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Information Density and Linguistic Encoding: Overview

Can language variation and use be explained using Information Theory (Shannon, 1948)?

Information Theory (IT) indices
The information content – or surprisal (Tukey, 1962) – of an individual event is calculated from
its probability as

I (X ) = − log2(probability)

The smaller the probability of an event, the greater its surprisal.

Average surprisal is information density, a measure of complexity used to approximate linguistic
effort or processing cost.

Other IT measures: entropy, Kullback-Leibler divergence (KLD)
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Surprisal as a proxy for cognitive processing difficulty
1 Foundations: surprisal predicts self-paced reading times

Difficulty of a word is proportional to its surprisal (Hale, 2001).
Expectation-based account of human language processing (Levy, 2008).

“A word’s predictability, as measured by surprisal, is a major determinant of processing
difficulty.” (Hahn et al., 2022)

2 GPT2-based surprisal approximates other psycho- and neurolinguisitc measures of human
language processing such as

N400 Effect, a specific brain response commonly associated with the brain’s reaction to
unexpected words (Huber et al., 2024; Michaelov et al., 2024),
continuation acceptability judgement task (Wallbridge et al., 2022),
reading times and eye-tracking metrics (Jaeger, 2010; Hao et al., 2020).

3 Memory-surprisal trade-off (MST), “lossy memory”
is an attempt to combine expectation-based and memory-based psycholinguistic accounts of
human language processing:

“A certain level of average surprisal per word can only be achieved at the cost of storing
some amount of information about past context.” (Hahn et al., 2022)

Natural languages are structured to minimize the effort required to store and retrieve
information while keeping surprisal as low as possible (Hahn et al., 2021)
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Information Density and Linguistic encoding: Projects

Area-A Situational Context and World Knowledge
• A1: Neurobehavioural Correlates of Surprisal in Online Comprehension
• A5: Language Experience and Surprisal for Learning and Memory
• A8: Adapting Text Generation to Individual Users
• . . .

Area-B Discourse and Register
• B1: Information Density in English Scientific Writing: A Diachronic Perspective
• B4: Modelling and Measuring Information Density
• B7: Translation as Rational Communication
• . . .

Area-C Variation in Linguistic Encoding
• C1: Information Density and the Predictability of Phonetic Structure
• C4: Mutual Intelligibility and Surprisal in Slavic Intercomprehension
• C7: Cross-linguistic Information-Theoretic Modelling of Communicative Efficiency

(psycholingustics, phonetics, language typology and contrastive studies, syntax and information
structure, discourse analysis, MT and translation studies)
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B7: Translation as Rational Communication

Rational communication: effective and efficient encoding is an optimal balance between the
available cognitive resources and the amount of transmitted information.

Can information-theoretical account explain translationese deviations?

Can departures from TL norms be viewed as rational information management?
Does translated language exhibit the right amount of wrong?

Key aspects and directions:
cross-lingual modelling
cross-modal comparisons
memory-surprisal tradeoff
annotated disfluencies and translation latency
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Surprisals from monolingual models for aligned segments

Human translation from EPIC-UdS corpus Google Translate
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Translation (interpreting) and language variation

Mediated language –
• is language produced as a result of translation or (simultaneous) interpreting,
• differs in systematic ways from texts originally authored in the target

language (TL),
• can be considered a TL subsystem (Chesterman, 2017).

Translationese –
• is systemic deviations of mediated language from the TL norm,
• reflects the specificity of the translation process,
• can be very subtle for an expert human eye (Wein, 2023) but is easily picked

up by a machine, esp. at the document level (chunks of 450 or 2000 tokens),
with accuracy over 85% on de-lexicalised features.
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Translationese studies

Translationese studies aims to capture and explain the specificity of translations.

