaller than expected from the
intrinsic distributionmodel (bottom panel). This discrepancy can be
explained by the fact that we cannot measure EVPA changes larger
than > 90◦ between consecutive data points. EVPA changes larger
than > 90◦ are incorrectly measured and appear as EVPA changes
smaller than 90◦, and this biases the distribution of adjusted EVPA
changes towards smaller values.

Two main conclusions can be drawn from Fig. 4. First, on all
separations longer than 1 day we find EVPA changes exceeding
> 90◦ (upper panel). Second, on all separations the discrepancy
between the expected and the measured fraction of EVPA changes
exceeding 90◦ shows that a fraction of our data is affected by the
180◦ ambiguity and therefore that some of the adjustedEVPAcurves
do not correctly represent the intrinsic variability. We observe that
the discrepancy (i.e. the difference between the red dashed line and
the data in the lower panel of Fig. 4) first increases with increas-
ing separation and then decreases towards a separation of about
20 days, above which the discrepancy appears to remain relatively
stable. Most of the data (seasons 1–3) were sampled with an average
cadence of 7 days, which means that typically only two data points
are available on the time scale of 7 days to estimate the changes.With
only two data points we are not able to detect any intrinsic EVPA
changes > 90◦. The EVPA changes exceeding 90◦ that we find on
this timescale arise either from a (rare) faster cadence in seasons 1–
3 or from the season 4 data, when more than two data points are
available. Therefore, at time separations of 7 days the data is mostly
sampling-limited. Because the season 1–3 observations dominate
on the separation of about 7 days, here, the discrepancy between
expectation and observation is largest. Towards shorter separations,
two effects reduce the discrepancy. First, the EVPA changes de-
crease towards shorter separations (Fig. 4, upper panel). Therefore,

MNRAS 000, 1–14 (2021)
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Figure 4. Top panel: The boxplots show the distributions of adjusted EVPA changes, Δ𝜒adj, at different separations. Boxes correspond to the 25- and
75-percentile, yellow bars to the median, and lower and upper bars to the minimum and maximum values. The time-scale bins are chosen adaptively such
that each box is based on 600 data points. The red, dotted line marks the median of the model distribution, Δ𝜒modelintr . The grey region highlights the 25- to
75-percentile region of the model distribution.The horizontal, dashed line highlights 90◦. Bottom panel: Fraction of EVPA changes that exceed 90◦. Black dots
represent real measurements from the adjusted EVPA changes. The red, dotted line shows the model expectation.

the fraction of data exceeding 90◦ decreases. Second, these sepa-
rations are mostly from the season 4 observations, which had an
average cadence of one day. Therefore, the EVPA changes on the
shortest separations (. 7 days) are better sampled than larger sep-
arations. On longer separations (& 7 days) the discrepancy is also
gradually reduced due to the combination of two effects. First, the
EVPA changes do not increase linearly with the separation as seen
in the upper panel of Fig. 4. Second, on longer separations we have
multiple data points to sample the EVPA changes, e.g. on 14 days
separation typically three data points sample the EVPA changes,
which allows us to detect at least some of the EVPA changes ex-
ceeding 90◦. However, this does not imply that an EVPA curve is
more accurate on longer separations than on shorter separations:
this is only the case for the subset of events for which all EVPA
changes sampled by consecutive measurements were smaller than
90◦. In contrast, if the adjustment of EVPA data fails on short sepa-
rations, the adjusted curve will not represent the intrinsic behaviour
correctly on longer separations either. The results demonstrate that
on a statistical basis we sample the distribution of EVPA changes
more accurately on longer separations (>20 days) than on the shorter
ones, where the observations are sampling limited.

The model allows us to estimate the fraction of data points that
would be affected by the 180◦ ambiguity and thus would incorrectly
represent the intrinsic EVPA changes, for a given cadence. At the
median cadence of seasons 1–3 (7 days) we see from the lower panel
of Fig. 4 that we expect 11% of the EVPA changes to be affected

by the 180◦ ambiguity, and that at the median cadence of season 4
(1-day) the fraction drops to 4%, i.e. a factor of 2.8 improvement.

The fastest EVPA change in the joint seasons 1–3 and season 4
datawasmeasured in RBPLJ2253+1608 at JD 2456887.3 (season 2)
with a 73◦ change over 18 hours, corresponding to a rate of 96 ±
5◦/day. To avoid under-sampling of such fast EVPA changes, we
should observe a source at least once every 22 hours.

4 RANDOM-WALK EVPA CHANGES IN THE
INTRINSIC EVPA?

In Section 3.1, we estimated the intrinsic distribution of EVPA
changes for all separations through fitting a model to the observable
wrapped EVPA changes. We can also use the observed distributions
of wrapped EVPA changes on different timescales to test whether
the long-term EVPA changes are a result of independent short-term
EVPA changes, i.e. whether it can be described as a random walk.
To this end, we construct simulated EVPA curves based on two
assumptions. The first assumption is that the EVPA changes on the
shortest separation, 1 ± 0.5 days, is measured correctly (i.e. that
the intrinsic Δ𝜒 for pairs separated by ∼1 day do not exceed 90◦,
and that they can therefore be correctly measured from the adjusted
EVPA curves). Our results from Section 3.2 indicate that only 4% of
the data are expected to be incorrectly measured at this separation,
and hence our assumption is reasonable. The second assumption is

MNRAS 000, 1–14 (2021)
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that the long-term EVPA changes are a result of independent short-
term changes, i.e. they can be described as a random walk in Δ𝜒.
We now test this assumption.

