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Abstract

Recent theoretical advancement of information
density in natural language have raised the fol-
lowing question: To what degree does natural
language exhibit periodicity pattern in its en-
coded information? We address this question by
introducing a new method called AutoPeriod
of Surprisal (APS). APS adopts a canonical pe-
riodicity detection algorithm and is able to
identify any significant periods that exist in the
surprisal sequence of a single document. By ap-
plying the algorithm to a set of corpora, we have
obtained the following empirical results: Firstly,
a considerable proportion of human language
demonstrates a strong pattern of periodicity in
information. Secondly, new periods that are out-
side the distributions of typical structural units
in text (e.g., sentence boundaries, elementary
discourse units, etc.) are found and further con-
firmed via harmonic regression modeling. We
conclude that the periodicity of information in
language is a joint outcome from both structured
factors and other driving factors that take effect
at longer distances. The advantages of our peri-
odicity detection method and its potentials in
LLM-generation detection are further discussed.
Our code is available as public repositories.

1 Introduction

Understanding how information transmits in lan-
guage is a long-standing research topic in linguistics
(Shannon, 1948, 1949, 1951; Bell et al., 2003). One
of the most influential assumptions is uniform in-
formation density (UID; Aylett and Turk, 2004;
Jaeger, 2010; Jaeger and Levy, 2006; Meister et al.,
2021), which states that information in language,
measured by surprisal, distributes uniformly out of
a need for efficient communication, as evidenced
in its effect on, e.g., word duration in conversa-
tion and word abbreviation (Demberg et al., 2012;
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Mahowald et al., 2013). Recent work further sup-
plements this assumption with different empirical
findings, such as the fluctuation of information with
discourse boundaries (Xu and Reitter, 2016, 2018);
the thematic structures in dialogue that influence
the change of information from speakers (Maés
et al., 2022).

These empirical findings give rise to an emerg-
ing research topic: the periodicity of information in
natural language. Periodicity is a bold hypothesis
that goes a step further than the simple “fluctua-
tion” of information, which is supported by recent
evidence: the spectral features of text surprisal are
distinguishable from white noise (Xu and Reitter,
2017; Yang et al., 2023); spectra of surprisal are
useful in machine-generation detection (Xu et al.,
2024; Liu et al., 2025); surprisal variation can be
modeled by harmonic regression, which confirms
periodic patterns across various linguistic structures
(Tsipidi et al., 2025).

However, some key questions about this topic
remain unanswered. First of all, how can we find
direct evidence of the periodicity of information
in language? The Fourier-analysis-based spectral
methods proposed in Yang et al. (2023) and Liu
et al. (2025) provide useful insights, but can only
serve as indirect evidence of periodicity, because
the spectrum in frequency-domain was not trans-
formed back to explicit periods in time-domain. On
the other hand, the harmonic regression method
proposed by Tsipidi et al. (2025), provides a way
to validate periodicity in information, given “can-
didate” periods selected from certain linguistic
structures (e.g., sentences, paragraphs, etc.). There-
fore, it potentially filters out periods that cannot
be attributed to any pre-defined linguistic units.
And its reliance on regression analysis prevents it
from determining if a text segment is truly peri-
odic. This leads to our second question: can we
detect periodicity at the document level more
precisely and with higher quality? That is, given
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a piece of text, we want to find all periods that
can pass a certain detection threshold with some
clearly defined confidence levels, or otherwise to
determine its non-existence. As detection occurs
at the document level, such a method would al-
low us to explore whether periodicity correlates
with other theoretically interesting factors, such as
text genre, authorship, and the distinction between
human-written texts and those generated by large
language models (LLMs).

In this study we address the above-mentioned
questions by proposing a periodicity detection algo-
rithm named AutoPeriod of Surprisal (APS), which
is able to directly identify any existing periods in
an input sequence of surprisal at certain confidence
levels (see Section 3). We apply this algorithm
to common linguistic corpora and have obtained
positive evidence for periodicity of information
(Section 5). The validity of our results is verified
with an alternative method (Section 6). The poten-
tial merits of periodicity detection in distinguishing
LLM-generations (Section 7).

2 Background

2.1 UID and the Natural Fluctuation of
Information

The UID theory describes that a general trend of
how the information of linguistic units distributes
within the course of communication is to stay rel-
atively uniform or constant. However, token-level
uniformity/constancy is an asymptotic property that
would only manifest when observation is conducted
over a sufficiently long sequence, during which the
natural fluctuation of information would inevitably
occur. For example, Genzel and Charniak (2002,
2003) observed the increasing surprisal near the
beginning of paragraphs and the sudden drop near
the end. It can be imagined that if multiple para-
graphs of similar lengths are organized together as
a chapter, then an overall regular fluctuation (or
even periodicity) will obviously appear.

