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Abstract

Word predictability affects comprehension and speech per-
ception, yet its role in intercomprehension — understanding
foreign languages without prior learning — remains under-
studied. While surprisal and entropy, derived from lan-
guage models (LMs), capture different aspects of predicta-
bility, this study aims to explore how these estimates ex-
plain intercomprehension success. We asked German and
English native speakers to translate Dutch cognates from
spoken utterances with varied predictability. We extracted
the estimates from cascade Automatic Speech Recognition
with LM and LM-only approaches. Results revealed that
both approaches explained translation accuracy to a similar
extent, but only LM-only estimates were significant. Also,
German speakers seem to leverage contextual information
as in native comprehension, while English speakers do not.
These findings highlight that beyond LM-based estimates,
typological proximity shapes intercomprehension in varied
predictability contexts.

1 Introduction

Intercomprehension refers to the ability of speakers to un-
derstand foreign but related languages without prior study
by leveraging their existing linguistic knowledge, either
in their first (L1) or second (L2) language [1, 2]. This
phenomenon is facilitated by linguistic similarities be-
tween languages, such as phonemes, lexicon, vocabulary,
and grammar. However, beyond these structural similar-
ities, other factors that influence cognitive load and con-
sequently language comprehension may also play a role.
One such factor is word predictability [3].

Predictability, the expectation of upcoming words, is a
key component of language comprehension [3-5]. It re-
flects how likely a word is to occur based on contextual
information and prior linguistic knowledge. Predictabil-
ity is high when context strongly constrains the continua-
tion of a sentence (e.g., houses in People live in houses.),
and conversely, low when context provides little guidance
(e.g., houses in He turned and saw the houses.). Extensive
research has shown that word predictability contributes to
reading [6, 7] and listening comprehension in native and
non-native speech [8]. However, its role in intercompre-
hension, where listeners attempt to understand an unfamil-
iar but related language, remains largely unexplored.

A useful framework for quantifying predictability
comes from statistical language models (LMs), which es-
timate the likelihood of words in a sequence based on
learned linguistic patterns. Two key LM-based estimates
— surprisal and entropy — capture different aspects of pre-
dictability [9]. Surprisal is the negative logarithm of a
word’s probability. It measures how unexpected a word is
given its preceding context, with higher surprisal indicat-
ing lower predictability. Entropy, on the other hand, is the
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weighted sum over the surprisal of all the words that could
appear in the word’s position. It quantifies the uncertainty
in predicting the next word, with higher entropy suggest-
ing a broader range of plausible continuations. These es-
timates have been shown to correlate with human compre-
hension performance, like with self-paced reading times
[9], and have been linked to success in intercomprehension
tasks, such as translating multiword expressions [10, 11].

Despite these connections, it is unclear how surprisal
and entropy explain the ease or difficulty of understanding
foreign but related languages, as in intercomprehension,
when contextual predictability varies. In this study, we
aim to investigate how word predictability influences in-
tercomprehension success by manipulating the contextual
predictability of target words in sentences and examining
how these two LM-based estimates relate to it.

To this end, we focus on three Germanic languages:
Dutch, German, and English. We conduct a free trans-
lation experiment where native speakers of German and
English listen to Dutch spoken utterances and attempt to
translate the final word (cognate) of each sentence. To sys-
tematically manipulate word predictability, we modify the
preceding sentence context, making the final word either
highly or less predictable. We then use LM-based surprisal
and entropy as predictors to examine whether they explain
variations in translation success, shedding light on the cog-
nitive mechanisms underlying intercomprehension and the
role of probabilistic linguistic expectations in this process.