The usual suspects (aka translationese-inducing factors):
• translation direction (distance between SL and TL): e.g. EN→DE ̸=DE→EN
• register: e.g. translationese in fiction vs. academic writing
• level of expertise/experience: e.g. professional vs student, professional vs. layman
• mode: translation vs interpreting

Underpinning theories:
Systemic Functional Grammar, Relevance theory, contact and contrastive linguistics,
psycholinguistics, risk management
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Typical corpus resources for a translationese study

Translations
(TL)

Sources (SL) Originals (TL)

translation detection tasksentence-aligned, parallel corpus

comparable
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Methodological paradigms

1 Statistical tests, single-feature classifiers (univariate analysis)
that-complementizer (Olohan, 2001)
phrasal verbs (Cappelle and Loock, 2017)
conjunctive markers, TTR, contracted forms, loan words (Redelinghuys and Kruger, 2015)

2 Text classification on feature vectors (multivariate approach)
on hand-crafted theory-based features (Evert and Neumann, 2017),
on n-grams (Popescu, 2011; Baroni and Bernardini, 2005; Lapshinova-Koltunski and Zampieri,
2018),

3 Neural feature-learning classifiers to solve
translation detection task (Pylypenko et al., 2021)
SL detection task (Sominsky and Wintner, 2019; Dutta Chowdhury et al., 2021)

early 1990s
corpus analysis

approx2006
SVM+features

approx2018
end-to-end learning LM approaches
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Described translationese trends (Chesterman, 2004)

• ‘shining through’ effect
• explicitation
• levelling-out
• lengthening

• simplification
• (over)normalization
• unique items hypothesis

‘Shining-through’ examples
Innenstadt → inner city
(alternative: city centre, downtown)

foreign accent jokes,
non-native language use
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Typology of research designs

... using information-theoretical (IT) indices such as surprisal, entropy, perplexity,
Kullback-Leibler divergence (KLD) in TS

Derivation: IT indices from LM or based on normed frequencies, inc. of translation
solution (Martínez and Teich, 2017; Wei et al., 2022)

Indexed item: text category (subcorpus) (Nikolaev et al., 2020; Martínez and Teich, 2017;
Bizzoni and Lapshinova-Koltunski, 2021), document (Hu and Kübler, 2021),
sentence (Rubino et al., 2016), token, e.g. discourse markers (Hu and Kübler,
2021; Lapshinova-Koltunski et al., 2022)

Usage: direct comparison of indices for items vs. features for a classifier to predict their
labels
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B7 Data: German ↔ English, European Parliament debates

EPIC-UdS (spoken): manually transcribed video recordings of parliamentary speeches and their
simultaneous interpreting Przybyl et al. (2022),

Europarl-UdS (written): transcripts of speeches (adapted for reading) and their written
translation from European Parliament website (extracted using Martinez’s pipeline ),

• original speeches delivered in L1,
• document- and segment-alignment,
• balanced across modes and directions,
• non-intersecting written and spoken

originals,
• lemmatised with Stanza Qi et al. (2020),
• unified punctuation across modes,
• annotated spoken features removed.

docs segs tokens
source target

sp DE-EN 165 3,247 56,142 49,265
EN-DE 137 3,435 64,645 46,462

wr DE-EN 170 2,796 67,726 77,427
EN-DE 170 2,790 67,965 66,462

(after filtering and pre-processing)

12 K segments, ca. 250 K tokens in each
language
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Surprisal-based translation detection

preprocessing options: raw tokens, Stanza tokens, Stanza lemmas,
setup: train on originals (3M tokens) separately for each language, test on mediated sets

and held-out originals (250K tokens)
models: KenLM 4gram, LSTM 4gram, (pretrained) GPT2 for EN (Schweter, 2020) and

DE(v1.0) (Radford et al., 2019), and multilingual GPT2

• SVM with linear kernel
• Baseline: 4 known translationese indicators (TTR, lexical density, mean dependency length,

mean hierarchical length)
• Surprisal-based features: mean segment surprisal (AvS), min and max, standard deviation
• Granularity: segment and document levels
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Evaluation results: binary SVM classification

Best-performing approaches vs baseline (min seg. length: 5)

Segment level F1-score

baseline surprisal best setup

sp 55.24 54.19 KenLM(tok)de wr 53.41 56.72 KenLM(tok)

sp 52.17 53.63 LSTM(lem)en wr 50.76 50.7 GPT2(detok)

Document level F1-score

baseline surprisal best setup

sp 75.43 67.91 KenLM(tok)de wr 66.32 69.27 KenLM(tok)

sp 67.3 62.85 LSTM(lem)en wr 63.07 55.03 KenLM(tok)

Translated German is more detectable than translated English.
For baseline traditional features spoken is more detectable than written,
for surprisal-based features - no consistency.
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How much information gets through (Kunilovskaya et al., 2023b)

