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Abstract

We present KNN-CONCRITUP, a browser-
based demo system that extrapolates language-
agnostic concreteness scores (as well as scores
for further behavioral variables) from a small-
scale rated seed lexicon to a large-scale target
vocabulary, using k-nearest-neighbor regres-
sion over word embeddings. The contribution
is an easy-to-use workflow for configuring runs,
selecting hyperparameters, inspecting coverage,
exporting artifacts, and auditing predictions
through nearest-neighbor evidence. For per-
language indexed runs in our repository snap-
shot (heterogeneous datasets and settings, no
controlled multilingual benchmark), held-out
Spearman correlations range from ρ = 0.761
to ρ = 0.882.

1 Introduction

Concreteness describes how strongly a word refers
to perceivable entities or experiences (Paivio, 1971;
Brysbaert et al., 2014b). For example, nouns such
as apple and chair are typically perceived as re-
ferring to more concrete concepts than nouns such
as justice and freedom. This distinction is central
in psycholinguistics research: concrete concepts
are easily grounded in perceptual features, whereas
abstract concepts tend to depend more strongly on
linguistic and contextual information (Pecher et al.,
2011; Borghi et al., 2017). As a result, concreteness
scores are widely used in studies of lexical process-
ing and memory effects, as well as for stimulus
selection criteria and as features in cognitive and
computational models (Spreen and Schulz, 1966;
Paivio et al., 1968; Balota and Neely, 1980; Walker
and Hulme, 1999; Brysbaert et al., 2014b).

However, a major limitation of existing concrete-
ness resources is their limited coverage. While
large English norms exist, resources for other lan-
guages are growing only slowly: available norms
for German (Lahl et al., 2009; Kanske and Kotz,
2010), Italian (Montefinese et al., 2014), Chinese

(Yao et al., 2017), French (Bonin et al., 2018),
and Croatian (Peti-Stantić et al., 2021) contain
only between 1,000 and 6,000 words. Larger col-
lections exist for Dutch (Brysbaert et al., 2014a)
with 30,000 words and Estonian (Proos and Aigro,
2024) with 36,000, but many languages still lack
large pools of reliable ratings. This represents a
crucial problem for large-scale studies, where re-
searchers often need reliable ratings for many more
words and languages than are currently available.

To fill this gap, we developed a language-
agnostic system KNN-CONCRITUP for extrapo-
lating concreteness norms with transparent diag-
nostics, which is also applicable to the norming of
further behavioral variables. Semi-automatic pro-
cedures to extend human rating collections have
been used before (Turney et al., 2011; Köper and
Schulte im Walde, 2016a; Köper and Schulte im
Walde, 2017; Aedmaa et al., 2018; Ljubešić et al.,
2018; Rabinovich et al., 2018; Charbonnier and
Wartena, 2020; Knupleš et al., 2026), and the use
of k-nearest neighbors (k-NN) for concreteness
predictions is also not novel in itself: prior work
has shown that neighborhood-based extrapolation
can successfully generate ratings to unseen words
(Bestgen and Vincze, 2012; Mandera et al., 2015;
Aziz, 2025). Building on these findings, our contri-
bution is to turn this prediction strategy into a trans-
parent, reproducible, and user-friendly system for
large-scale norm extrapolation. Given a seed lexi-
con and an embedding space for a given language,
KNN-CONCRITUP assigns concreteness scores
to any arbitrary vocabulary specified by the user.
Our system also provides an interactive browser
interface, file-based configuration for reproducible
runs, automated model selection, coverage report-
ing, and inspectable neighbor evidence. In this way,
KNN-CONCRITUP supports deterministic, repli-
cable extrapolation and allows users to trace each
prediction back to the original neighbors on which
it is based.