Building on the coupling between uniformity
and fluctuation illustrated above, recent works have
attempted to model the latter more formally. A recur-
ring convergence pattern of surprisal is found within
topic boundaries in dialogue (Xu and Reitter, 2016,
2018). It is also found that the uniformity trend is
only salient in certain contextual units (Giulianelli
et al., 2021) and not always observed (Giulianelli
and Ferndndez, 2021). More recently, surprisal
fluctuation over discourse has been modeled with

hierarchically-structured Bayesian regression (Tsi-
pidi et al., 2024) and harmonic regression (Tsipidi
et al., 2025).

2.2 Why Study the Periodicity of Surprisal

Given that surprisal can describe how linguistic
information changes dynamically in human lan-
guage, its potential uses have been explored, such
as (i) measuring creative use of language such as
metaphor and humor (Bunescu and Uduehi, 2022;
Xie et al., 2021); (ii) evaluating the quality of gener-
ated text (Kharkwal and Muresan, 2014; Yang et al.,
2023; Liu et al., 2025); (iii) and, recently, detecting
LLM-generated text (Xu et al., 2024).

A further study on the periodicity of surprisal
will largely facilitate the above-listed research direc-
tions. While UID theory and its variants can make
asymptotic predictions about the general trends of
information in language, using periodicity as a lens
would provide more fine-grained insights into the in-
stantaneous dynamics of information, which better
meets the purpose of studying the token-by-token
generation process. What’s missing in the picture
is a method and toolkit that can effectively extract
periodicity as a clear feature from text — current
regression-based methods (Tsipidi et al., 2025) pro-
vide ways to validate but not to comprehensively
identify periodicity; Fourier-based methods (Xu
et al., 2024) lack direct interpretation. Therefore,
the goal of this study is to fill this gap.

3 Periodicity Detection

The method proposed in this study for detecting peri-
odicity in information is based on the AutoPeriod
algorithm (Vlachos et al., 2005). Originally de-
signed for detecting periodicity in economics and
social time series data, this algorithm demonstrates
reliable performance in identifying periodic pat-
terns. We adaptively modify and re-implement this
algorithm — tailoring its parameters to the charac-
teristics of surprisal — and release it as a standalone
toolkit called AutoPeriod of Surprisal (APS).
The algorithm runs two sub-procedures:

1) GerPeriopHinNTs: Gets the periodogram spec-
trum of an input sequence and extracts the can-
didate periods called period hints, whose power
values are above a certain threshold obtained
from random permutations.

2) ACFFiLTERING: Filters the period hints using
the auto-correlation function (ACF), and only
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keep those that lie on the hills of the ACF curves.
These are considered as the valid periods.

We first introduce the mathematical prerequi-
sites for the Fourier transform and the periodogram
in Section 3.1, as these foundational concepts are
essential for understanding the AutoPeriod proce-
dure.

3.1 Prerequisites: Fourier Transform and
Periodogram

Given a piece of text that contains N tokens, we first
estimate the surprisal of each token by computing
the negative log probability x,, = —log p(t,, | t<n),
where p is the probability of token ¢, predicted by
a language model based on its preceding context
t<n. The resulting sequence of surprisal values
X = Xp, ...,Xxny—1 Will be the input to the discrete
Fourier transform (DFT), defined as:

N-1
Xk — Z xne—iZH%n
n=0
where Xj is the cross correlation of x, and
a complex sinusoid, e"2ANN = cos(2n§n) -
isin(2r&n) (n=0,...,N - 1).

The norm || Xx|| = vre(Xi)? +im(Xy)? mea-
sures to what degrees the original input can be
reconstructed from the periodic signal at frequency
277%. The raw DFT output X = Xp,..., Xn-1
has the property of being even symmetric, that
is, ||Xk|| = ”XN—k”, Vk € 0,...,N — 1. There-
fore, it is sufficient to use the first half of Xk,
keo,..., [NT‘1'| to encode the full spectral in-
formation. This truncated magnitude sequence is
also known as periodogram,” a widely-used tech-
nique in signal processing (Schuster, 1898; Oppen-
heim et al., 1999). We denote the periodogram as
P = {IXell} (k €0,....[FFD).

3.2 Step 1: Extract Period Hints From the
Periodogram

The GerPerIODHINTS procedure is described in
Algorithm 1. Within this step, the surprisal sequence
is first permuted for m times, and the maximum
spectrum powers from these permuted sequences
are recorded in maxPower. The percentile-th largest

2The periodogram algorithm we introduced here follows
the design in Vlachos et al. (2005). In our experiments, we
tried variants of periodogram, and selected the Lomb-Scargle
periodogram (Lomb, 1976; Scargle, 1982) in order to enhance
the performance of APS in low-frequency range (i.e., long
periods).

value in maxPower is used as the power threshold
Prnreshold to find those frequencies/periods whose
powers are above this threshold. Therefore, the
period hints returned are the most significant ones
with a percentile/100 confidence level.