(Source-Target surprisal correlations from parallel data)

Do the conditions of the mediation influence the information density (ID) of the message?
– based on average segment surprisal (AvS) from n-gram LM –

Mediation conditions
• written, spoken
• spoken: read out vs impromptu sources
• spoken: delivery of source (words/min)

Comparison methods
• regression,
• correlation analyses,
• statistical tests

Expectations:
• Positive association between sources and targets
• Lower less-correlated AvS in interpreting than in translation due to fluent simplified

production.
• Higher more source-correlated AvS in intuitively easier conditions

(impromptu, low speaker’s speech rate)
Is mediated language simpler or more complex than comparable non-mediated target language?
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Experimental Setup

Modelling decisions
• Each LM (de, en) uses all available data

(originals, translation)
• Point-wise probabilities are based on the

counts from the entire corpus, excluding
the current document,

• OOV: backoff to lower-order n-grams,
• Hapax legomena → UKN,
• n-grams respect sentence boundaries.

4-gram statistical LMs
for English and German

Average surprisal (AvS)
across segment tokens

Statistical analyses
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Experimental Setup

Surprisal as a measure of information density.

S(wi ) = −log2(P(wi |wi−3,wi−2,wi−1))

4-gram statistical LMs
for English and German

Average surprisal (AvS)
across segment tokens

Statistical analyses
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Experimental Setup

Hypotheses Estimation
cross-lingual analyses of AvS for aligned segs

• linear regression,
• correlation analyses (Spearman r)

monolingual comparisons –
• statistical significance tests

4-gram statistical LMs
for English and German

Average surprisal (AvS)
across segment tokens

Statistical analyses
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Association sources – targets

direction mode r

DE-EN written 0.47
spoken 0.48

EN-DE written 0.51
spoken 0.44

There is a reasonably strong association between sources and targets.
Given the same information input, translators produce more informative output.
Slope: +0.5 bit in output per 1 bit of input. → Mediated language is denser than sources!
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Are mediated texts simpler than comparable TL originals?

Mediated language has lower levels of surprisal than TL originals
(except for written into German).

All results are statistically significant.
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Examples: low-surprisal spoken targets – simplification

(1) source:Europa muss lernen, mit
einer Stimme zu sprechen
und dann auch mit einer
Position zu handeln.

translation:Europe must learn to speak
with one voice and to take
united action.

interpreting:Europe must learn to speak
with one voice ∅. (AvS =
5.52)
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Discussion: high-surprisal spoken targets – interference

(2) source:Wollen wir den Chinesen
mit WTO Klagen drohen.

translation:Do we want to threaten the
Chinese with World Trade
Organisation (WTO)
sanctions?

interpreting:You know are we going to
threaten the Chinese with
WTO complaints (AvS =
6.57).
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Findings from previous work

1 IT indices yield additional evidence for translationese trends, especially
shining-through (Nikolaev et al., 2020; Hu and Kübler, 2021) and normalization, esp for
EN>DE Bizzoni et al. (2020), and for the impact of professional expertise on the properties
of translations.

2 Surprisal from attempted modelling approaches was too crude to capture the differences
between translations and non-translations (Rubino et al., 2016; Hu and Kübler, 2021) and
own.

3 Information density of source and target are reasonably well correlated (Kunilovskaya et al.,
2023b).

4 Interpreting has lower information density (≈ less complex, requires less effort to process)
that translation (for the same input).

5 Mediated language has lower information density than comparable TL non-translations
(except in EN-DE).

6 Any mediation generates denser output than aligned sources.

NB! 5 and 6 contradict other findings, inc. in Kunilovskaya et al. (2023a)
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Rationality-based approach to translationese
MST: A more optimal system (Language A) requires less memory to generate the same level of
surprisal.

(Hahn et al., 2021)

Applications:
1 comparing language varieties (languages

exhibiting stronger information locality have
more efficient tradeoff)

2 prediction of human processing patterns
(e.g. RT) for fine-grained cases of nested
structures with various conditions for
semantic compatibility or embedding bias

The report that the doctor annoyed the patient
was surprising.
The report that the doctor cured the patient
was surprising (incompatible verb).
The fact that the doctor cured the patient was
surprising (high embedding bias)
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Corpus-level comparisons after Hahn et al. (2021)

Memory-Surprisal Tradeoff (MST) based on monolingual n-gram models.

