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Abstract

Lexical semantic change (LSC) is commonly
modelled through vector-space representations,
but these approaches often provide limited in-
sight into which aspects of usage are chang-
ing. Diachronic corpus research instead exam-
ines interpretable dimensions such as syntac-
tic behaviour, morphology, and constructional
patterns, but typically through separate ana-
lytical workflows. We present SynFlow, an
open-source toolkit for multidimensional di-
achronic analysis of linguistic usage. SynFlow
represents linguistically enriched word concor-
dances as period-specific distributions and ap-
plies a shared workflow across dependency-
based co-occurrences, morphological features,
constructional configurations, and semantic pat-
terns such as those from Frame Semantics. It
supports different distance measures, together
with value-level contribution scores, statistical
testing, and incremental clustering of lexical
slot-fillers. We demonstrate SynFlow through
a qualitative case study of the German adjec-
tive viral, showing how a single semantic de-
velopment is reflected across syntactic, lexical,
constructional, and morphological dimensions.
We further report previously published results
on SemEval-2020 Task 1 to situate the perfor-
mance of these representations relative to exist-
ing lexical semantic change detection systems.

1 Introduction

Recent computational work on lexical semantic
change (LSC) is dominated by vector-space mod-
elling approaches that compare vector representa-
tions of target words across historical periods (Per-
iti and Montanelli, 2024; Tahmasebi et al., 2021;
Tahmasebi and Dubossarsky, 2023). While effec-
tive on shared tasks, such methods are difficult to
interpret (Lenci et al., 2022), making their outputs
difficult to relate directly to linguistic theories of
semantic change: a model may indicate that a word
has changed without directly revealing which as-
pects of its usage account for that change.

We introduce SynFlow, an open-source toolkit
for multidimensional diachronic semantic analysis.
SynFlow represents each dimension as a period-
specific distribution of observable values and quan-
tifies semantic change as differences between the
diachronic distributions within a dimension. It na-
tively supports automatic extraction and quantifi-
cation of dependency-based co-occurrences, mor-
phological features, and constructional configura-
tions, while other semantic patterns such as Frame
Semantics can be incorporated through the same
interface. This allows different dimensions to be
analysed within a common diachronic workflow
rather than requiring a separate analytical proce-
dure for each representation.

SynFlow compares these distributions across pe-
riods using cosine distance, Jensen—Shannon di-
vergence (JSD) (Menéndez et al., 1997), or total
variation distance (TVD), and decomposes change
scores into contributions from individual values,
making it possible to determine which dimensions
change and what drives the change. For lexical
fillers, it additionally provides incremental cluster-
ing to trace broader thematic developments. The
system therefore preserves a direct connection be-
tween quantitative change signals and the linguistic
evidence underlying them.

The main contribution of SynFlow is a shared
workflow for multidimensional diachronic se-
mantic analysis, providing temporal compari-
son, statistical testing, and value-level contribution
scores.

We demonstrate ! SynFlow with a qualitative
case study of the German adjective viral, showing
how one semantic development is reflected across
multiple linguistic dimensions. We also report pre-
viously published SemEval-2020 Task 1 results
(Tat et al., 2026b,a) to situate the performance of
these representations relative to existing LSC sys-
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tems.

2 Related work

2.1 Linguistic dimensions in diachronic
analysis

Theory-driven studies of semantic change have
long examined linguistically motivated dimen-
sions such as prototype structure, metaphor,
frame semantics and constructions (e.g., Geer-
aerts, 1993; Jansegers and Gries, 2020; Law, 2019;
Pettersson-Traba, 2016; Sovran, 2004; Sullivan,
2007; Sweetser, 1990; Vais, 2022). While these
approaches provide detailed accounts of semantic
development, their analytical dimensions are often
tailored to particular lexical items or change phe-
nomena, limiting systematic comparison across tar-
gets and corpora. Computational work has begun to
operationalise structured linguistic information at
a larger scale (e.g., Kutuzov et al., 2021; Ryzhova
et al., 2021). SynFlow extends this direction by
providing a reusable workflow for comparing the
temporal distributions of such structured usage di-
mensions within a common framework.