We produce simulated EVPA random walks as follows: From
the observed distribution of EVPA changes, Δ𝜒, on our shortest
cadence (1 day), we randomly draw 200 Δ𝜒.6 The estimated proba-
bility of a sign change between two consecutive data pairs over our
whole sample is 55%. Therefore, we randomly assign sign EVPA
changes to the drawn Δ𝜒 according to a binomial distribution with
success probability 𝑝 = 0.55. We use these 200 signed Δ𝜒 to pro-
duce a simulated EVPA curve. We repeat the process 1000 times,
and produce 1000 distinct simulated EVPAcurves.We thenmeasure
the wrapped EVPA changes, Δ𝜒wrap, on various timescales, from
our simulated curves. The wrapped EVPA changes – as measured
in both the observed data and the simulations – are unambiguously
defined.

The observed and simulated distributions of Δ𝜒wrap on a 1 day
cadence will match by construction, since the simulated Δ𝜒wrap
are directly drawn from the observed distribution. If our second as-
sumption above holds, i.e. the long-term EVPA changes are a result
of independent short-term EVPA changes, then the distributions of
Δ𝜒wrap on longer timescales in the simulations should also match
the observed ones. Figure 5 shows the distributions of Δ𝜒wrap from
the simulations, together with those we observed. As expected, on a
1 day cadence the distributions match perfectly. However, for longer
cadences the simulation-based distributions converge to a uniform
distribution, and differ significantly from the observations. In other
words, long-term EVPA changes introduced by successive, random,
short-term EVPA changes strongly exceed the EVPA changes that
we observe for corresponding cadences. We therefore conclude that
the long-term EVPA changes are not simply a result of random,
short-term EVPA changes. This is consistent with the finding from
our analyses of seasons 1–3 that the EVPA changes observed over
the entire RoboPol sample cannot be attributed solely to EVPA ran-
domwalks (Blinov et al. 2015; Kiehlmann et al. 2017). This analysis
is based on sample statistics and its results may not be applicable to
individual sources.

5 THE IDENTIFICATION OF ROTATIONS

In this section we estimate the effects of cadence and the 180◦ am-
biguity on the identification of EVPA rotations. To identify EVPA
rotations in our data, we use a method based on Blinov et al. (2015).
The following requirements must be met in order for a set of mea-
surements to be identified as a smooth EVPA rotation:

(i) The EVPA has to change consistently in one direction and the
rotation rate must not change bymore than a threshold value, chosen
to be a factor of 5 from the previous measurement, as originally
introduced by Blinov et al. (2015).
(ii) The EVPA has to change by at least 90◦ between first and

last measurement.
(iii) The EVPA difference between the first and last data point

has to be significant compared to measurement uncertainties.
(iv) The rotation has to be sampled by at least fourmeasurements.

For criterion (iii) Blinov et al. (2015, 2016a,b, 2018) required
that each pair of consecutive data points shows a significant differ-
ence. However, eventually point-to-point EVPA changes will stop

6 200 data points with 1 day separation are sufficient to cover the longest
observing period in our data.
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Figure 5. ECDF of wrapped EVPA changes. Different colours represent
different cadences, which are shown in the legend. The uncertainties in the
cadences are ±0.5 days. Solid lines represent measured data. Dashed lines
represent the random walk simulations.

being significant as the EVPA curve sampling becomes denser
at constant measurement uncertainties. Keeping the consecutive-
point-significance requirement would then result in spuriously dis-
missing rotations. Therefore, we drop this requirement in this work.

We consider gaps longer than 30 days between consecutive
measurements to automatically break a rotation. This last criterion
only affects season 1–3 data, as season 4 was observed continuously
without long gaps. We call each period of consecutive data points
that are separated by less than 30 days an observing period.

The difficulties encountered in the determination of EVPA
rotations in blazars are clearly either intrinsic to the process or
extrinsic. The only intrinsic difficulty is the 180◦ ambiguity. The
extrinsic difficulties are caused by sensitivity limitations of our
instruments, cadence, and our choice of parameters in identifying
rotations. We discuss the extrinsic difficulties in Appendix B, and
focus, for the rest of this paper on the 180◦ ambiguity and our
scientific findings.

5.1 EVPA adjustment

Before the analysis, the measured EVPA curve is typically adjusted
under the assumption of a Minimal Change of Angle (MCoA) be-
tween all pairs of consecutive data points (e.g. Kiehlmann et al.
2016), i.e. data points are shifted by multiples of ±180◦, such that
the difference between the shifted data point and its preceding data
point is minimal, c.f. Eq. (1).

The season 4 observations of RBPLJ2202+4216 shown in
Fig. 6 indicate that the EVPA progression frequently changed sign
between JD 2457595 and JD 2457617. However, three periods of
continuous rotations in the same direction with two larger gaps al-
low the interpretation that this whole period is one long rotation in
the same direction. Motivated by this example, we explore a second
method that assumes a Minimal Change of Rate (MCoR). First,
we estimate the rotation rate between two data points, (𝑡𝑖−1, 𝜒𝑖−1),
(𝑡𝑖 , 𝜒𝑖) through ¤𝜒𝑖 = (𝜒𝑖 − 𝜒𝑖−1)/(𝑡𝑖 − 𝑡𝑖−1). Then we shift data
point 𝑖 by multiples of ±180◦, such that the difference between ¤𝜒𝑖
and ¤𝜒𝑖−1 becomes minimal. The second data point in the time series
is shifted according to the MCoA method.