Goal: assess the (relative) overall efficiency of translation/interpreting compared to original
language use.

Important setup decisions
train content: written_orig+tran or written_orig?
preprocessing: raw vs. lemma vs. lempos(lowercase, tokenised MWE, xxxx for NUMs);
type of instance: segment vs. document.

Memory calculation for each n-gram model of order N (N ∈ [2, 6]):
e.g if N=3:
3gram_ngram_memory = 2gram_ngram_memory + 3gram_memory_rate,
where 3gram_memory_rate = 2 * (2gram_AvS - 3gram_AvS)
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MST relational plots

Training setting: orig+tran, raw, seg

(Best) training setting: orig, lempos, doc

Interpretation:
Spoken mediated language is the most optimal language variety.
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Towards a cross-lingual approach to MST

To model a cross-lingual process we need to take into account sources, e.g. using a MT model.

Processing stages in translation =

source comprehension
+ transfer difficulty
+ difficulty of TT generation

How to factor in source language input to represent production difficulty in translation more
realistically?

Goal: Get fine-grained word-level indicators / triggers of translationese and compare vari-
eties (translated and non-translated language).
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A sketch of MT model morphology

Vaswani et al. (2017)

MarianMTModel.from_pretrained
(“Helsinki-NLP/opus-mt-de-en”)

3 modules by 6 layers by 8 heads

3 X X 6

MarianForCausalLM.from_pretrained
(“Helsinki-NLP/opus-mt-en-de”)
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Memory Definition

Memory (Imem) is the amount of information (in bits) stored in the N context words.
Ncontext tokens is a proxy for memory limits (capacity).
source memory bits: from encoder self-attention weights
target memory bits: from cross-attention weights + decoder self-attention weights
Higher attention weights mean higher probabilities assigned to the context words in the output
probability distribution, easier prediction and lower surprisal, i.e Pearson r(Imem,Srp) < 0.

Imem = −1 *
∑︁

log2(prob(wn))

where N can be:

1 highlights: N most attended tokens (“lossy memory”),
2 distance-weighted highlights: N most attended tokens * index_from_EoS,
3 recency: (for self-attentions only) N most recent tokens.
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How do we evaluate the models sanity?

Evaluation setups:
(based on expectations from Information Theory, Translationese Studies)

1 MST: Pearson r(Imem,Srp) < 0,
2 Interpreting has steeper (=more optimal) MST than translation (based on the same

sources),
3 Interpreting has more optimal MST than original speeches,
4 Spoken has more optimal MST than written (against comparable non-translations),
5 ‘More-translated’ (e.g. literal) text is more surprising than ‘less-translated’ (fluent), and has

lower Imem (as bigger memory capacity is needed to store the context for an effective
rendition).
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Is the source fluency captured?

Each dot represents AvS (y-axis) for the target based on a pair of sentences with three types of
problems (x-axis).
Colours help see which type of errors the MT model indices capture.

Default de-en MT Reverse en-de MT as causal Reverse en-de MT

Solution: derive surprisal for the source from the output of the reverse MT model (Marian MT
de-en and en-de have ≈ the same vocabulary).
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Results: No consistency in pilot on spoken-written modes

Settings: sentence-level, max-pooled+softmaxed layers, memory limit: highlights-3,
SentencePiece subwords aggregated to get raw tokens indices.
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Results on fluent and literal targets: Work in progress

Literal: Three families have rebuilt the farm so that we can meet the demand for fruit and
vegetables.
Fluent: In order to meet the demand for fruit and vegetables, three families have rebuilt the farm.
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Is translationese linked to ST difficulty?

Aim –
explore the local processing difficulty of a translation task as a predictor for the
translational properties of the target documents.

Contributions/Novelty –
• cross-lingual approach to translationese (not multilingual typical in empirical TS),
• focused on operational units in translation (aligned phrases, not AvS or isolated

words),
• indexing two subprocesses in translation: ST comprehension and SL-TL transfer

(in line with MT approaches, not commonly used in empirical TS).
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Methodology: Step by step

1 Represent each ST-TT document pair as a sequence of subsentential translation units.
translation units are aligned dependency-based subtrees and/or content words

surprisal, alignment:
lemposrel for entropy:

We believe sufficient –
PRON believe ccomp –

Wir sind der Auffassung ausreichen
PRON sein DET Auffassung ccomp

2 Index aligned ST items with translation difficulty:
SL comprehension: surprisal from SL-specific GPT-2 and
transfer difficulty: entropy of translation solutions from and alignment score.