2 Method
2.1 Stimuli

We selected 15 cognates shared across Dutch, German,
and English, ensuring that their lemma frequencies ex-
ceeded 20 per million in CELEX [12] and 10 per mil-
lion in SUBTLEX [13-15]. For each cognate, we iden-
tified one word-based Dutch trigram with high surprisal (a
prepositional phrase) and one with low surprisal (a noun
phrase). These trigrams were translated into German and
English while maintaining their surprisal levels. To en-
sure linguistic consistency, we extracted the trigrams us-
ing monolingual language models trained on CGN [16] for
Dutch, ukWaC for English, and deWaC for German [17]
following the practice in [18]. Rather than applying ab-
solute surprisal thresholds, we used relative comparisons
across models and datasets. Note that the phrase structures
were tangled with high/low surprisal values for consistency
across languages. Lastly, for each trigram, we created two
Dutch sentences where the target word (i.e., the cognate)
was either highly predictable or less predictable, resulting
in four sentences per cognate. Also, in the German and
English translations of the Dutch sentences, cognates were
always placed at the sentence-final position to control for
syntactic and grammatical effects. The translations were



Word Trigram Sentence
predictability surprisal example
Pred High De jongen raakte de bal met de arm.
(The boy touched the ball with the arm.)
. Hij maakte een mooie beweging met de arm.
Unpred High (f—le made a nice movemen‘;g wigth the arm.)
Pred Low Hij masseerde zachtjes zijn andere arm.
(He gently massaged his other arm.)
Unpred Low Ze toonde trots zijn andere arm.

(She proudly showed his other arm.)

Table 1: Example of sentences for the target word “arm”
(in bold) with selected word-based trigrams (underlined) in
four conditions. English translations of the sentences are
in brackets.

reviewed by native German and English speakers. Alto-
gether, we generated 60 sentences, categorized into four
conditions based on word predictability and trigram sur-
prisal (see Table 1 for an example with “arm”).

Before conducting the free translation experiment, we
validated the stimuli by presenting 30 pairs of sentences,
each pair containing two sentence variants of a cognate’s
trigram, to 32 Dutch native speakers. They indicated which
sentence provided a better contextual fit for the final word.
These participants were balanced in gender and under 54
years old. The selection preferences showed a moder-
ate, significant correlation with the difference in cognate
surprisal, obtained from the pre-trained Dutch language
model GroNLP/gptZ-small-dutCh1 [19], between sentence
pairs (Spearman r = 0.47, p = 0.022).

Following validation, a 27-year-old female Dutch na-
tive speaker recorded the sentences in a self-paced reading
session. The recordings were made at 44.1 kHz, then re-
sampled to 16 kHz and adjusted to 70 dB. Cognate record-
ings were extracted from the corresponding sentential ut-
terances for use in the experiments detailed in Section 2.2.

2.2 Experimental design

We conducted two versions of free translation experiments
(Audio vs. AudioText) via Labvanced [20] where native
German or English speakers were asked to translate the
cognate at the end of the utterance within a time limit. In
both versions of the experiments, participants were pre-
sented with two audio clips, one for the whole sentence
including the cognate, and the other one with only the cog-
nate extracted from the whole-sentence utterance. They
were allowed to listen to each audio clip three times max-
imum and minimum once to the whole sentence to ensure
their exposure to the sentential context. The allotted time
for translating one cognate was 10 seconds per cognate
and 3 seconds per contextual word represented by the yel-
low hourglass in Figure 1. The two experiments differ in
whether the written text of the sentential context is given
in addition to the audio clips, as shown in Figure 1.

2.3 Participants

We recruited our participants via Prolific? with a compen-
sation of 12€/h. The number of participants for each ver-
sion of the experiment with each condition for each lan-
guage is shown in Table 2. All the participants were adults
and not older than 62 with no self-reported hearing loss.
None of them had learned Dutch before, with very limited

Uhttps://huggingface.co/GroNLP/gpt2-small-dutch/
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Listen to the sentence and translate the last word (noun) in the sentence within the time limit.
Click on the display buttons below to listen to the whole sentence (left) and the last word (right).
You are allowed to listen to each of them up to 3 times.

Except for the last word, written context is also provided.

Trial 1: Sentence: The last word to be translated:

Context: De leerkracht legde het fenomeen uit aan een kleinere
~/
35 X

Put your translation of the last word below. If you don't know, put XXX below.
When finished, click the 'Next' button to move on to the next trial.