Bothmethods fail to reconstruct the intrinsic EVPAcurvewhen
the data are critically under-sampled, but the conditions for this to
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Figure 6. Top panel: Season 4 EVPA data of RBPLJ2202+4216 measured
in the [-90, 90] degrees interval. Mid panel: EVPA data adjusted by the
MCoA method. Bottom panel: EVPA data adjusted by the MCoR method.

happen differ. MCoA fails when the intrinsic change between two
data points exceeds 90◦. MCoR fails when the intrinsic rate is faster
than the estimated rate. We test both methods on random walk sim-
ulations based on the model described by Kiehlmann et al. (2016).
We showed in Section 4 that the EVPA progression of blazars does
not follow a random walk. However, random walks mimic EVPA
changes in blazars well enough to test the two adjustment meth-
ods on such simulations. The model consists of multiple cells with
randomized magnetic field orientation. At each time step, one cell
changes its orientation. We resample the simulated EVPA curve to
a slower “observing” cadence and reduce the “observed” angles to
the “measured” 180◦ range. Finally, we use the MCoA and MCoR
method to adjust the EVPA curve and cross-check the result with
the intrinsic curve. For various simulation setups (different number
of cells, re-sampling to different cadences) we generally find that
the MCoA method has a higher success rate in reconstructing the
intrinsic EVPA curve correctly.

We find that the usual MCoA method is more reliable. The
MCoRmethod has not proven useful, sowe adopt theMCoAmethod
for the rest of this paper. Note, however, that if a different rotation
model is proposed, then these two well-motivated methods should
be tested and compared before choosing which to apply.

5.2 The Results of season 1-3 and season 4 after adjustment

5.2.1 Reliability of identified rotations

Using the criteria described above, after adjusting the EVPA curves
we find 43 rotations during seasons 1–3 in the full sample. The
season 4 sample is a subset of 28 objects taken from the full sample
(see Table 1). Amongst these 28 objects we identify 30 rotations
in seasons 1–3, and 9 rotations in season 4. The identified rotation
periods of the season 4 sample are shownhighlighted inAppendixC.

As described in Appendix A2, Eq. (A16) can be used to es-
timate the probability that a measured EVPA change, Δ𝜒wrap, be-
tween two consecutive data points with time separation Δ𝑡, cor-
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Figure 7. ECDF of the probability that a rotation was measured correctly
for different samples of rotations. Purple, dashed line: rotations identified
in seasons 1–3 of the full sample. Purple, dotted line: rotations identified
in seasons 1–3 of the season 4 sample. Orange, solid line: rotations from
season 4. Light grey, dash-dotted line: rotations identified in seasons 1–3 of
the season 4 sample, including rotations as short as 30◦. Dark grey, dash-
dotted line: rotations identified in seasons 4, including rotations as short as
30◦.

rectly represents the intrinsic EVPA change, i.e. that its absolute
value did not intrinsically exceed 90◦ and was thus not affected by
the 180◦ ambiguity. The probability that an EVPA rotation event
was measured correctly is then the product of such probabilities
for all consecutive data pairs. For each identified rotation we calcu-
late the probability that it was measured correctly. Figure 7 shows
the ECDF of the resulting probabilities for rotations of amplitude
> 90◦ identified in seasons 1–3 (dashed and dotted lines) and in
season 4 (solid line). We find that ∼ 65% of the identified rotations
are at least as likely to be measured incorrectly as they are to be
measured correctly. Therefore, although a small fraction of EVPA
changes (∼ 11% for seasons 1–3) are expected to be affected by the
180◦ ambiguity, the probability that a rotation event is affected (by
having at least one affected consecutive measurement pair) is sub-
stantial. The inclusion of rotations with smaller amplitudes > 30◦,
which are less fast, adds rotations with significantly higher proba-
bility that they were not affected by the 180◦ ambiguity (dash-dotted
grey lines).

5.2.2 Rotation rates

For each observed rotation event, we measure its amplitude, dura-
tion, and rate. The rotation amplitude is the absolute value of the
difference in EVPA between the last and the first data point. The
rotation duration is the time interval between the first and last ob-
servations of the event. We estimate the average rotation rate by
dividing the amplitude by the duration.