3 Capture amount of TT translationese as “probability of being a translation” from a
translation detection task.

use a contrastive sample of ’more-translated/less-translated’ documents.

4 Use ST representations to predict TT probability of being a translation.
learning setups:
SVM on document averages vs. NN (encoder+regressor) on 3D variable-size vectors for
document items

5 Evaluate: Is processing (translation) difficulty related to translationese properties of
documents?
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Target scores: Neural vs. SVM translationese classifiers

Data size: 3000 docs for each language pair (length min 450 words)

model accuracy f1_score

de deberta multi
1 96.67 96.66

en 90.22 90.22

de distilbert multi
2 94.22 94.22

en 90.66 90.66

de distilbert de3 96.89 96.89
en distilbert en4 92.89 92.89

de SVM (best 34) 88.8 88.79
en SVM (best 51) 79.73 79.72

BTW: Is out of English easier? See Bugliarello (2020)
1https://huggingface.co/microsoft/mdeberta-v3-base, (He et al., 2021)
2https://huggingface.co/distilbert/distilbert-base-multilingual-cased
3https://huggingface.co/distilbert/distilbert-base-german-cased
4https://huggingface.co/distilbert/distilbert-base-cased
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Distributions of probabilities from SVM and NN+LLM
DE→EN Distributions
Morphsyntactic features + SVM

DistilBERT

EN→DE Distributions
Morphsyntactic features + SVM

DistilBERT
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SVM on doc-averaged IT features for source items

Information-theoretical (IT) indices
• surprisal • alignment score • translation entropy

lpair item Pearson MAE features

deen trees 0.17±0.07 0.26±0.01

IT

ende -0.08±0.07 0.21±0.02
deen words 0.16±0.09 0.26±0.01
ende 0.02±0.12 0.21±0.02
deen trees+words 0.15±0.09 0.27±0.01
ende 0.02±0.04 0.21±0.02

All feature values are close to normally distributed.
Observation: In DE→EN, there is a weak but consistent relation between ST complexity
(regardless of item) and TT probability of being a translation.
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SVM results: syntactic vs. IT complexity features

IT indices and/or syntax features
• surprisal
• translation entropy

• alignment score
• branching factor
• max tree depth

• mdd
• mhd

lpair item Pearson Spearman MAE features

deen trees 0.24±0.07 0.27±0.06 0.25±0.01

IT+syntax

ende 0.16±0.07 0.17±0.05 0.21±0.01
deen words 0.29±0.08 0.30±0.07 0.25±0.01
ende 0.18±0.11 0.21±0.09 0.21±0.01
deen trees+words 0.27±0.10 0.28±0.08 0.25±0.02
ende 0.18±0.11 0.18±0.10 0.21±0.01

deen – 0.30±0.10 0.31±0.09 0.24±0.01 syntaxende 0.18±0.08 0.18±0.07 0.20±0.01

Syntactic features perform better but the probabilities of being a translation are derived from a
classifier based on morphosyntactic feature.

45 / 57



Summary

1 Surprisal/entropy features from word-based LMs are inferior to other features in
translation detection classification tasks.

2 More coarse-grained setups based on entropy/perplexity measures for entire
languages/documents are more promising.

3 Cross-lingual models were not tortured enough.
4 Non-LM approaches (entropy from frequency lists), including defining the space of

translation solutions, are promising (also based on (Kunilovskaya et al., 2025)).
5 There is a lack of psychometric experiments to shed light on what info-theoretical

metrics actually capture in the context of cross-lingual communication, where production
and comprehension costs need to be distinguished.
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Thank you!

Information Theory in Translation(ese) Studies

SFB 1102 – Information Density and Linguistic Encoding (IDeaL)
funded by the Deutsche Forschungsgemeinschaft, Project ID 232722074

Questions?

Maria Kunilovskaya
maria.kunilovskaya@uni-saarland.de
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