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Derivational Morphology –
What’s in it for a computational semanticist?
• Characterizing word meaning is a never-ending task:

even if we take a corpus-based approach
• Productivity
• Rarity (Zipfian distribution of words)

• But: morphological relatedness (via derivation) should imply (some 
degree of) semantic relatedness
• Readers/listeners understand derivational neologisms:

Implies (some) regularity of semantic interpretation

• Vision: Better understanding of morphology-semantics interface 
can lead to better models of word meaning

I set down the scrap of dolls 
dress, a bedragglement of 
loose lace hem.
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Derivational Morphology – The Challenges
• Derivation is well known to be semi regular

• Not every base can be combined with every pattern

• The meaning of the derived word is only semi-predictable

• Insufficient to combine lexicon with a set of patterns:
we need a derivational lexicon of attested forms
• Minimally: set of derivational families

• What computational approach to use?
• Rule-based vs. 

data-driven approach

Derivational morphology resources can profit from both approaches!

die.v > *dier.n

bottle.n > bottle.v
card.n > card.v

Compact, interpretable, often too general

Learnable from data, flexible, often too specific



Part 1: Building Derivational Lexicons (DErivBase as an example)
Recurring motive: Rules + Data

• Induce Derivational Families

• Improve Consistency of Resource

• Determine Transparency

Part 2: Analysis of Derivation

• Effect of Derivation on Information Content

• Effect of Derivation on Valence
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Plan of the Talk



9.9.2021Sebastian Padó: Data-driven and theory-driven approaches to derivational morphology 6

Part 1: Building Derivational Lexicons



Study 1: Derivational Lexicon Induction
[Zeller, Šnajder, Padó ACL 2013]
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• Goal: Collect set of derivational families

• Approach: Manually define derivation patterns as string transformations
• Transformations map base lemma string onto derived lemma 

(Šnajder & 
Dalbelo Bašić 2010)

• Inventory: suffix, infix, prefix addition/deletion/replacement; optionality
• Source: German “school grammars”
• Result: 158 rules (1 person week of work)
• NB. No constraints on production – overgenerate!

• Corpus: SDeWaC, German web corpus (Faaß et al. 2010, ~900M words)



Lexicon Induction
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Frequency threshold: exclude hapax legomena (*respectation.N)



Lexicon Induction: Result
• Result: DErivBase 1.4, groups 280k lemmas into 240k families

• Non-singleton families: 18k families with 59k lemmas

• Evaluation: are word pairs morphologically related? (Manual annotation)

• Precision errors: Too general rules, lemmatization errors, NEs
• Can be further increased by focusing on reliable rules – at cost of recall

• Recall errors: Frequency threshold, idiosyncratic cases (e.g. diachronic) 
• Hard to improve ad hoc
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Motivation
Building DErivBase

Evaluation
Conclusion

Results I

Method Precision Recall

DErivBase 0.83 0.71
Stemming 0.66 0.07
String distance 0.36 0.20

DErivBase achieves good precision and substantial recall
Stemming leads to overclustering æ low recall
String similarity achieves more balanced but still poor results

DErivBase: A derivational morphology resource for German Britta D. Zeller, Jan Šnajder, Sebastian Padó 14 / 23



Study 2: Improving Recall 
[Papay, Lapesa, Padó, DeriMo 2017]

• Goal: Further improve recall

• Approach: Derivational rules are correlated
• If ISCH-IK + IK-IKER exists, then ISCH-IKER

should exist as well
• Rule-based approach

• Define fingerprint as structure of delexicalized graph
• Captures relevant structure of derivational family:
• 20k non-singleton families in DErivBase: 4539 fingerprints

• Hypothesis: If two families share almost the same fingerprint, (at least) 
one of them is incorrect
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grafisch1

Grafik2

Grafiker3

Grafikerin4

-ISCH > -IK

-ISCH > -IKER

-ER -IN

Figure 1: Example of German derivational family (subscripts show node indices)

In this paper, we introduce a graph-theoretical approach for the targeted evalua-
tion and improvement of derivational lexicons. We apply our method to DErivBase
[9], a high-coverage German derivational lexicon. Our approach is however applica-
ble to any derivational lexicon that can be interpreted as a graph with lemmas as
vertices and derivational relations as labeled edges.