Algorithm 1 First step of AutoPeriop: Extract
period hints.

1: function GeTPErR1ODHINTS(X, M1, percentile)

2 N < x.length v length of input sequence
3 m <« 100 > number of permutations
4 percentile «— 99

5: maxPower «— {} > empty set
6 periodHints «— {}

7 fori=1tomdo

8 x4 PERMUTE(X)

9

Pad  GETPERIODOGRAM(X)

10: maxPower.App(max (P™%))

11: end for

12: maxPower.sorT() > ascending
13: Pihreshold < maxPower|[m - (’%gme)]
14: P « GETPERIODOGRAM(X)

15: for k = 1 to P.length do

16: if P[k] > Pihreshold then

17: periOdHil/lts.ADD(%)

18: end if

19: end for

20: return periodHints

21: end function

Here we use document #0976 from PTB-WSJ
as a complete example of analysis. The texts are
snippets of TV listings with highly structured format
of content — with weekdays followed by channel
names and short summaries (see Figure 1, left).
The result of running GeETPERIODHINTS On this
document is shown in Figure 1 (right). It can be
seen that when the confidence level (CL) decreases
from .99 to .50, more period hints are extracted. The
most confident (CL = .99) period hint occurs at the
frequency peak f = .019, and the corresponding
period T = % ~ 53.1 (tokens), suggesting that a
period of surprisal occurs roughly every 53 tokens.
CL = .90 is used throughout this study. Before a
period hint is validated in the next step, we deem it
as quasi-periodic.

3.3 Step 2: Period Validation via ACF
Filtering

The brief version of ACFFILTERING procedure at
Step 2 is described in Algorithm 2. This involves
applying a fine-grained validation to the period hints
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Periodogram Spectrum of PTB-WSJ_0976

Part of document #0976 from PTB-WSJ ) @freazQOw, period=53.1 L —— Spectrum

Friday, Oct. 27, 9 p.m.-midnight EDT, on
PBS -LRB- PBS air dates and times vary, so
check local listings: "Show Boat.”

140

revival of America’s most influential R

musical, written by Jerome Kern and ...
100 A
Saturday, Oct. 28, 8-10 p.m. EDT, on HBO
-LRB- repeated Oct. 31, Nov. 5, 8, 14, 16
and 20: "Perfect Witness.”

Aidan Quinn, Brian Dennehy and Stockard
Channing are excellent in this gripping
tale of a reluctant witness in an ...

80 4

Power

60 -

Sunday, Oct. 29, 8-11 p.m. EST, on ABC:
"The Final Days.”

No doubt there is something to irk everyone
in this AT&T-sponsored dramatization of

Bob Woodward and Carl Bernstein’s about

Watergate ...

40 4

New Jersey’s produced this faithful “fnq=0.006,period=177.2

- )freq=0.02 1, period=48.3

freq=0.023, period=44.3

=== CL=0.99
@ Period hint at CL=0.99
=== CL=0.9
@ Period hint at CL=0.9
CL=0.75 |
@ Period hint at CL=0.75
CL=0.5
Period hint at CL=0.5

0.0

0.2 0.3 0.4 0.5
Frequency

Figure 1: Periodogram spectrum obtained from the surprisal sequence of document #0976 in PTB-WSIJ corpus.
Right: Red dots indicate the period hints returned by Algorithm 1. Dashed lines are the power thresholds used at

different confidence levels.

found in Step 1, which allows spurious periods and
false alarms to be filtered out and the valid periods
to be identified following further refinement. This
filtering step is initially designed to increase the
detection precision for periodicity in generic time
series, and briefly, the motivation is that a dominant
period 7 of a time series x (of length N) should
have a relatively large value of the autocorrelation
function (ACF):

N

ACF(1) = % Zx(‘r) cx(n+1),
n=0

which measures how similar the sequence is to its
previous values for different 7 lags. If a period hint
7 from the periodogram lies on a hill of the ACF
curve, then we are more confident to consider it as
a valid period, otherwise it is likely to be a false
alarm. This validation is done to each period hint
T = %, by examining the nearby points on the ACF
curve within a window of size Wy, = [a, b]. If T
does not lie on a hill, this period hint is discarded,
otherwise a further refinement is done by searching
within the nearby region and finding the closest
local maximum of the ACF scores. As can be seen
in Figure 2 (bottom), the raw/unrefined period hints
7 = 53.2 and 7} = 177.2 are refined to the final
integer periods 71 = 52 and 7, = 163, respectively.