In comparing the rotation rates in seasons 1–3 and season 4, we
consider only the common sources, i.e. the season 4 subsample, and
we exclude four rotations from seasons 1–3 whose duration exceeds
the median observing period of season 4, which we would not have
been able to detect in the short period of season 4. The rotation
rates are shown in Fig. 8 and corresponding statistics are listed in
Table 2. Rotations identified in the season 4 data rotate faster, on
average than rotations identified in seasons 1–3. In fact, the majority
of rotations in season 4 rotate faster than the fastest one detected
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Figure 8. Histogram (upper panel) and ECDF (lower panel) of rotation
rates of identified rotation candidates in seasons 1–3 (purple) and season 4
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Table 2. Statistics of the distributions of rotation rates for the rotations
identified during seasons 1–3 compared to season 4. The corresponding
uncertainties are estimated with a bootstrap method; in 100 iterations a
random fraction of rotation events is selected and the analysis is repeated
on this selection; for each measured property the uncertainty is given by the
standard deviation over all bootstrap iterations.

min median mean max

Season 1–3: 3.5 ± 0.5 6.9 ± 0.8 8.4 ± 0.6 16.6 ± 0.5
Season 4: 8.1 ± 2.2 23.1 ± 11.3 30.7 ± 5.0 57.4 ± 1.8

in seasons 1–3. With a cadence of 7 days the detectable rotation
rates are limited by the ambiguity to < 90◦/7 days ≈ 12.8◦/day.
Thus, the majority of rotations found in season 4 could not have
been detected with the average cadence of seasons 1–3.

We also find that the majority of rotations identified in sea-
sons 1–3 are slower than the slowest one detected in season 4.
We discuss this lack of slow rotations in the daily sampled data in
Appendix B.

5.3 The effect of a faster cadence

Although it is obvious that faster cadences must lead to an improve-
ment in the reliable detection ofmore rotations, themagnitude of the
effect is not so obvious. To demonstrate the magnitude of the effect,
we assume that we detect rotations with a constant rotation rate and
a certain duration with a given, constant cadence of observations.
We can use the formalism described in Section 5.2.1 to estimate the
probability that the detected rotation correctly represents the intrin-
sic variability. This probability represents the confidence we have
in a detected rotation. Figure 9 shows the confidence for different
combinations of rotation rates and durations in the ranges that we
found in the RoboPol data. The confidence is plotted for the median
cadence of season 4 and of seasons 1–3. We note that, by definition,

10 20 30 40 50
Rotation rate [deg/day]

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ob

ab
ili

ty
 th

at
 r

ot
at

io
n

is
 m

ea
su

re
d 

co
rr

ec
tly

10 days
20 days

30 days
40 days

Figure 9. Probability that a detected rotation is measured correctly for
different measured rotation rates. Different colours correspond to different
rotation durations as stated in the legend. Solid lines correspond to daily
cadence – the cadence of RoboPol season 4 –, dashed lines to weekly
cadence – the mean cadence of RoboPol seasons 1–3.

combinations of rate and duration that lead to a rotation amplitude
lower than 90◦ are not identified as rotations in this study (except
in the single instance where we use the 30◦ lower limit). Rotation
rates that lead to an EVPA change larger than 90◦ cannot be de-
tected due to the ambiguity, this limits the detected rotation rates
for a given cadence in this study. In addition, we do not require that
the rotations are sampled with at least four data points. Otherwise,
rotations with a duration < 21 days would not be detectable with
weekly cadence. The comparison of the dashed and solid lines (of
the same colour) in Fig. 9 demonstrates how strongly the confidence
in detected rotations increases with faster observing cadence. Fur-
thermore, Fig. 9 allows us to estimate the ranges of rotation rates
and durations that would be detectable with daily sampling in a
future monitoring program for an a priori defined confidence limit.

6 DISCUSSION

The daily sampled season 4 data reveal a number of significantly
faster rotations than were identified in season 1–3. Thus we have
clearly missed a number of rapid rotation events in seasons 1–3
due to the 7-day cadence. We would have detected significantly
more and significantly faster rotations in seasons 1–3, with a 1-day
cadence. We showed that the detected rotations cover a large range
of rotation rates up to 57◦/day. Models of rotations should take this
observation into account and need to be able to produce rotations
with a variety of amplitudes, durations, and rates.We note, however,
that the distributions shown here depend on the specific definition
of a rotation event and the cadence of the observations. The same set
of criteria need to be used for the comparison of data and models.

With an independent method we confirmed the results of Bli-
nov et al. (2015); Kiehlmann et al. (2017) that the EVPAprogression
is not consistent with a simple random walk. This result challenges
the turbulence based model of Marscher (2014). The method used
to test the simple random walk model here, can be applied to test
any model that aims to reproduce the typical EVPA variability in
blazars.