Our method is centered around the concept of a fingerprint for a derivational
family, which we obtain by abstracting from the nodes and considering only the
edges, capturing the connectivity of the directed graph. As an illustration, consider
the small derivational family from DErivBase shown in Figure 1, which consists of
four lemmas connected by four derivational rules. The fingerprint for this family
can be written as the set of connected node pairs: {(1,2), (1,3), (2,3), (3,4)}. This
family shares its fingerprint with the families {Musik, musisch, Musiker, Musikerin}
and {Tragik, tragisch, Tragiker, Tragikerin}, among many others. More generally,
due to the (semi-)regularity of derivation [6], fingerprints will typically be shared
among a potentially large number of families – in graph terms, they are equivalence
classes over derivational families.

Our central assumption in this paper is that if the fingerprints of two families
are shared almost, but not completely, this is a strong indication that (at least) one
of the two families is incorrect. We further hypothesize that the decision which of
the families is correct can again be made automatically on the basis of frequency
information: If one family misses a node that is present in a large number of families,
this is an indicator of a false negative (missing family member). Conversely, a rare
surplus node that a family adds to a frequent fingerprint indicates a false positive
(spurious family member). We discuss below to what extent these assumptions are
warranted.

2 Data

DErivBase is a derivational lexicon for German [9]. It is based on a set of 158 finite
state rules describing German derivation patterns (including prefixation, suffixation,
stem changes, and combinations thereof). The rules were hand-crafted to maximize
coverage and minimize errors on a development set.



Mining fingerprint differences
• We focus on pairs of fingerprints that differ in exactly one edge

• Q: Which fingerprint is likely to be the correct one?

• A: The one that is instantiated by more derivational families
• Larger fingerprint more frequent à missing edge is recall error (false negative)
• Smaller fingerprint more frequent à extra edge is precision error (false positive)

• Experimental setup: We select 250 pairs of fingerprints each with the 
largest and smallest f(fingerprint 1)/f(fingerprint 2)
• Manually annotate and evaluate
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Evaluation

• Top 250 fingerprint pairs (likely
false negatives): Indeed FNs
• Method can fill gaps!

• Bottom 250 fingerprint pairs (likely
false positives): Not false positives, but OK
• Rare but valid cases of derivation (e.g., specific (morpho)-semantic classes)

• Take-home: Missing and extra edges are not alike
• Top pairs serve to increase recall; bottom pairs not as useful
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FN FP OK Other Errors

percentage in top 250 78.8 1.2 14.4 5.6

percentage in bottom 250 8.0 4.4 78.8 8.8

Ehrenbürger / Ehrenbürgerin (honorary citizen m./f.)
Einzeltäter / --- (lone offender m./ ---)

stöpseln / einstöpseln (plug / plug in)
à errechnen / --- (calculate / ---)



Study 3: Transparency 
[Zeller, Šnajder, Padó, COLING 2014]

• DErivBase as described so far only captures morphological relatedness
• Transparency relevant for many studies!

• Goal: include information about semantic relatedness

• Approach: Classify if lemma pairs of family are semantically related
• Binary classification based on word usage and rules

• Hypothesis 1: High distributional similarity à More likely to be related

• Hypothesis 2: Derivation patterns differ a priori in their transparency
• Diminutive (more transparent) 

vs. conversion (less transparent)

• Method: Supervised learning based on hypothesis-driven features
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card.n > card.v

dog.n > doggie.n



Transparency: Results

• 73% of lemma pairs are semantically related: majority baseline F=84.1

• Can improve precision of class “related” to 86%, at cost of 6% recall
• Feature groups are complementary
• Information available in DErivBase 2.0: Removal of intransparent edges

• 18k families à 20k families
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Method Precision Recall F1

Majority baseline (sem. related) 72.6 100 84.1
Classifier, distributional group 80.5 96.6 87.8
Classifier, rule-based group 82.7 93.1 87.6
Classifier, hybrid group 80.4 95.3 87.2
Classifier, all features 86.2 93.9 89.9



Part I: Summary, Assessment
• DErivBase: Derivational resource for German

• Aims at high precision & high recall; distinguishes morphological and semantic 
relatedness

• Lightweight: uses only grammar books and corpus
• Methodology (somewhat) transferable to other languages (DErivBase.HR, .RU)

• Combination of data-driven and rule-based processes
• Rules overgenerate – so analyses filtered against corpus data
• Consistency criterion (fingerprints) can improve in particular recall

• In principle applicable to other resources (probably requires typed edges!)

