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Abstract

In this paper, we propose and demonstrate
an novel computation of wordwise surprisal
within the information-theoretic Topic Context
Model (TCM). Rather than calculating the av-
erage surprisal as in previous studies, the TCM
is redefined to output a simple, non-averaged
surprisal value. This adjustment facilitates a
more straightforward comparison with other
common surprisal models and measures, such
as n-gram surprisal.

1 Introduction
In previous studies, the Topic Context Model
(TCM) has been successfully applied to a
wide range of tasks, including keyword extrac-
tion (Kölbl et al., 2020, 2021; Philipp et al., 2022),
identification of idioms (Philipp et al., 2023), the
analysis of expressivity of intensifiers (Philipp
et al., 2024), subtext detection (Philipp et al.,
2025b,c), and calculation of semantic informa-
tion (Philipp et al., 2026). More recently, Philipp
(in press) conducted a detailed examination of
the TCM’s surprisal formulas, uncovering several
noteworthy patterns and interrelations in the
behaviour of the surprisal values. However, all
prior approaches share a common characteristic:
the TCM computes an average surprisal, whereby
a separate surprisal score is calculated for each
topic and subsequently averaged. In this paper, we
propose a reinterpretation of the TCM in which
the calculation of average surprisal is replaced by
a single, unified surprisal value. As demonstrated
in Philipp (in press), the mean level of the average
surprisal is systematically elevated, an effect that
arises solely from the number of topics in the
model. Furthermore, Philipp et al. (2024) demon-
strated a substantial discrepancy in surprisal values
between the TCM and unigram models, which has
hitherto complicated direct comparisons between
them. The new formulation is evaluated through a

comparative analysis analogous to that presented
in Philipp (in press). This analysis contrasts the
behaviour of the revised surprisal measure with
that of the original approach.

2 Topic Context Model
The Topic Context Model (TCM) (Kölbl et al.,
2020, 2021; Philipp et al., 2022, 2023, 2024,
2025a,b,c, 2026; Philipp, in press)1 is based on the
Surprisal Theory of Hale (2001) and Levy (2008).
It builds on Shannon’s information theory (Shan-
non, 1948, 1951) and on Dretske (1981), who dis-
tinguished between the quantitative measure of in-
formation in Shannon’s sense and semantic infor-
mation, which transfers knowledge. Both types of
information have an impact on brain activity. This
is the starting point for the Surprisal Theory, which
links information to the cognitive processing effort
required (see, the convincing studies of Bentum
et al. (2019), Wilcox et al. (2023)). TCM mea-
sures surprisal, a quantitative measure which, in
addition, due to its context, also incorporates the
linguistic property of meaning.

The surprisal of a word w depends on its condi-
tional probability in a given context, see Formula 1.
Currently the TCM calculates the surprisal(wd) for
a word w in a document d, as the average over the
topics of the underlying topicmodel, see Formula 2
(see Philipp (in press) for the evolution of the TCM
formulas).

Here, cd(w) is the frequency of a word w given
a document d, |d| is the total number of words in
the document d, so cd(wd)

|d| denotes the relative word
frequency in a document. Further ϕ ∈ {0, 1} de-
fines whether to use the relative word frequency
or exclude it from the calculations, Td is the topic
distribution T of the document d and let it be in-
dexed such that P (ti|d) ≥ P (tj |d) if and only
if i ≤ j. Then pick a µ ∈ (0, 1], also called

1https://github.com/jnphilipp/tcm
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surprisal(wi) = − log2 P (wi|w1, . . . , wi−1,CONTEXT) (1)

surprisal(wd) = −ϕ log2
cd(wd)

|d|
− 1

|Td|
∑
i∈Td

log2 (P (ti|d)f(wd, ti)) (2)

threshold, and let kµ be the largest integer such that∑kµ
i=1 P (ti|d) ≥ µ. For kµ = 0 we still require

Tµ
d = {1} in order to keep the sets non-empty. See

Formula 3 for the definition of f(wd, ti), which
gives the probability P (w|ti).

Here WT is the normalised word topic distribu-
tionWT ∈ R|T |×N of the Latent Dirichlet Alloca-
tion (LDA, the underlying topic model, Blei et al.
(2003)2) and N is the number of words. Further,
we denote the entries of WT by WTwd,ti and the
columns inRN , which correspond to the topics, by
WTti . The notation w ∈ WT means that there
exists a row of WT corresponding to the word w.
The case that w ̸∈ WT only occurs when using a
TCM that was trained on different words than us-
ing to calculate surprisal for, i.e., a trained TCM
is used on texts that were not part of the training
corpus with new words.