Accuracy: 0%

Figure 1: Screenshot of the AudioText version of the ex-
periment for English participants.

Language Word Trigram  Nr of participants

predictability surprisal (Audio / AudioText)
Pred Low 17714
German Unpred pr 20/12
Pred High 19/18
Unpred High 19/17
Pred Low 20/21
. Unpred Low 19/20
English Pred High 20/20
Unpred High 19/20

Table 2: Number of participants for German and English
in each of the four conditions.

previous exposure to Dutch. The studies were approved
by the ethics committee of Saarland University, and all our
participants gave their consent before participation.

2.4 Surprisal and entropy extraction

To address our research aim, we extracted surprisal and en-
tropy estimates through two approaches: (1) cascaded Au-
tomatic Speech Recognition (ASR) system with LM and
(2) LM only. The estimates were extracted for (1) cog-
nates given their context and (2) averaged over the whole
sentence. The latter were calculated by first summing the
values of each word in the sentence given their preceding
context, and then dividing by the total number of words.
In total, we had eight variables, and they were all scaled to
their means. Details are explained below:

(1) cascaded ASR with LM: We first applied monolin-
gual ASR models of German and English to Dutch audios
to generate transcriptions and used the generated transcrip-
tions as inputs for monolingual LM models of German and
English to extract surprisal and entropy estimates. This ap-
proach was to emulate native German and English speakers
listening to Dutch spoken utterances.

(2) LM only: In this approach, the inputs to monolin-
gual LMs were sentential contexts in Dutch and cognates
in German/English. This approach was to emulate German
and English speakers reading Dutch context while being
able to recognise the cognates, as participants can experi-
ence in the AudioText version of the experiment.

The ASR models were jonatasgrosman/wav2vec2-
large-xIsr-53-german’® for German and jonatasgrosman/
wav2vec2-large-xlsr-53-english* for English [21]. Both
ASR models were based on facebook/wav2vec2-large-

3https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-53-
german/

“https://huggingface.co/jonatasgrosman/wav2vec2-large-xlsr-53-
english/



xlsr-53 [22] and fine-tuned in German/English using the
train and validation splits of Common Voice 6.1. The LM
models are Transformer-based, GPT models, meaning that
the models see the preceding context all at once in contrast
to the traditional n-gram models that see only the nearest
n-1 words. The LM models are benjamin/gerpt2’ for Ger-
man [23] and openai-community/gpt2° for English [24] .
We used minicons [25] to extract surprisal values.

2.5 Statistical analyses

To address whether the LM-based estimates can predict
cross-language intelligibility (reflected by the correctness
of our participants’ translations) obtained at different
levels of word predictability and trigram surprisal, we con-
ducted generalized linear mixed-effect models (GLMMs)
to examine the contribution of our LM-based estimates in
addition to other experimental factors. We used ggplot2
[26] for visualization and glmer function in the Ilme4
package [27] for GLMMs, both implemented in R [28].
The experimental factors include experiment version
(binomial variable exp_version being Audio or Audio-
Text), trigram surprisal (binomial variable trigram_surp
being Low or High), and word predictability (binomial
variable word_pred being Pred or Unpred) in explaining
cross-language intelligibility, reflected by translations
being correct or not (binomial variable is_correct). The
GLMMs were fitted separately for German and English
with the same formula:

is_correct ~ exp_version + trigram_surp * word_pred
+ estimateX
+ (1 | participant_id) + (1 | cognate)

where estimateX is a selection of the eight estimates ex-
plained in Section 2.4. The reference levels of the variables
are 0 (incorrect) for is_correct, Audio for exp_version,
Low for trigram_surp, and Pred for word_pred using
dummy coding. We also included random intercepts for
participants (participant_id) and items (cognate) for both
German and English and random slopes of High and Un-
pred for cognate for German due to better model fit, i.e., a
lower Akaike information criterion (AIC) score.