2.2 Computational tools for linguistic
profiling

SynFlow is related to corpus tools that pro-
file lexical behaviour, including Sketch Engine’s
Word Sketch Difference (WSD) (Word-Sketch-
Difference, 2019), Korp (Borin et al., 2025),
and DiaCollo (Jurish, 2015). DiaCollo models
diachronic change through linear-window collo-
cations which often suffer from accidental co-
occurrences (Evert, 2008). WSD and Korp use as-
sociation measures that rank individual collocates
whereas SynFlow quantifies redistribution of com-
plete profiles, and decomposes change into indi-
vidual contributions. SynFlow also processes mul-
tiple temporal periods within a single pass rather
than requiring repeated pairwise comparisons like
WSD.

There are other tools operating on structured
linguistic information in parsed corpora. ANNIS
(Chiarcos and Liideling, 2009), Grew-match (Guil-
laume, 2021), and the FrameNet Brasil WebTool
(Torrent et al., 2025) support querying, visuali-
sation, or annotation; STARK (Krsnik and Do-
brovoljc, 2025) extracts configurable dependency
patterns; Profiling-UD (Brunato et al., 2020) de-
rives multi-level linguistic profiles; ComparaTree
(Tercon and Dobrovoljc, 2025) compares linguis-

tic properties across treebanks; and DELTA (Es-
teve and Dobrovoljc, 2026) combines dependency-
pattern extraction with multi-level diversity mea-
surement across corpora. However, these systems
primarily support querying, extraction, profiling,
annotation, or corpus-level comparison rather than
target-oriented diachronic semantic analysis.
SynFlow complements them by utilising structured
linguistic information to model diachronic seman-
tics. It models linguistic observations as target-
conditioned temporal distributions and analyses
their redistribution through statistical testing and
value-level contribution scores.

3 System architecture

SynFlow takes annotated diachronic subcorpora as
input, with each directory representing one tempo-
ral period. Given a target lemma, POS, and selected
dimension types, it extracts the corresponding lin-
guistic patterns, converts them into period-specific
distributions, measures change across periods, and
decomposes the resulting scores into contributions
from individual values. The overall workflow is
demonstrated in figure 1.

SynFlow distinguishes between a dimension
type, which specifies the linguistic information to
extract, and an individual dimension, whose ob-
served values form a distribution. For target w,
dimension d, and period ¢, usage is represented as
P,(v | d,w) over values v. Some dimension types
such as construction define a single distribution,
while others define multiple dimensions, such as
those conditioned on a specific dependency slot or
morphological feature type.

SynFlow natively extracts dependency-based,
constructional, and morphological information,
while externally annotated dimensions can be anal-
ysed through the same downstream workflow pro-
vided their dataframe format matches the output
of the Dimension Extraction step. These dimen-
sions provide complementary views of linguistic us-
age. Slot and feature types describe broader struc-
tural profiles, slot fillers and morphological fea-
tures capture variation within particular categories,
and constructional configurations capture how mul-
tiple syntactic relations combine within the same
usage instance. Dedicated notebook templates are
provided for the supported analysis types.



Dimension Change Change
Query Extraction Distribution Detection Decomposition
(e.g., viral/ADJ) (Output: Construction (cosine distance, (item-level
dataframe) JSD, TVD) contributions)
Figure 1: Overview of the workflow.
Type Dimension Example values Interpretation
Slot type SlotType chi_nsubj, chi_obj grammatical profile
Slot filler FILLER[chi_obj] cake lexical preferences
Construction Construction [chi_nsubj + chi_obj] multi-slot configurations
Feature type FeatureType Number, Tense morphological profile
Feature FEAT[Number] Sing, Plur variation within feature

Table 1: Dimensions and example values natively extracted by SynFlow.

3.1 Dimension extraction

Input format SynFlow uses a CoNLL-U-like
format in which each sub-corpus is divided into
individual sentences. Each sentence begins with
<s=sentence_id> and ends with </s>. Seven tab-
separated columns are required in the following
order: TOKEN, LEMMA, POS, ID, HEAD_ID, DE-
PREL, FEATS. We have also provided a notebook
and scripts for parsing the raw data (1 sentence/line)
into the correct SynFlow format using Stanza (Qi
et al., 2020).