• Not manually validated: Contains errors
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Biss/bisschen (bite/a bit)



Part II: Analyses
• Most work on meaning effects of derivational morphology either

• takes a psycholinguistic approach

• Takes a formal semantics approach

• Comparatively little on usage-based characteristics of derivation
• Next: two studies on this topic
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transparency

+in à +FEMALE



Application 1: Information Content and Derivation
[Padó, Palmer, Kisselew, Šnajder, IWCS WS on Distributional Semantics 2015]

• Question: Does derivation systematically change information content?
• Laca (2001): “a derived lexeme presupposes 

the lexeme it is derived from”
• Hypothesis: Derived words are more specific / have higher information content

• Specific meaningà restricted contexts à low entropy (Santus et al. 2014)

• Method:
• Compute SDeWAC distributional

representations (“count vectors”) 
• Measure entropy of count vectors
• Six DErivBase patterns (80 pairs each)

• Two prefix, four suffix
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cry smile people

happy 2 20 4

unhappy 4 0 4

FEMALE         +in
DIMINUTIVE +chen
OPPOSITION  anti+

NEGATIVE     un+
DIRECTED     an+
TRAVERSE     durch+

seller(x) = ∃e. agent(e,x) ∧ sell(e)



Results
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• All patterns: most derived words are more specific (90%)
• Most: anti-:  derived words properly ‘derivative’ 

• Least: un-:   derived words take on ‘life of their own’

• Exceptions with lower specificity: higher frequency (Hay 2001)
• 15/20 exceptions for un-, both exceptions for anti-

• Makes cognitive sense: need either generalization from base, or exposure

• Transparency, relative frequency, and information content correlate

ID Pattern Base Derived Sample word pair English translation Entropy KL

AA02 un- adj adj sagbar ! unsagbar sayable ! unspeakable 60/20 62/18
AA03 anti- adj adj religiös ! antireligiös religious ! antireligious 78/2 78/2
NN02 -in noun noun Bäcker ! Bäckerin baker ! female baker 76/4 74/6
NN57 -chen noun noun Schiff ! Schiffchen ship ! small ship 74/6 75/5
VV13 an- verb verb backen ! anbacken to bake ! to stick, burn 71/9 68/12
VV31 durch- verb verb atmen ! durchatmen to breathe ! to breathe deeply 76/4 75/5

Table 1: Derivation patterns with base and derived categories, representative examples (and translations).
Right-hand side columns: number of word pairs which match/mismatch the hypothesis.

Results for entropy. The distributions of entropies for each derivational pattern are shown on the left
in Figure 1. Even though pattern averages differ substantially, and there is much lexical variation, our
hypothesis (lower entropy for derived terms) holds for about 90% of the 480 word pairs. Interestingly,
there is little variation across parts of speech. Two patterns that stick out due to substantially lower rates
are the adjectival negation suffix un- and the verbal prefix an-. For un-, the counterexamples fall into
two broad groups. One group consists of cases where the derived term seems to be the more basic term
(unentbehrlich (indisposable) – entbehrlich (disposable)). In the other, derived terms undergo a meaning
shift beyond negation (unumwunden (honestly, straightforwardly) – umwunden (wound up)). The negative
cases for an- are dominated by the second category, e.g., kündigen (cancel) – ankündigen (announce).

Results for KL divergence. The distributions of KL divergences are shown on the right hand side of
Figure 1. Although numerically different and to be interpreted inversely (derived terms should have higher
divergence), the results are very similar to entropy – not surprising, given their close relationship. The
similarity extends from the distributions to the percentage of lemma pairs supporting our hypothesis,
which is again around 90%. Notably, the same two patterns fall out as problematic, and there is very high
overlap between the two. Interestingly, KL divergence tends to pick out cases of the second category
(additional meaning shifts) rather than the first category (derivational terms that are basic).