4 Corpora and Language Models

This study utilizes several text corpora. Penn Tree-
bank (PTB; Marcus et al., 1993) and Chinese Tree-
bank (CTB; Xue et al., 2013) are adopted as rep-
resentatives of human-written texts in English and

Algorithm 2 ACF Filtering (brief version)

1: function ACFFILTERING(X, periodHints)

2 N « Xx.length

3 ACF « ceTACF(x)

4 M — periodHints.length

5: refinedPeriods «— {} > empty set
6 fori=1to M do

7 T < N/k « periodHints[i]

8 7’ « local maximum within a range

9 if 7’ is on hill of ACF then

10 refinedPeriods.App(1”)

11: end if
12: end for
13: return refinedPeriods

14: end function

Chinese, respectively. Specifically, the Wall Street
Journal (WSJ) and Brown portions are used from
PTB. Moreover, to explore the relationship between
the global periodicity detected by APS and the local
linguistic structures focused on by Tsipidi et al.
(2025), we incorporate the Rhetorical Structure
Theory (RST) based Discourse Treebank (Carlson
etal.,2001) for English and the GCDT corpus (Peng
et al., 2022) for Chinese. These corpora provide
discourse-level annotations, enabling a compara-
tive analysis. The detection results of the corpora
mentioned above are mainly discussed in Section 5
and Section 6.

To investigate the periodicity differences between
human-written and LLM-generated texts, we use
two datasets: FACE collected by Liu et al. (2025)
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Periodogram Spectrum of PTB-WS)_0976
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160 Treq=0.019, period=53..

—— Spectrum
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@ Period hint at CL=0.99
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@ Period hint at CL=0.9
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Figure 2: ACF filtering for surprisal sequence of doc-
ument #0976 from the PTB-WSJ corpus. Period Hints
(red dots; top) are mapped to the raw periods in the
ACF curve (red dots; middle). ACF filtering refines and
returns the final periods (red stars; bottom).

and EvoBench by Yu et al. (2025). Our analysis
focuses on the English news and Chinese news por-
tions of FACE, and the XSum portion of EvoBench.
For each portion, we select a subset generated
by the largest models (LLaMA3-70B for English
FACE, Qwen2-72B for Chinese FACE, GPT-40 for
EvoBench). The specific subsets used are detailed
in Table 8, with results presented in Section 7.

To extract surprisal sequences from the corpora,
LLMs are used to encode the input texts. For English
texts, LLaMA3-8B (Touvron et al., 2023) is adopted.
For Chinese texts, Qwen2-7B (Yang et al., 2024)
is adopted. Specifically, to ensure comparability
with the experiments of Tsipidi et al. (2025), we
use Yarn-LLaMA?2-7B (Peng et al., 2024) for RST
Discourse Treebank.

5 Result: Identified Periods of
Information

5.1 Proportions of Periodic Documents

Applying APS on a text corpus, indicated by X,
would partition it into three subsets: Py, the set of
documents that contain at least one period hint (not
necessarily a valid period); P», the set of documents