Dimensions SynFlow natively extracts five types
of linguistic information (Table 1) using different
tree-traversal algorithms. Slot types are individual
dependency relations involving the target, with di-
rection encoded as chi_ for children and pa_ for
parents. For example, in the boy eats the cake, eat
is associated with chi_nsubj and chi_obj as itis
the head of boy and cake, while boy is associated
with pa_nsubj and chi_det. Slot fillers are the
lexical items occupying a dependency slot, with
each slot defining a separate dimension. Construc-
tional configurations represent combinations of
dependency slots co-occurring around the same tar-
get instance, e.g. [chi_nsubj + chi_obj], within
a user-specified dependency-path depth. Morpho-
logical feature types are categories extracted from
the target’s FEATS field, while morphological fea-
tures represent the observed values of each cate-
gory as separate dimensions.

3.2 Change detection

Counts within each dimension and period are nor-
malised to sum to one, yielding probability distri-
butions. This differs from occurrence-normalised

frequencies used in some descriptive visualisations,
where counts are divided by the number of tar-
get occurrences. SynFlow then measures distri-
bution change between consecutive periods using
cosine distance, JSD, or TVD. Because distances
estimated from sparse observations can be unstable,
SynFlow optionally applies support weighting:

WeightedDist = RawDist X min <1, %) ,

where ¢ = min(cy, ¢o) is the smaller number of
observations in the two periods, and k is a user-
defined support threshold. Distances receive full
weight (i.e., 1) when both periods contain at least
k observations and are linearly down-weighted oth-
erwise.

SynFlow also supports permutation testing to
help distinguish meaningful changes from random
fluctuations. Alongside the magnitude of the de-
tected change, it provides a p-value indicating how
likely a change of similar or greater size would
be observed by chance. This gives users an inter-
pretable measure of whether a detected change is
statistically significant.

For multi-period analyses, SynFlow applies the
Benjamini—Yekutieli (BY) procedure (Benjamini
and Yekutieli, 2001) to control the False Discov-
ery Rate (FDR). For each dimension, correction is
applied jointly to the p-values from all adjacent-
period comparisons.

3.2.1 Incremental slot filler clustering

This section only applies to slot fillers. To distin-
guish lexical replacement from broader thematic
change, SynFlow provides incremental clustering
of slot fillers. The analysis uses static word2vec em-
beddings (Mikolov et al., 2013) trained separately



for each period and Procrustes aligned (Smith et al.,
2017) to a common space, following diachronic em-
bedding approaches (Hamilton et al., 2016). Fillers
in the first period are grouped using hierarchical
agglomerative clustering, with each cluster repre-
sented by the frequency-weighted centroid of its
members. In subsequent periods, fillers are as-
signed to sufficiently similar existing centroids,
while unmatched fillers form new clusters. Active
centroids are then updated from the current-period
fillers. Previously established clusters are retained
when temporarily inactive, allowing them to be
reactivatable in later periods. This incremental
memory enables SynFlow to trace the emergence,
persistence, decline, and reactivation of broader
filler themes over time. A dedicated notebook
is provided for training and aligning the required
word2vec embeddings.

3.3 Change decomposition

After computing the distance between two period-
specific distributions, SynFlow can further decom-
pose the observed change into contributions from
individual values. This allows users to move from
a single aggregate change score to the specific lin-
guistic items responsible for that difference. For
a dimension d, SynFlow reports how much each
value v contributes to the overall distance between
two consecutive periods. For example, if the dis-
tribution of FILLER[chi_amod] changes substan-
tially between two periods, decomposition can
reveal which adjectival fillers account for most
of that shift. This step is particularly useful for
qualitative analysis, because it links the numeri-
cal change score back to interpretable linguistic
evidence. Rather than only indicating that a dimen-
sion has changed, SynFlow shows which individual
values drive the observed redistribution.