So currently the underlying probabilityP (wd|ti)
is calculated as in Formula 4.

P (wd|ti) = P (ti|d)f(wd, ti) (4)

The first change proposed is to reformulate the
probability P (w) and calculate it according to For-
mula 5.

P (wd) =
∑
i∈Td

P (ti|d)f(wd, ti) (5)

Estimating thatP (wd) has the following bounds:
minti P (w|ti) ≤ P (w) ≤ maxti P (w|ti). The
relative word frequency cd(wd)

|d| , will no longer be
part of the surprisal calculation, as it behaved as a
summand (see Formula 2). Thus the surprisal for
the TCM can now be calculated according to For-
mula 6.

surprisal(wd) = − log2
∑
i∈Td

P (ti|d)f(wd, ti)

(6)
2model.components_ /

model.components_.sum(axis=1)[:, np.newaxis] as
suggested by https://scikit-learn.org/stable/
modules/generated/sklearn.decomposition.
LatentDirichletAllocation.html

Note that using the TCM with just one topic is
roughly equivalent to an unigram surprisal model.

3 Text Corpora
In total, five corpora are used in this analysis.
Four corpora from the Leipzig Corpora Collec-
tion (Goldhahn et al., 2012)3, the German news
corpora from the years 2020 to 2023, each with
1 million sentences. The other corpus is a collec-
tion of Tweets and Youtube comments, which were
grouped together into longer text.

4 Results
For each of the five corpora, four TCMs were
trained, with 10, 20, 50 and 100 topics respectively,
with the threshold µ = 1. Figure 1 shows the aver-
age surprisal distribution with µ = 1 for all topic-
corpus-distributions and Figure 2 shows the same
distributions for suprisal based on Formula 6.

Figure 1 shows that for the average surprisal, the
increase of the number of topics the overall level of
the average surprisal values also increases, while
the spread of the average surprisal values stays the
same. In contrast Figure 2 shows that for the new
surprisal formulas the overall level of the surprisal
values is significantly lower than for the average
surprisal. It also shows that increasing the number
of topics the overall level of the surprisal values de-
creases, but far less than it increases for the average
surprisal. The spread of the surprisal values stays
also the same.

Figure 3 and Figure 4 show the spread of the
surprisal values for each word in the corpora. For
the Wortschatz news corpora, Figure 3 shows, that
the spread per word of the average surprisal values
is quite low, for the Twitter/YouTube corpus it is
about double that. But overall the spread per word
stays consistent for the different number of topics.

Conversely, Figure 4 discloses a considerably
broader distribution of surprisal values for 10 sub-
jects, marked by a substantial number of elevated
outliers. This pronounced variability is observed
almost exclusively in the Wortschatz corpora. For

3https://corpora.uni-leipzig.de
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P (w|ti) = f(wd, ti) =

{
WTwd,ti for w ∈ WT
1
N for w ̸∈ WT

(3)

Figure 1: Average surprisal distribution based on Formula 2, from Philipp (in press).

Figure 2: Surprisal distribution based on Formula 6.



Figure 3: Average surprisal spread distribution

Figure 4: Surprisal spread distribution



the remaining corpora, the spread of surprisal val-
ues is considerably smaller. There are also hardly
any differences in the distribution of the surprisal
values across the other topics. As demonstrated in
Figure 4, the surprisal values exhibit a wider dis-
tribution than in Figure 3. However, for the Twit-
ter/YouTube corpus, the spread remains compara-
ble. Notably, Figure 4 highlights a higher preva-
lence of outliers.

5 Conclusion

In this paper, we have demonstrated that replacing
the average surprisal with a unified, non-averaged
surprisal measure in the Topic Context Model
(TCM) leads to substantially lower surprisal values
while simultaneously increasing the spread of sur-
prisal per word. One should note that increasing
the number of topics has no significant effect on
the overall distribution and spread of the surprisal
values across the corpus. The number of topics still
has negligible systematic influence on the result-
ing surprisal scores, just like it does with the aver-
age surprisal. It is important to note, however, that
the present study focuses exclusively on a direct
comparison between the original and the revised
TCM surprisal formulations. Consequently, future
research should extend beyond this methodologi-
cal comparison and evaluate the practical implica-
tions and performance of the new surprisal mea-
sure in downstream NLP tasks and real-world ap-
plications.

Limitations

This paper contains only a short overall analysis
of the new TCM formula, with only the threshold
µ = 1, see Philipp (in press) for the influence of
the different thresholds on the original formula.

Secondly, the new unified surprisal calculation
is only been compared analytically in this paper
and not with downstream tasks as in previous pa-
pers.
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