___________
- ~.
-~ SN,

~., -
~~~~~~

Figure 3: Partitioning a corpus based on the periodicity
detection outcomes from APS.

that contain at least one valid period; and £ — Py, the
remaining set containing no period hints or valid
periods (see Figure 3).

Across the corpora examined, we consistently
find that a non-negligible proportion of texts ex-
hibit strong periodicity of information. Table 1
shows the counts of documents |X|, |P1| and | P3|,
and the proportions |P1l/jz|, 1P21/ip,| and 1721/j5). P,
are the most strictly periodic documents, whose
proportion #2/;z| reaches above 5% for all corpora.
Py is the quasi-periodic set, and its odds 711/z] is
significantly higher, reaching about 15% on aver-
age. The relatively high ratio of I”21/|p,| (about 66%)
indicates that once a hint is detected by GETPE-
rioDHINTS (Step 1), it has a large chance to pass
ACFFILTERING (Step 2).

All three ratios are higher in Chinese corpora than
in English. The exceptionally high values of GCDT
against the rest also suggests that text genre is an
important factor affecting periodicity — GCDT con-
tains five genres of formal texts (academic articles,
biographies (bio), interview conversations, news,
and how-to guides (whow)), while WSJ, Brown, and
CTB are solely collected from news articles. We
will leave the comprehensive examination on how
text genre (such as the dimensions of verse vs. prose,
oral vs. written, etc.) influences the periodicity of
information as future work.

5.2 Comparing APS Periods With Linguistic
Structural Units

To assess the relationship between the global pe-
riodicity detected by APS and the local linguis-
tic structures focused on by Tsipidi et al. (2025),
we conducted a quantitative comparison between
length distribution of the valid periods detected by
APS and those of three structural units: elementary
discourse units (EDUs) annotated in the RST Dis-
course Treebank, sentences, and paragraphs. The
distribution of the detected periods is presented
in Figure 4, along with the length distributions of
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Distribution of Period Lengths and Text Unit Lengths

i EDU Length
Sentence Length
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APS Periods
---- 90th percentile (per color)
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Figure 4: Distribution of valid periods identified by APS
on Discourse Treebank, and the length distributions
of structural units (EDUs, sentences, paragraphs). The
dashed lines indicate the 90th percentiles of the corre-
sponding distributions.

the structural units. The most prominent peak in
the period distribution is observed around 25 to-
kens, which aligns closely with the peaks of length
distributions from the three structural units. This
alignment suggests that a subset of the detected
periodic patterns can indeed be attributed to these
fundamental structural units.

However, a substantial proportion of the detected
periods fall outside the typical length distributions
of the three considered structural units. Notably,
the paragraph (the longest among the three) has
3.63% of its instances exceeding 150 tokens, and
only 1.11% exceeding 200 tokens. In contrast, there
are 33.33%of the valid periods detected by APS that
exceed 150 tokens, and 21.84% that exceed 200 to-
kens. The significant portion of long-period patterns
identified by APS cannot be accounted for by the
structural units. This clear mismatch indicates that
the global periodicity of information identified
by APS is not fully explicable by the succession of
local discourse structures alone. Instead, it sug-
gests the presence of additional, yet-to-be-identified,
factors contributing to the long-periodicity of infor-
mation in text.

6 Result: Validity-Check with Harmonic
Regression Modeling

In this section, we use an alternative method to carry
out a validity-check on the detection results from
APS. Tsipidi et al. (2025) formulates periodicity of
information as the effect of harmonic components
in predicting the surprisal of a token w; using
harmonic regression (HR) models. In their models,
periods are defined as the lengths of structural units

(EDUs, sentences, and paragraphs). The prediction
task is formulated as:

s(w¢) ~ baseline + HR(U;) (1)

in which “baseline” indicates the same basic pre-
dictors (e.g., relative positions of w,, etc.) used in
Tsipidi et al. (2025), and the HR(U;) term is the
linear combination of sine and cosine components
corresponding to a certain unit length U;:

K
HR(U;) = o + Z(ﬁl,k - sin ("ff’)
k=l 2)
+ B2,k - COS (klz;:t)

Significant coefficients in the form of amplitude
Ap =, /,8% & +ﬁ§ . from the HR(U;) terms would
indicate that certain degrees of periodicity exist

within the scope of U;. Based on this paradigm, we
proceed with two inquires:

1. Does using the hints and periods from APS (our
method) as the scaling factor U, result in signifi-
cant HR modeling outcomes?

2. Do the documents that return positive in APS de-
tection (P;) result in better overall performance
in HR modeling?

6.1 Hints/Valid Periods Directly Used as
Scaler in HR

We replace U; in Equation (1) with the hints and
valid periods returned by APS, and then examine
the corresponding HR modeling outcomes. If there
are multiple hints or periods in one document, then
the longest one is selected. The modeling formulas
then become:

Mhines - S(wy) ~ baseline + HR (hints)

Mperiods : S(W;) ~ baseline + HR (periods)

The models mpinis and Myaid period are fit against
the P; and P, portions of WSJ, respectively (to
be directly comparable to Tsipidi et al.’s (2025)
results, only WSJ is used). The coefficients of the
harmonic terms HR (hints) and HR (periods) with
the top-3 largest amplitude values are reported in
Tables 2 and 3. The results show that both terms
are indeed significant predictors in HR modeling,