3.4 Output and visualisation

Most intermediate and final outputs produced by
SynFlow are stored as comma-separated values
(CSV) files. This allows users to inspect the ex-
tracted information directly, verify intermediate
processing steps, and reuse the outputs in exter-
nal analyses. The accompanying notebooks also
provide visualisations at different stages of the
workflow to facilitate exploration and interpreta-
tion. These include time-series plots for tracking
changes across periods, heatmaps for comparing
patterns across dimensions or time, and bar plots
for inspecting distributions and item-level contri-

butions. Together, the tabular outputs and visuali-
sations allow users to move between quantitative
summaries and the linguistic evidence underlying
them.

3.5 Availability and execution

SynFlow is freely available as open-source soft-
ware under the MIT license. The repository > pro-
vides installation instructions, dependency speci-
fications, documentation of the expected corpus
format, and ready-to-use notebook templates for
the main analysis types. SynFlow is currently
distributed as a notebook-based Python workflow.
Users install the system by cloning the repository,
creating a Python environment, installing the pack-
ages specified in requirements. txt, and running
the notebooks. Python 3.10 or newer is recom-
mended.

There are dedicated notebooks 3
for slot-level, constructional,
morphological-feature, diachronic

embedding and qualitative analysis. Within
each notebook, users specify the corpus location,
target lemma and POS, temporal periods, and
relevant analysis parameters. Input corpora are or-
ganised into directories corresponding to temporal
periods and follow the seven-column CoNLL-U-
like format described in 3.1. The notebooks then
guide users through the complete workflow from
dimension extraction and distribution construction
to change measurement, decomposition, statistical
analysis, and visualisation. This design allows
the different linguistic dimensions to be analysed
through a common workflow without requiring
users to modify SynFlow’s underlying extraction
and analysis functions.

3.6 Runtime and scalability

SynFlow supports multiprocessing at every possi-
ble step. As a practical benchmark, we ran Syn-
Flow with a representative target (plane/NOUN)
from Corpus of Historical American English
(Davies, 2010) (1810s - 2000s, divided into 20
periods and containing 116,613 parsed files), on
a personal laptop (32 GB RAM, AMD Ryzen 7
8845HS). Direct slot-level exploration, which reads
the parsed corpus, counts dependency slots within
each period, and produces the corresponding visual-

2https: //github.com/phantatbach/SynFlow

3Because we cannot upload the whole dataset, we have
provided dataframes of different dimensions so that users can
explore Change Detection and Change Decomposition.
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isations, took approximately 7 minutes 30 seconds.
Extracting all slot fillers and constructing the slot-
filler dataframe took 4 minutes 55 seconds. For
each adjacent-period transition, we ran 1,000 per-
mutations for each pair of slot-filler distributions
of every extracted slot. Processing all slot-specific
permutation tests for one transition required only
3 minutes. These results indicate that SynFlow
remains practical for large diachronic corpora on
consumer hardware.

4 Evaluation

4.1 Demonstrative case study

We demonstrate SynFlow with the German ad-
jective viral in the Leipzig German News corpus
(Leipzig, 2026), covering 1995-2025 and divided
into six five-year periods. Over this period, viral
shifts from predominantly virus-related uses, as in
virale Infektion ‘viral infection’, towards the newer
sense ‘widely circulated or popular’, especially in
online and social-media contexts, as in viral gehen
‘go viral’.

In the slot type dimension, occurrence-
normalised frequencies of different slots (Fig-
ure 2) remain largely stable except for a marked
shift around 2011-2015: pa_amod decreases while
pa_advmod increases, reflecting the growing use of
viral as an adverbial modifier in expressions such
as viral gehen and a relative decrease of the use as
an adjectival modifier like in virale Infektion.

Frequencies of top-10 Slots by Period (Union Set) (Normalized)

Slot Type

pa_advmod

Frequency per occurrence of tai
\

o — =

1995-2000 2001-2005 2006-2010 2011-2015 2016-2020 2021-2025

Period

Figure 2: Change of normalised frequencies of all slot
types of viral.