3 Results and discussion
3.1 Descriptive results

The percentage of correct translations averaged for cog-
nates is shown in Figure 2. It is clear from the plot that our
German participants showed higher accuracy than English
ones, with “Pred.Low” level surprisingly having the lowest
accuracy. This contrasts with our expectation in stimulus
design and implies the difference between native language
comprehension (as in our stimulus validation) and inter-
comprehension (as in the free translation experiment) tan-
gled with different inputs. That is, native language com-
prehension is multiple-choise-based, reading-related com-
prehension while intercomprehension is translation-based,
listening-related comprehension across languages.

Shttps://huggingface.co/benjamin/gerpt2/
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Figure 2: Percentage of correct translations for German
and English averaged for items across levels of word pre-
dictability (word_pred being Pred or Unpred) and trigram
surprisal (trigram_surp being Low or High). For each lan-
guage, the violin diagrams are organized from left to right
in the order of left to right in the legend.

3.2 GLMM results

Before implementing the GLMM models, we applied Vari-
ance Inflation Factor (VIF) and partial correlations to
check the collinearity between the eight estimates. The
VIF’ reported values between 1 and 2 (mean = 1.39, SD =
0.21), suggesting a weak collinearity. We also found cor-
relations among the estimates regardless of approaches.

To reduce the collinearity between the estimates and
experimental factors, we extracted the residuals by imple-
menting Im(estimateX ~ trigram_surp+ word_pred)
and used the residuals instead of the estimates them-
selves in the GLMMs. We iteratively used one esti-
mate and selected the best estimates from the two ap-
proaches by comparing AIC. While the best estimate
of the cascaded approach was cognate surprisal (as-
rlm_cgnt_surp_resid), those of the LM-only were sentence
entropy (Im_sent_entr_resid) for German and sentence sur-
prisal for English (Im_sent_surp_resid).

The results of fixed effects are shown in Table 3. For
both our German and English responses, we observed
significant effects of those extracted from the LM-only
approach but with different directions. Specifically, for
our German participants, higher sentence entropy leads
to lower accuracy (Estimate = -8.8947), meaning that the
higher the uncertainty of the sentence-final cognates given
their context, the participants are more likely translate the
cognates incorrectly. This implies our German participants
were influenced by the contextual cues. Whereas higher
sentence surprisal leads to higher accuracy for our English
participants (Estimate = 2.6463). This indicates that the
higher the unexpectedness of our cognates given their con-
text are, the higher the translation accuracy. This seems
to suggest that when the contextual cues are not able to
provide guidance, participants are less likely influenced by
the context and focus only on the cognates themselves.
The non-flat standard errors for German could be due to
the random slopes, removing which leads to more stable
estimates but similar results. On the other hand, provid-
ing additional written forms of the context led to signif-
icantly higher accuracy (Estimate = 0.5890), suggesting
that our English participants encountered more difficulties
compared to our German participants in spoken intercom-
prehension and leverage more direct information (i.e., writ-
ten form rather than the context in spoken utterance itself).

Further, the estimates derived from the cascaded ASR-
LM approach did not show significant contributions but

Tvia glm(is_correct ~ all_estimates)



Language Fixed Effect Estimate Std. Error zvalue Pr(>|z|) Sig.

German (Intercept) -3.6771 1.2473  -2.948 0.003197 *%
High 4.5669 1.3308 3432 0.000600 ***
Unpred 5.3048 1.4812 3.581 0.000342  #**
AudioText -0.2703 0.2349  -1.150 0.249941
asrlm_cognate_surprisal_resid -3.8585 2.1252  -1.816 0.069432
Im_sentence_entropy_resid -8.8947 24879  -3.575 0.000350  kx*
High:Unpred -5.6716 0.7376  -7.689 1.48e-14  ***

English (Intercept) -4.7178 0.5049 9344 < 2e-16 F**
High 1.7842 0.3756 4751  2.03e-06 ***
Unpred 2.5041 0.3616 6.925 4.36e-12 ***
AudioText 0.5890 0.1949 3.021 0.00252  **
asrlm_cognate_surprisal_resid 1.2444 0.6743 1.846 0.06496
Im_sentence_surprisals_resid 2.6463 0.5581 4741  2.12e-06  ***
High:Unpred -2.2191 0.4535 -4.893 991e-07 H**

Table 3: Fixed effects of glmer models for German and English data. Significance (Sig.) codes: *** p < 0.001, **

p < 0.01, and * p < 0.05.

fell in the same direction as those from LM-only approach
for each language. As the ASR models were “listening”
to a foreign language and they may insert noises in their
transcriptions, leading to insignificant contributions.