Outlook. In this abstract, we report on a distributional study to assess the impact of morphological
derivation on semantic content. Using two information-theoretic measures to quantify semantic content,
we find very strong empirical evidence for asymmetry: derived terms indeed have more semantic content.
While stable across parts of speech and, notably, across word pairs, we also find hints of the notorious
semi-regularity in morphology. Two of our six patterns frequently give rise to derivations that undergo
additional semantic shifts. Our next step will be to analyse why specifically these patterns and word pairs
behave unpredictably, considering theories that relate meaning shift and frequency (Haspelmath, 2008).

Figure 1: (a) Entropy and (b) KL divergence (compared to neutral distribution) of base and derived terms

political / antipolitical

erhört / unerhört
(heard / outrageous)



Application 2: Effects of Derivation on Valence 
[Lapesa, Padó, Pross, Rossdeutscher, IWCS 2017]

• Question: Does derivation affect specific semantic aspects?
• Valence: positive vs. negative associations

• Method:
• Re-use six derivation patterns 

• Obtain 5-point valence scores from German Affective Norms 
(Schulte im Wald & Köper 2014)

• Regression analysis:  
Δvalence ~ pattern + concreteness + pattern*concreteness

0.5      =    a-IN +  aconc * 4      + a-IN:conc * 4
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++ pet         street       sickness  --

Bäcker:  val = 3.5, concr = 4 Bäckerin:  val = 4, concr = 4



Results
• Derived words have higher valence

• Mean valence 2.47 vs. 2.74

• Not a frequency effect (present as covariates)

• Main negative effect of Concreteness…

• …but interactions with patterns anti+, +chen
• Valence increases more for concrete words

• Main positive effect of +in (female)
• “Appreciative contexts”: implicit gender bias..

• Lots of potential for further investigations!
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Concrete: Bauernhaus (farm house) /
Bauernhäuschen +0.65

Eine gefragte Dekorateurin gibt Tips
a     popular    decorator (f.) gives tips

<latexit sha1_base64="aUIM/p8N70gYoRRukH94okZEi0E="></latexit>

Predictor Shift
Intercept .27 ***
Concreteness -.03 *
anti-: Concreteness .05 **
-chen: Concreteness .06 *
-in .06 *

Abstract: Deckmantel (smoke screen) / 
Deckmäntelchen +0.15



Conclusion
• Building derivational lexicons is a great research 

• During construction: computational research questions on 
rule-based vs. data-driven approaches
• Complementarity accommodates semi-regular nature of derivation

• The result can use it as basis for further research
• Linguistics: Usage-based characterization of derivation

• Conversion (Kisselew et al. 2016), Contrastive analysis of competing 
derivation patterns (Varvara et al. 2021), etc.

• NLP: Derivational smoothing (Šnajder et al. 2013, Luang et al. 2014), 
Paraphrasing (Cotterell & Schütze 2018), etc.
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Outlook: Two Avenues for Research
• Avenue 1: Can we carry out this type of analysis cross-linguistically?

• Obviously, morphological systems differ

• Is there a sense in which we can set up “parallel” derivational lexicons?
Can we align them in a meaningful way?

• Vision: account, e.g., for cross-lingual differences in morphological priming

• Avenue 2: Consequences of developments in word embeddings
• Milestone 1: FastText (Bojanowski et al. 2017), embeddings at subword level
• Milestone 2: Transformers (Vaswani et al. 2017), “contextualized” embeddings 

with instance-level disambiguation
• Both important in derivation, but not investigated in depth (as far as I know)
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Thank you!

• Time for Questions!

• Acknowledgment to Deutsche Forschungsgemeinschaft for
funding my research (project B9 / SFB 732)
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Abstract

A central characteristic of derivational morphology is its (semi)regularity, i.e., the 
existence of regular patterns which are however subject to exceptions, gaps and 
subregularities. In the first part of my talk, I will argue that the creation of 
derivational resources can profit from the combination of theory-driven and data-
driven methods, and will present evidence for this claim from the construction of 
DErivBase, a derivational dictionary for German, which combines hand written 
rules, distributional data, and graph theoretic methods [1, 2, 3].
In the second part, I will move to the exploitation of such resources and discuss 
the tension between how the semantic effects of derivation are captured on the 
theoretical side (transparency, specificity) and how they are captured on the 
distributional side [4, 5, 6].”
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