This redistribution produces a large TVD be-
tween the two periods, and decomposition shows
that the redistribution of pa_amod and pa_advmod
accounts for much of the overall TVD (Figure 3).

The slot-filler dimensions of pa_amod and
pa_advmod show the largest weighted TVD in-
creases around 2011-2015 (Figure 4), while most
other slots remain comparatively stable. Further
decomposition and clustering analysis (Figure 5)

2011-2015 vs 2016-2020 (0.322)

("pa_advmod",)
("pa_amod',}
("chi_cop",)
(*chi_nsubj',}
("chi_conj.}
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('pa_conj'.)
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("chi_cc')
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000 002 004 0068 O00B 010 012 014 016
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Figure 3: Contributions of individual slot types to TVD
of viral. Green bars indicate an increase in relative
frequency; red bars indicate a decrease.

Diachronic tvd
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Distanc:

____pa_advmod

1995-2000 vs 2001-2005

20012005 v5 20062010 2006-21 2016-2020 vs 2021-2025

Figure 4: Weighted TVD trajectories for slot-filler dis-
tributions across dependency slots.

: Hit(:

Figure 5: Incremental clustering results with social-
media-related clusters growing rapidly from 2011.
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Figure 6: Frequencies of different constructions around viral

reveal that these changes are increasingly associ-
ated with fillers from online and social-media dis-
course, including Hit, Marketing, Video, TikTok in
pa_amod, and gehen in pa_advmod. Slot-filler anal-
ysis therefore complements the structural signal
by showing the lexical contexts accompanying the
newer meaning of viral.

The same development is visible at the
constructional level, showing that the rise of
the adverbial viral is not limited to an isolated de-
pendency relation, but also affects the larger combi-
nations of grammatical relations in which the target
occurs. From around the same period, configura-
tions containing pa_advmod become increasingly
frequent (Figure 6). For example, the configura-
tion [chi_advmod + pa_advmod] occurs in expres-
sions such as gerade viral gehen ‘to be going viral
right now’, where viral is linked to gehen through
pa_advmod and to gerade through chi_advmod.

At the morphological level, the frequency of
Variant increases around the same period as
pa_advmod. These adverbial uses are annotated
as Variant=Short as they lack the normal adjecti-
val inflection because they are used as an English
loan. However, FEAT[Variant] contains only the
value Short, meaning that the change is visible at
the feature-type level, but not in the correspond-
ing feature-value dimension. This contrasts with
the dependency dimensions, where change is visi-
ble both at the broader structural level and within
individual slot-filler distributions.

Overall, the case of viral illustrates how one
semantic development can leave complementary
traces across several linguistic dimensions. Rather
than collapsing these signals into a single score,
SynFlow allows users to identify where change
occurs and inspect the dimension-specific evidence.

Representation  Subtask 1 Subtask 2
Slot filler 4th /28 12th /28
Frame Semantics Oth /28 9th /28

Table 2: Ranking of previously evaluated SynFlow rep-
resentations against systems reported for the English
SemEval-2020 benchmark. Full results are reported in
Tat et al. (2026b,a).

4.2 Experimental benchmark

We previously benchmarked SynFlow on SemEval-
2020 Task 1 (Schlechtweg et al., 2020) using two
linguistic representations: dependency-based slot
fillers and Frame Semantics (Tat et al., 2026b,a).
Both representations proved effective for lexical
semantic change detection and ranked above many
neural-network-based systems on the benchmark
(Table 2), while retaining direct interpretability
of the linguistic evidence underlying the change
scores.

5 Conclusion and future work

We presented SynFlow, an open-source toolkit
for multidimensional diachronic semantic analy-
sis. It natively supports dependency-based, con-
structional, and morphological information while
allowing other semantic patterns to be analysed
through the same interface. The viral case study il-
lustrates how a single semantic development can be
traced across multiple dimensions, while previous
benchmark results show competitive performance
against embedding-based methods. Future work
will extend SynFlow to additional linguistic dimen-
sions and integrate further parsers and LLM-based
annotation methods into the extraction pipeline.
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