With the method described in Section 3 we have for the first
time determined how strongly the EVPA curves of blazars are af-
fected by the ambiguity for different separations. We found that the
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ambiguity affects data on all tested separations from 1–30 days.
Sampled with 7 days cadence – the average cadence of RoboPol ob-
servations during seasons 1–3 – we expect 11% of EVPA changes
to exceed 90◦, leading to false estimates of the EVPA distribution.
A daily cadence leads to a significant improvement, since in this
case only 4% of the data are expected to exceed 90◦. Our method
thus enables us to estimate our confidence in the identified rota-
tions. It shows that a 1-day cadence is needed in such studies. We
identified rotations in four seasons of RoboPol data and estimated
that about 60% of the rotations are more likely to be measured in-
correctly than correctly due to the 180◦ ambiguity. In many sources
it is the periods of fastest EVPA changes that lead to their identi-
fication as a rotation. Section 3 shows that even daily observations
– as in the case of RoboPol season 4 – are not sufficient to avoid
the 180◦ ambiguity in the fastest varying sources. Liodakis et al.
(2020) recently reported an EVPA rotation of 230◦ in 2 days in
3C 454.3. If the measured rotation correctly represents the intrinsic
EVPA progression, the rotation rate exceeds the rate of the fastest
rotation detected in the RoboPol data by a factor of 2. The data used
by Liodakis et al. (2020) included RoboPol and other instruments.
Multiple instruments gave a cadence faster than 1 day, as is clearly
required to measure such fast variability. The detected rotation in-
cluded a large jump close to 90◦, showing that even in this case the
cadence was barely adequate. The fastest EVPA rotation so far was
reported by MAGIC Collaboration et al. (2018) in S5 0716+714 at
MJD 57044-57052, showing a ∼ 400◦ change of the EVPA in less
than one day, corresponding to an average rotation rate of 400◦/day
with an extremely fast onset of 300◦ in ∼ 3.6 hours, correspond-
ing to a peak rotation rate of ∼ 2000◦/day. A rotation at this rate
requires a cadence of at least one observation every 140 minutes
to avoid under-sampling. Thus, to track the fastest EVPA changes
correctly – assuming this particular event was measured correctly
– continuous monitoring with multiple telescopes around the globe
is necessary. Our model suggests that a rotation this fast or faster
at the separation of hours is an unlikely event with a probability of
1.3×10−4; however our model was not informed by data sensitive to
such fast variations. A campaign of the same scale as RoboPol but
with significantly better cadence is needed to study the distribution
of such rapid rotations.

7 CONCLUSIONS

We used three seasons of RoboPol optical polarization monitoring
data sampled with approximately weekly cadence and one season of
daily observations to identify EVPA rotations in a statistical sample
of blazars. We showed that the rotation speeds cover a wide range
up to 57◦/day. The two different cadences allowed us to test the
effects of cadence on the identification of rotations. Due to the
180◦ ambiguity the fastest rotations detected require daily or faster
cadence and many fast rotations must have passed undetected in
the weekly sampled data. Furthermore, the definition of a rotation
event limits which periods are detected as a rotation. The definition
explicitly introduced for the weekly sampled data, may need to be
revised for better sampled data.

We studied how strongly the EVPA varies on different time
scales and showed that EVPA changes may exceed 90◦ on all tested
time scales > 1 day. Therefore, the EVPA measurements may be
affected by the 180◦ ambiguity on all time scales > 1 day. We
introduced a procedure that allowed us to estimate the fraction of
data that is expected to exceed 90◦ on different time scales. We
estimated that 11% of the data sampled with weekly cadence and

the majority of the identified rotations are likely affected by the
ambiguity. Daily cadence leads to a significant improvement, as
only 4% of the data are affected.

Season 4 of the RoboPol program lasted only about 45 days
and did not provide the long-term monitoring data necessary for a
revision of the definition of EVPA rotation events and to establish
a large set of reliable rotation events for model testing. We clearly
need optical monitoring programs of the same scope as RoboPol,
but with a cadence significantly faster than 1 day, which requires
multiple observing sites. For this reason we are now planning a sec-
ond RoboPol instrument for deployment at a substantially different
longitude.
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APPENDIX A: MODEL OF EVPA CHANGES

The first part of this appendix section describes how we estimate
the distribution of intrinsic EVPA changes from the distribution
of measured, wrapped EVPA changes for different cadences. The
results are discussed in Section 3. The second part describes how
we use the model to estimate the probability that a measurement
was affected by the 180◦ ambiguity.

A1 Model description

We use the following empirical model to describe the distribution
of wrapped EVPA changes. We model the intrinsic distribution of
the absolute EVPA change |Δ𝜒 |Δ𝑡 at a time scale Δ𝑡 as a log-normal
distribution:

PDFintr (𝑥) = LN(𝑥; `, 𝜎) = 1
√
2𝜋𝜎𝑥

exp

(
− (ln(𝑥) − `)2

2𝜎2

)
, (A1)

with the mean, `, and the standard deviation, 𝜎 of the variable’s
natural logarithm, and 𝑥 = |Δ𝜒 |Δ𝑡 . The intrinsic distribution cannot
be directlymeasured, becausewe can onlymeasure differences up to
90◦ between two consecutive data points, due to the 180◦ ambiguity.

Thewrapped distribution PDFwrap can be described by a mod-
ified version of the log-normal distribution:

PDFmeas (𝑥) =
{
LNwrap (𝑥; `, 𝜎) for 𝑥 ∈ [0◦, 90◦]
0 otherwise

, (A2)

which can be derived from PDFintr as follows. If the EVPA intrin-
sically changes by e.g. 20◦, we measure |Δ𝜒 | = 20◦. If intrinsically
it EVPA changes 160◦, we would measure it as Δ𝜒 = −20◦, i.e.
|Δ𝜒 | = 20◦. For an intrinsic change of 200◦, we would measure
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Figure A1. Model parameters derived for different time scales. Data points:
Results of the time-binned data using a bin width of 1 day. Error bars indicate
the 1𝜎-credible intervals. Red line: Result of the time-dependentmodel. The
grey region indicates the 1𝜎-credible interval.