The contrasting results between German and English
suggest that higher-level information (e.g., surprisal and
entropy estimates related to predictability) is effectively
utilized in comprehension when the two languages have
closer typological proximity [29], as seen with Dutch
and German. In contrast, when the linguistic distance is
greater, as with English, listeners struggle to leverage con-
textual cues as they would in their native language.

In addition, we found significant main effects of tri-
gram_surp (High) and word_pred (Unpred), both of which
positively affected translation accuracy, as also shown in
Figure 2. This outcome contradicts our initial expecta-
tions from stimulus validation, which was that sentences
less preferred by Dutch native speakers and trigrams with
high surprisal values would hinder cognate recognition.
These findings suggest that cross-language comprehension
does not necessarily follow the same patterns as native lan-
guage comprehension. However, in trigram_surp, we ob-
served a significant interaction with word_pred, indicating
that shifting from predictable to unpredictable sentences
reduces the likelihood of correct translations, which is con-
sistent with our expectation in stimulus validation.

3.3 Limitations

Our GLMM results did not fully align with our expecta-
tions in stimulus validation. However, within High sur-
prisal trigrams, lower word predictability (Unpred) was
associated with reduced translation accuracy. Notably,
our surprisal manipulation was confounded with syntac-
tic structure: high-surprisal trigrams were prepositional
phrases and low-surprisal ones were noun phrases. This
confound issue may have influenced the unexpected out-
comes, highlighting the need for future work to separate
the effects of surprisal from syntactic structure. Another
limitation is that our English participants showed the oppo-
site performance to our German participants. Future stud-
ies could include comprehension questions, analyze word
similarity (e.g., the degree of cognate overlap or linguis-
tic distances) in context, or use stimuli validated across all
three languages to better understand its role in intercom-
prehension.

4 Conclusion

We investigated how language models (LM)-based esti-
mates (surprisal and entropy) relate to the translation ac-
curacy of cognates when we manipulated the contextual
predictability of target cognate words in sentences. We
conducted two versions of the free translation experiment
with (1) audio-only input and (2) context in written form
alongside the audio input. We included three Germanic
languages: Dutch, German, and English. These three lan-
guages have different distances: Dutch and German have
generally lower language distances (i.e., higher typological
proximity [30]) than Dutch and English concerning syntax
(word order), grammar complexity, vocabulary (lexicons),
etc [31]. This provided a rich, varied linguistic domain
for studying. The surprisal and entropy estimates were
extracted via two approaches: Dutch spoken utterances
transcribed with an Automatic Speech Recognition (ASR)
system and then scored with an LM, and Dutch sentences
scored by an LM only. These two approaches aimed to em-
ulate German and English speakers listening to Dutch spo-
ken utterances and reading Dutch sentences, respectively.

Though our findings reveal a contrast between German
and English participants in translating Dutch words, LM-
based surprisal/entropy estimates generally can be used to
explain our participants’ responses to a certain extent. For
German speakers, higher surprisal and entropy values were
associated with decreased translation accuracy, whereas
English speakers exhibited the opposite pattern. This sug-
gests that when two languages share greater typological
similarity (e.g., Dutch vs. German), listeners can leverage
contextual predictability, much like in native language pro-
cessing. In contrast, speakers of more distant languages
(e.g., English) struggle to make use of contextual cues.
Additionally, the expected effects of sentence- and phrase-
level predictability did not align with our predictions based
on our stimulus validation. This discrepancy highlights
a fundamental difference between cross-language compre-
hension and monolingual (native) processing.
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