which confirms the periodicity of hints and valid
periods that APS returns.
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Table 1: Counts of document with non-empty period hints (| P;|) and valid periods (| P;|) identified by APS, along
with corresponding ratios relative to the total document counts (|X|) across four corpora. The last two rows are the
mean and median lengths of the hints/valid periods identified in P; and P,, respectively.

WSJen Brownen GCDT,, CTB,; Ave.

12| 2499 500 50 2773 —

Py 221 52 15 304 —

|P, | 131 25 13 212 —

Py, 8.84% 10.40% 30.00% 10.96% 15.05%
P21y, 59.28% 48.08% 86.67% 69.74% 65.94%
P2l 5.24% 5.00% 26.00% 7.65% 10.97%

Py mean (median) 127.68 (100) 111.37(28)  113.76(81)  97.53 (51) 112.36 (74)
P»: mean (median)  135.65 (108)  144.57 (84)  110.53(56)  89.69 (34) 113.14 (70)

Table 2: Significance test of the top-3 harmonic compo-
nents with the largest amplitudes in HR models using
APS periods as scaling factors on WSJ (P, portion).

Table 3: Significance test of the top-3 harmonic compo-
nents with the largest amplitudes in HR models using
APS hints as scaling factors on WSJ (P portion).

k Ay B coef P > |t k Ay B coef P> |t
R R T R
0062 s oo 5 OB Lo oo
Comg MM om g me e om

There is no significant differences between the
Ay values of hints and valid periods. This suggests
that, although the latter is stronger than the former
by the standard of passing the periodicity threshold,
their modeling effects on predicting local surprisal
are almost equivalent. We also find that the A
values from hints and valid periods are smaller
than those from EDU, the best predictor reported
in Tsipidi et al. (2025). This is to be expected, as
hints/valid periods are fixed values within a docu-
ment and therefore less dependent on the position
of tokens. This naturally makes them less informa-
tive predictors. However, this does not affect their
periodicity. Rather, it strengthens our conclusion
that APS can detect global periodic patterns that
differ from local units.

6.2 Filtering Data Using Hints/Valid Periods
Improves HR Performance

To test whether APS can filter out data with bet-

ter overall periodicity, we fit HR models on four

different portions, { P, P, X, X — P} of RST and

GCDT corpora, using two structural units (EDUs,

sentences) along with whole texts as different scal-
ing factors. We assume that the resulting mean
squared errors (MSE) should rank in a descending
order, i.e., P < P; < X < X— Py, as P; is the most
periodic portion according to APS, while X — P is
the least.

The results in Tables 4 and 5 confirm our as-
sumption. The rankings remain consistent across
different scaling factors and even so in baseline
models (without HR terms). This indicates that the
documents identified by APS as containing strong
periodicity of information are more predictable in
terms of token surprisal. Scaling by structural units
further improves the performance on the filtered
portions, and EDU scaling is the most effective one,
which is consistent with Tsipidi et al.’s (2025) re-
sults. From this perspective, the global periodicity
identified by APS and the local periodicity mod-
eled by HR using structural units are compatible. It
is possible that the periodic patterns of discourse
structures contribute to the overall periodicity of
information in text.
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Distribution of Period Lengths Identified by APS
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Figure 5: Distributions of valid periods from human (FACE BBC News) and LLM-generated (LLaMA-3-70B) texts.

Table 4: MSE of HR modeling on WSJ using different
scaling factors and different data portions.

Baseline EDU Sentence  Whole Text
Py 16.3273  13.7788 15.5958 16.2915
Py 16.8654  14.1434  16.1400 16.8353
z 18.2635 15.1843 17.5619 18.2470
X-—P; 185859 154160 17.8875 18.5692

Table 5: MSE of HR modeling on GCDT using different
scaling factors and different data portions.

Baseline EDU Sentence  Whole Text
Py 6.8699 6.3902 6.8070 6.8489
Py 6.9967 6.5097 6.9303 6.9789
z 7.2485 6.5961 7.1511 7.2279
X-P; 7.2832 6.5644  7.1673 7.2554

7 Result: Human vs. Generated Texts

By applying APS on the corpora of human-
written and LLM-generated text pairs (FACE and
EvoBench; see Section 4), we can observe periodic-
ity differences between them at the document level.
These datasets contain generated texts obtained
from LLMs by feeding the beginning of a human-
written text as a prompt. In general, we find that
LLM-generated texts contain stronger periodicity
of information than human-written ones in both
English and Chinese. For instance, the proportion
of documents with valid periods in LLaMA3-70B-
generated fake BBC news is 30.06%, which is more
than twice the proportion in the real news (14.80%).
Detailed results are listed in Table 8.

Figure 5 shows the distributions of the detected
periods in human-written and LLM-generated texts
in FACE BBC News data. It can be observed that
the LLM-generated texts exhibit more periodic pat-
terns than human-written texts, especially in the
long-period range (> 50 tokens). One of the pos-

sible reasons for the stronger periodicity in LLM-
generated texts is that LLMs may generate repetitive
content. Sometimes, the generated text may contain
repeated phrases or sentences, which can create a
strong periodic pattern. We randomly sample 10%
of the documents with valid periods in LLaMA3-
70B-generated BBC news (150 documents in total),
and find that 7.33% of them (11 documents) con-
tain repeated phrases or sentences. Thus, repetition
could be one of the factors contributing to the differ-
ence, especially in the short-period range. However,
the gap between the ratios of documents with valid
periods in human-written and LLM-generated texts
is still significant (14.80% vs. 27.86%) after exclud-