Δ𝜒 = 20◦, i.e. |Δ𝜒 | = 20◦. The probability of measuring a value
𝑥 ∈ [0, 90] is:

LNwrap (𝑥; `, 𝜎) = LN(𝑥; `, 𝜎)
+ LN(180◦ − 𝑥; `, 𝜎)
+ LN(180◦ + 𝑥; `, 𝜎)
+ LN(360◦ − 𝑥; `, 𝜎)
+ · · · (A3)

The full expression can be written as:

LNwrap (𝑥; `, 𝜎) = lim
𝑁→∞

𝑁∑︁
𝑛=0

LN(𝑥𝑛; `, 𝜎) (A4)

with

𝑥𝑛 = 90(𝑛 + 𝑚(𝑛)) + (−1)𝑛𝑥, (A5)

where 𝑚(𝑛) is a function that is 0 for even numbers and 1 for odd
numbers, for which we choose 𝑚(𝑛) = sin2 ( 𝑛𝜋2 ).

One may think of this modified distribution as such: We print
the lognormal distribution on paper, every 90◦ on the x-axis we
wrap the paper parallel to the y-axis, lastly we sum up all probability
density values for each x-value between 0 and 90◦.7

Rather than 𝑁 → ∞ for the implementation of Eq. (A4) we
have to choose an 𝑁 sufficiently large. We kept this a modifiable
parameter that we finally choose large enough that larger values do
not show a significant impact on the final results. For the final model
fitting we chose 𝑁 = 10 and found that the inferred parameters do
not differ significantly if we use 𝑁 = 6.

Time-binned model: We implement the following model in
pystan, using uniform distributions, U(0, 102), as diffuse priors

7 The formalism described in Eqs. (A3) to (A5) fails at 0◦ and 90◦, because
only every second term should be added. However, since we never measure
exactly 0◦ or 90◦, and the discontinuity resulting from this feature does not
affect our results in any way, we have retained and implemented this simple
version of LNwrap described above.
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Figure A2. Examples of PDFmeas (blue solid line) and PDFintr (orange dashed line) for the best-fit parameters 𝜎 and `, for different timescales. The best-fit
parameters were obtained through fitting PDFmeas to the distribution of wrapped EVPA changes (grey area) measured from the RoboPol data. Distributions
of EVPA changes from the adjusted RoboPol EVPA curves (grey outline) are shown in comparision to PDFintr. See Section 3 for the definition of wrapped
and adjusted EVPA changes. Each panel corresponds to a different time scale, indicated in the legend. A timescale of Δ𝑡 ∼ 1 day (top left) corresponds to the
cadence of RoboPol season 4, and 7 days (top right) to the average cadence of seasons 1–3. The timescale of 30 days (bottom right) is the longest timescale
considered in our analysis.

for the model parameters `, 𝜎:

𝑌𝑖 ∼ LNwrap (`, 𝜎2) (A6)

` ∼ U(0, 102) (A7)

𝜎 ∼ U(0, 102) (A8)
𝑖 = 1, . . . , 𝑀 (A9)

where 𝑌𝑖 are the measured EVPA changes and 𝑀 is the number of
data points.

We bin the wrapped EVPA changes according to their corre-
sponding time scales, using a bin width of 1 day, and we use the
binned data to infer the optimal parameters, 𝜎 and `, of the model
PDFwrap described above, on different timescales. Fig. A1 shows
the model parameters for different separations. Parameter 𝜎 shows
no clear dependence on the separation and the differences are suf-
ficiently small – considering the credible intervals – that we may
assume it constant. On the other hand, parameter ` does show a de-
pendence on the timescale that can be expressed as a linear function
of the logarithm of the separation, `(Δ𝑡) = 𝛽0 + 𝛽1 log(Δ𝑡).

Timescale-dependent model:We include this dependence in
our Bayesian modelling frame work and fit the entire data of time

differences and wrapped EVPA changes with a single model:

𝑌𝑖 ∼ LNwrap (`𝑖 , 𝜎2) (A10)
`𝑖 ≡ 𝛽0 + 𝛽1 log(𝑥𝑖) (A11)

𝜎 ∼ U(0, 102) (A12)

𝛽 𝑗 ∼ U(0, 102) (A13)
𝑗 = 1, 2 (A14)
𝑖 = 1, . . . , 𝑀 (A15)

where 𝑥𝑖 = Δ𝑡𝑖 are the timescales corresponding to the wrapped
EVPA changes 𝑌𝑖 = |Δ𝜒wrapped |. We use diffuse priors for the
three model parameters, 𝜎, 𝛽0, 𝛽1. The fit results are discussed in
Section 3. Fig. A2 shows four examples of different separation
bins, for which the data is compared to the model with the best-fit
parameters. Note that the discrepancy between model and data at
very small values of the EVPA change (i.e. the model peak close to
zero that is not reflected in the observed histogram) is an expected
effect of our finite measurement uncertainty in the EVPA, which has
not been explicitly implemented in our treatment. Specifically, if an
EVPA change Δ𝜒 was consistent with zero within uncertainties, we
recorded its actual measured value rather than zero. This results in
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a "flattening" of the small-EVPA peak that the model (correctly)
exhibits.

A2 Estimated probability of under-sampled measurement

Let us assume we measure Δ𝜒wrap ∈ [0◦, 90◦] and the intrinsic
EVPA change equals the measured one, Δ𝜒intr = Δ𝜒wrap, i.e. was
measured correctly. Then, we can express the joint probability den-
sity, 𝑃(Δ𝜒intr=Δ𝜒wrap ∩Δ𝜒wrap), through the intrinsic distribution
in Eq. (A2) for any given Δ𝜒wrap ∈ [0◦, 90◦]. The probability that
we measure the intrinsic EVPA change correctly, given a certain
measurement Δ𝜒wrap is:

𝑃(Δ𝜒intr = Δ𝜒wrap |Δ𝜒wrap) =
𝑃(Δ𝜒intr=Δ𝜒wrap ∩ Δ𝜒wrap)

𝑃(Δ𝜒wrap)

=
PDFintr (Δ𝜒wrap; `, 𝜎(Δ𝑡))
PDFmeas (Δ𝜒wrap; `, 𝜎(Δ𝑡))

(A16)

The probability that the intrinsic EVPA exceeded 90◦, and thus
was measured incorrectly, is:

𝑃(Δ𝜒intr > 90◦ |Δ𝜒wrap) = 1 −
PDFintr (Δ𝜒wrap; `, 𝜎(Δ𝑡))
PDFmeas (Δ𝜒wrap; `, 𝜎(Δ𝑡))

(A17)

With the model parameters, `, 𝜎(Δ𝑡), estimated from the
model fit discussed in the previous section, we can estimate the
probability that a measured EVPA change, Δ𝜒wrap, does (not) rep-
resent the intrinsic EVPA changes with Eqs. (A16) and (A17), for
any given data pair (Δ𝑡,Δ𝜒wrap).

APPENDIX B: EXTRINSIC FACTORS IN IDENTIFYING
ROTATIONS

In the following we test how the extrinsic factors of cadence, length
of observing period and smoothness affect the identification of ro-
tations and the analysis of the rotation parameters.

B1 Examples of sampling effects

In Fig. B1, we illustrate the type of cadence effects that may affect
EVPA curve analyses, using the densely-sampled season 4 RoboPol
data for source RBPLJ1635+3808. The complete EVPA data are
plotted using black dots and are marked as (a). We also show two
realisations of the same data with slower cadence, by removing
every second data point, starting either with the second point (b) or
with the first point (c). For clarity we have shifted the three curves
by 180◦. Realizations (b) and (c) were individually adjusted for the
180◦ ambiguity (c.f. Section 3) after the removal of data points from
the original EVPA curve.

In the full EVPA curve (a) we identify one rotation with am-
plitude 128◦ in the first half of season 4. In realization (b) we also
identify one rotation of the same amplitude in the first half of season
3, but slightly shifted in time. In realization (c) we identify a longer
rotation of 148◦ in the first half of season 4 as well as a longer rota-
tion in the second half of the season. The rotations in the first half of
season 4 in both under-sampled realizations include data points that
were not considered part of the rotation in the original data (either
before the beginning or after the end of the rotation seen in the full
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Figure B1. Illustration of the effects of different cadences on the identi-
fication of EVPA rotations. (a) Season 4 data of RBPLJ1635+3808 (black
circles) and corresponding rotations (solid lines). (b) Every second data
point of the original data (dark grey squares) and corresponding rotations
(dashed lines). (c) As in (b), but using the data points that were omitted in
(b) (light grey triangles). Rotations in this case are shown with the dotted
lines. Each EVPA curve was separately adjusted for the 180◦ ambiguity.

data). The reason is that the data that are more densely sampled
reveal short-timescale EVPA changes that violates our definition of
a smooth rotation.

After MJD 57610 the full dataset shows EVPA changes with
changing directions. Realization (b) appears more stable in compar-
ison. Realization (c), however, shows a rotation of 218◦, because
the removal of one critical data point led to a differently adjusted
EVPA curve. This example demonstrates how a slower cadence can
result in an apparently larger range of EVPA changes.

These examples indicate two potential problems in EVPA ro-
tation measurements:

(i) EVPA changes on short time-scales may be strong enough for
the candidate rotation to be rejected due to our smoothness criterion.
In such cases long rotationsmay only be identified in under-sampled
data.
(ii) Sparse sampling of fast EVPA changes can critically affect

the identification of rotation periods.

B2 Effect of length of observing season, cadence, and
smoothness on derived rotation parameters

In Section 5.2.2 we saw that season 4 shows significantly faster
rotations than seasons 1–3, because the cadence of seasons 1–3 was
too slow to detect such fast rotations.

Here, we discuss the apparent lack of slow rotations in season 4.
Fig. 8 shows that ∼ 60% of the rotations detected in seasons 1–3 are
slower than the slowest rotation detected in season 4. The average
rotation rates are calculated from the amplitude divided by the
duration. Fig. B2 shows that only∼ 10% of the rotations identified in
seasons 1–3 exceed the total range of amplitudes found in season 4.
The lack of such large amplitude rotations in season 4 may be due
to small number statistics as only 9 rotations were identified. The
k-sample Anderson-Darling test (AD test) indicates no significant
difference between the two distributions of rotation amplitudes.8

8 Amplitudes and durations are lower limits, when the rotations start or end
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Figure B2. ECDF of amplitudes of identified rotation candidates in sea-
sons 1–3 (purple) and season 4 (red). Solid lines: distributions excluding
lower limits. Dashed lines: distributions including lower limits.
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Figure B3. ECDFof durations of identified rotation candidates in seasons 1–
3 (purple) and season 4 (orange). Solid lines: distributions excluding lower
limits. Dashed lines: distributions including lower limits.