ing the repeated portion. Another possible reason
is that LLMs are more likely to generate similar
structures across paragraphs, maintaining structural
coherence under large spans. Human writers, how-
ever, tend to be more flexible in their narrative
structures, avoiding orderly patterns. This could
lead to stronger periodicity in LLM-generated texts
in the long-period range.

The above finding lends interpretation to some
existing studies that utilize periodicity of informa-
tion as a feature for the task of detecting model-
generated texts (Xu et al., 2024) and for automatic
NLG evaluation (Liu et al., 2025). Through APS,
we can explicitly tell how the periodicity of infor-
mation in LLM-generated texts is different from
that in human-written ones. Therefore, information
periodicity holds promise as a distinctive feature
for generation-related tasks.

8 Conclusions

In this study, we propose AutoPeriod of Surprisal
(APS), an algorithm for revealing periods of sur-
prisal in natural language with a high resolution,
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which contributes to the emerging research topic of
periodicity of information in human language. Our
main observations and conclusions are as follows:

Periodicity can be detected. Our method con-
firms that, although it is a subtle phenomenon, the
periodicity of information can be detected at the
single document level. It is validated that there is a
considerable proportion of human-written language
that exhibits significant periodicity of information.

Sources of periodicity. We find evidence for pe-
riods that are not purely due to the linguistic struc-
tures, such as sentences, paragraphs, and EDUs.
This indicates that there are other factors than struc-
tural information processing pressure that cause
periodicity, which needs to be studied in future
work. We speculate that the longer periods detected
could be due to some latent structures (such as
topic) that span across multiple paragraphs.

Usability in human-machine distinction. APS is
not a regression-based technique that focuses on
analysis, but rather a detection method that at-
tempts to extract useful cues about how information
distributes temporally given any input text. There-
fore, it has potential in distinguishing human- vs.
model-generated texts, under the basic assumption
that human language production is a cognitively-
constrained process.

Limitations

Within the scope of this study, we consider the fol-
lowing limitations, which we believe can be further
addressed in future work. Firstly, this study only
examines English and Chinese texts. As languages
differ in structure, we believe that our proposed APS
method might vary in performance across different
texts from different language.

Secondly, our detection results in Section 5.1
suggest that the periodicity of information is influ-
enced by text genre. We also find that parts of the
detected periods cannot be explained by local struc-
tural units, as discussed in Section 5.2. However, we
do not further analyze the sources of these periods
or potential factors that influence the periodicity of
information, leaving these inquiries to future work.

Thirdly, the performance of AutoPeriod might
not be as accurate in detecting signals with short
periods as those with long periods. The correspond-
ing frequencies of the component signals returned
by DFT distribute unevenly on the axis of period
length. Components with short periods are more
densely distributed than those with long periods.

When searching for period hints by random per-
turbation, short periods are thus more likely to be
false positives. From the distribution of the detected
periods, we observe that the prominent peak in the
region of short periods tends to shrink when the
confidence level is set higher. The observation in-
dicates that the detection of short periods is less
robust.

Ethics Statements

A potential ethical issue of this research results
from the discovery of significant differences in
periodicity of information between human- and
model-generated texts (Section 7). While a promis-
ing application of this is the detection of LLM-
generated text, such applications have the potential
to be misused. Direct conclusions should not be
drawn when a text is identified as having unusually
high periodicity, as this could be caused by various
factors, such as the use of an LLM-based writing
assistant, the author’s individual style, or the au-
thor writing in a second language (which can result
in more regular, formulaic expression). Detection
results should thus be approached with caution.

The text examples shown in Figures 1 and 6 are for
illustrative purposes only, which is in compliance
with the fair use license of the Linguistic Data
Consortium.
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Table 6: Significance test of all the amplitudes in HR
models using APS hints as scaling factors on WSJ (P,
portion).

Table 7: Significance test of all the amplitudes in HR
models using APS periods as scaling factors on WSJ (P;
portion).
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A Implementation Details of APS

A full version of the APS algorithm is presented in
Algorithm 3. In contrast to the abbreviated pseudo-
code presented above in Algorithm 2, it details the
process of determining the search window W, the
linear regression-based hill validation, and the final
period selection strategy.

B Amplitudes and Corresponding
p-Values of HR Modeling

To verify the periodicity of information identified
by APS, we fit HR models using the hints and valid
periods returned by APS as the scaling factors, and
examine the significance of the harmonic terms. We
simplify the experimental setting of HR modeling,
picking 10 terms (K = 10) in Equation (2), and
fitting the model on the entire document set of WSJ.