A comparison of the distributions of durations, however, reveals
a significant difference (AD test p-value < 0.001). Fig. B3 shows
that & 70% of the rotations identified in seasons 1–3 have longer
durations than the longest rotation in season 4. Thus in season 4
we have identified none of the longer duration rotations that make
up the majority of rotations in seasons 1–3. We have also carried
out this analysis separately for season 1, season 2, and season 3, vs.
season 4, with the same result. In season 4 the cadence was ∼ 7×
faster and the observing period was ∼ 3× shorter than in seasons 1–
3. The combination of both of these changes have likely led to the
difference in long-duration rotations is season 4.

B2.1 Effects of shorter observing periods

Assuming the same underlying population of rotation events in
seasons 1–3 and season 4, we expect three effects to be evident in
season 4:

(i) Because the observing periods were shorter, we would expect

at the start or end of an observing period. The results do not depend on
whether or not we include the limits.

Table B1. Testing the effect of observing period length on the rotation
identification. (1) Number of rotations. (2) Fraction of truncated rotations.
(3)Mean of the ratio between rotation duration and corresponding observing
period duration. (4) Occurrence rate of rotations per 100 days.

Number Truncated rotation / Occurrence
of rotations observing per

rotations fraction∗ period∗ 100 days∗

s1-3 26 0.12 ± 0.05 0.18 ± 0.02 0.25
s4 9 0.44 ± 0.13 0.14 ± 0.03 0.73

∗Uncertainties are estimated with a bootstrap method; in 1000 iter-
ations we select a random fraction of rotation events and repeat the
analysis; for each measured property the uncertainty is given by the
standard deviation of all bootstrap iterations.

more truncated rotations, i.e. rotations that start or end at the start or
end of the observing periods. This is indeed what we find (Table B1,
col. 2).
(ii) When rotations are not truncated the ratio between the ro-

tation duration and the total observing period may be higher for
season 4 than for seasons 1–3. We do not observe a significant
difference (col. 3+4). For this analysis we excluded the truncated
rotations.
(iii) The intrinsic occurrence rate of rotations should not be af-

fected by different observing period durations. However, shorter
observing periods increase the chance of rotations falling on the
edge of the period and the requirement of at least 4 data points for a
detected rotation could decrease the number of identified rotations;
but at the same time we have a faster observing cadence, which
would counteract this effect. We observe that rotations occur about
three timesmore frequently during season 4 than during seasons 1–3
(col. 5).

B2.2 Effects of the observing cadence

Our definition of a rotation (c.f. Section 5) identifies periods of
data on different time separations that are similar in the sense that
the EVPA changes are strong enough to produce a rotation larger
than 90◦ and smooth enough to be consistent with our requirement
of smoothness. As we have shown in Fig. 4, the EVPA changes
are generally smaller on shorter separations, such as the ones sam-
pled during season 4, than on longer separations, such as the ones
sampled during seasons 1–3. As a consequence, during season 4
we may be picking out periods that are strongly variable and show
faster rotation rates than seasons 1–3. Furthermore, a faster cadence
reveals shorter-timescale-variability. The EVPA data do not show
completely smooth trends, but vary on all separations. A slower ca-
dence may smooth out the shorter-timescale-EVPA changes to such
an extent that smoother rotations are identified in more sparsely
sampled data, which would not pass our smoothness criterion at a
faster cadence. As a consequence we would not identify rotations in
season 4 having durations as long as those observed in seasons 1–
3. In fact, with the criterion of smoothness, we expect that some
or all of the rotations identified in seasons 1–3 that have signif-
icantly longer durations than the rotations of season 4 would not
have been identified as rotations if we had observed season 1–3 at
faster cadence.

In summary we find that the identification of EVPA rotation
candidates is strongly affected by cadence. Therefore, results ob-
tained from samples observed with substantially different cadences
are not directly comparable, but must be analyzed carefully for the
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effects described above. With a cadence substantially better than
that of RoboPol seasons 1–3, our definition of smooth rotations may
well need to be revised, since it appears that our requirement for
smoothness is too restrictive and is therefore missing long-duration
rotations. More and faster cadence data are needed to make an in-
formed decision whether EVPA rotations need to be defined and
identified differently and, if that is the case, in particular what the
revised smoothness criterion should be.

APPENDIX C: ROTATIONS

Figure C1 shows the evolution of the adjusted EVPA over four sea-
sons of observations of the RoboPol season 4 sample. Coloured lines
link data points that have been identified as rotations according to
the criteria described in Section 5. The amplitude of the identified
rotations is written next to the rotations. We note that some peri-
ods in the data may be identified as rotations by eye, but are not
marked as such. These periods are not consistent with the criteria
that we described Section 5. Typically, either the EVPA progression
is not smooth enough or too few data points may have sampled
the progression to be considered a rotation according to our strict
criteria.

This paper has been typeset from a TEX/LATEX file prepared by the author.
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Figure C1. Evolution of the adjusted EVPA over four seasons of observations of the RoboPol season 4 sample. The left panel shows seasons 1-3. The right
panel shows season 4. Note that while the vertical scaling is the same in both panels, the horizontal axis scaling differs considerably between left and right
panel. Coloured dots and lines highlight identified rotation periods. The colour alternates between blue and orange for a clearer visualization of different
rotation periods.
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Figure C1 (continued).
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Figure C1 (continued).
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Figure C1 (continued).
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Figure C1 (continued).
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