The amplitudes Ay and the corresponding p-values
of the coefficients §1 x and S, are reported in
Tables 6 and 7.

C Full Results of Human vs. Generated
Texts

We provide the full results of the detection of peri-
ods in human-written vs. LLM-generated texts in
Table 8, including the counts and ratios of docu-
ments with non-empty period hints (| P;|) and valid
periods (|P>|) identified by APS in three corpora.
For FACE, we choose the News portion of the

dataset in both English and Chinese, and select
the texts generated by LLaMA3-70B and Qwen2-
72B as the LLM-generated texts, respectively. For
EvoBench, we choose the XSum portion of the
dataset, and select the subset generated by GPT-40
as the LLM-generated texts.

D A Complete Example of APS on a WS]J
Document

For a text sample from document #2380 from PTB-
WSIJ (presented in Figure 6), we apply APS to detect
the periods of surprisal. In the token surprisal curve,
shown in Figure 7, we mark the intervals of para-
graphs with dashed red lines. The average length of
the paragraphs is 61.76 tokens. The periodogram of
the surprisal curve is shown in Figure 8, where the
dashed lines represent different confidence levels,
and the period hints above the 99% confidence level
are marked with crosses. The candidate periods are
60, 99, 101, 374, and 403 tokens. The ACF curves at
the period hints of 61, 99, and 375 tokens (the best
splits within the windows) are shown in Figure 9a,
Figure 9b and Figure 9c respectively. We use ACF
curves to filter and refine the period hints. For this
example, the period hint of 403 tokens is filtered
out, and the period hint of 99 tokens is refined to
101 tokens. The final detected valid periods are 61,
101, and 374 tokens.
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Algorithm 3 ACF Filtering (full version)

1:
2
3
4
5:
6
7
8

9:
10:
11:

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

25:
26:
27:
28:
29:
30:

31:
32:
33:
34:

function ACFFILTERING(X, periodHints)
N « X.length
ACF « GeTACF(x)
M «— periodHints.length
refinedPeriods «— {}
fori=1toM do

T « periodHints|[i]
T «— N/k « periodHints|[i]

Tprev < N/(k-1)
Toext < N/(k+1)

W — [T+;next _ 17 T+72—prev + 1]
€min ¢~
Tpest < —1

slope; < 0, slopep < 0
for each # in W do
Split W at ¢ into L and R

slope’, , €} « LINEARREGRESSION(L,ACF[L])
slopely, € < LINEARREGRESSION(R, ACF[R])

if €] + €} < €min then
to, ot
€min < €] + €q

Thest < 1

> Determine search window using adjacent periods

slope; « slope, , slopeg — slopey

end if
end for

01, « arctan(slope;)/(7/2)
Or « arctan(slopeg)/(n/2)
AO — |0L - 9R|

isHill « (slope; > slopegp) A (A6 > 0.01)

if isHill then

Trefined <— FINDPEAK(ACF, W, tyeg)

refinedPeriods.ADD(Tiefined)
end if

end for
return refinedPeriods

35: end function

> Find optimal split point using linear regression

> Validate if the split forms a hill

> Select peak within window as final period
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Table 8: Counts and ratios of documents with non-empty period hints (| P1|) and valid periods (| P,|) identified by
APS in human-written vs. LLM-generated texts across three corpora.

EvoBenchg, FACE., FACE,;,
Human GPT-40 Human LLaMA3-70B Human Qwen2-72B
|Z] 150 150 5000 5000 5000 5000
| P 9 19 1032 1882 1209 1592
| Ps| 5 11 740 1503 943 1231
Pil/is) 6.00% 12.67% 20.64% 37.64% 24.18% 31.84%
P21/ 1py) 55.56% 57.89% 71.71% 79.86% 78.00% 77.32%
1P2l/i51 3.33% 7.33% 14.80% 30.06% 18.86% 24.62%

Friday , October 13 , 1989

The key U.S. and foreign annual interest rates below are a guide to general
levels but do n’t always represent actual transactions .

PRIME RATE : 10 1/2 % . The base rate on corporate loans at large U.S. money
center commercial banks .

FEDERAL FUNDS : 8 13/16 % high , 8 1/2 % low , 8 5/8 % near closing bid , 8 3/4
% offered . Reserves traded among commercial banks for overnight use in amounts
of $ 1 million or more . Source : Fulton Prebon ( U.S.A . ) Inc .

DISCOUNT RATE : 7 % . The charge on loans to depository institutions by the New
York Federal Reserve Bank .

FEDERAL HOME LOAN MORTGAGE CORP . ( Freddie Mac ) : Posted yields on 30-year
mortgage commitments for delivery within 30 days . 9.91 % , standard conventional
fixedrate mortgages ; 7.875 % , 2 % rate capped one-year adjustable rate mortgages
. Source : Telerate Systems Inc .

FEDERAL NATIONAL MORTGAGE ASSOCIATION ( Fannie Mae ) : Posted yields on 30 year
mortgage commitments for delivery within 30 days ( priced at par ) 9.86 % ,
standard conventional fixed-rate mortgages ; 8.85 % , 6/2 rate capped one-year
adjustable rate mortgages . Source : Telerate Systems Inc .

MERRILL LYNCH READY ASSETS TRUST : 8.33 % . Annualized average rate of return
after expenses for the past 30 days ; not a forecast of future returns .

Figure 6: Sample text from document #2380 from the PTB-WSIJ corpus.
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Figure 7: The token surprisal curve of document the #2380 from the PTB-WSJ corpus shown in Figure 6. The
dashed red lines indicate the intervals of paragraphs. The average length of the paragraphs is 61.76 tokens.
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Figure 8: The periodogram of the surprisal curve in Figure 7. The dashed lines represent different confidence levels.
The period hints above the 99% confidence level are marked with crosses.
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(a) ACF at the period hint of 61 tokens.  (b) ACF at the period hint of 99 tokens. (c) ACF at the period hint of 375 tokens.

Figure 9: Examples of the ACF curves at the period hints 61, 99, and 375 returned by APS. The yellow split points
are the optimal split points determined by the linear regression-based hill validation, the green peak points are the
peaks within the search windows.
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