2 Background

Concreteness norms. For creating concreteness
norms, experiment participants assign numerical
ratings to words in the abstract–concrete contin-
uum. Early resources measured concreteness, im-
ageability, and related lexical variables for smaller
word sets (Spreen and Schulz, 1966; Paivio et al.,
1968; Coltheart, 1981; Warriner et al., 2013); later,
crowdsourced collections expanded coverage to
tens of thousands of lemmas (Brysbaert et al.,
2014b; Mohammad, 2018; Lynott et al., 2020). In
natural language processing (NLP), concreteness
has been used as a predictor in metaphor processing
(Turney et al., 2011; Tsvetkov et al., 2014; Köper
and Schulte im Walde, 2016b; Alnafesah et al.,
2020; Maudslay et al., 2020; Piccirilli and Schulte
im Walde, 2022a,b; Hülsing and Schulte im Walde,
2024; Khaliq et al., 2024; Eichel et al., 2026; Knu-
pleš et al., 2026), document and lexical complexity
prediction (Tanaka et al., 2013; North et al., 2023),
and embodied agents and robots (Cangelosi and
Stramandinoli, 2018; Rasheed et al., 2018; Ichter
et al., 2023), among other tasks.

Embedding-based extrapolation. Extrapolation
methods rely on the assumption that words that are
close in an embedding space are likely to have simi-
lar lexical ratings. In this way, an unrated word can
be scored using the ratings of its nearest neighbors.
This assumption has been used in prior work with
similarity indices, anchor-word methods, k-NN re-
gression, support-vector regression, neural models,
and multilingual embeddings (Bestgen and Vincze,
2012; Mandera et al., 2015; Köper and Schulte im
Walde, 2016a; Ljubešić et al., 2018; Plisiecki and
Sobieszek, 2024; Aziz, 2025). KNN-CONCRITUP

uses k-NN because it is computationally efficient
and makes predictions interpretable by looking at
the selected neighbors.

3 System Overview

As the basis for extrapolating norms from gold-
standard ratings, gold files can be uploaded directly
to the system. KNN-CONCRITUP then runs the
prediction pipeline in the background, while user
interactions and outputs are handled via a browser
interface. The graphical user interface (GUI) is
implemented as a Flask application. The model
backend uses scikit-learn k-NN regression with
cosine distance and brute-force search (Pedregosa
et al., 2011).

Overall, the system expects as input: a CSV/TSV
gold ratings file, word and score column names, an
embedding file or discovered embedding selection,
an embedding type, and a target vocabulary with
one token per line. The current embedding loaders
support fastText .bin files and word2vec-style text
files, including .vec embeddings (Mikolov et al.,
2013; Bojanowski et al., 2017). Optional settings,
such as token normalization, part-of-speech filter-
ing, random seed, split ratio, k grid, parallel jobs,
and output path, are available in an advanced panel.
The weighting mode (uniform vs. distance) is se-
lected automatically during cross-validation. The
system writes repository-relative paths into the ac-
tive configuration. During execution, the interface
reports job state, elapsed times and logs.

After each run, the results view provides access
to the generated files, with options to search, pre-
view, and download them. The primary output is
vocab_predictions.csv; it contains target-word
predictions, an is_gold_observed overlap flag,
neighbor words, neighbor gold scores, and cosine
distances. The system also writes summary.json,
cv_results.csv, test_predictions.csv, and
optional out-of-vocabulary (OOV) files depending
on the configuration. The summary records the
vocabulary size and the number of reference words,
making clear which reference set was used. Fig-
ures 1 and 2 show the editor and result-inspection
pages.

4 Prediction Pipeline

Let G = {(wi, yi)}ni=1 be the gold lexicon, where
wi is a rated word with embedding vector vi, and
gold concreteness score yi. For a target word t
with embedding vector vt, the system retrieves the
k nearest rated words under cosine distance:

dcos(t, wi) = 1− cos(vt,vi) (1)

The system then predicts a weighted average of the
corresponding k gold scores. For uniform weight-
ing, αi = 1. For distance weighting:

αi =
1

max(dcos(t, wi), ε)
, ε = 10−12 (2)

and

ŷt =

∑
i∈Nk(t)

αiyi∑
i∈Nk(t)

αi
(3)

Note that neighbor_cosine_distances are com-
puted as 1 − cos(·, ·), so smaller values indicate
more similar embedding directions.



Figure 1: Guided editor view at startup with core inputs.

Figure 2: Results view with artifact selection and preview of neighbor diagnostics.

The system first loads the gold table, identifies
the columns containing each word and the corre-
sponding score, then it validates the score values,
trims the tokens to remove whitespace, and op-
tionally lowercases them. Optional part-of-speech
filters are applied before the vector lookup, if the
gold data contain suitable tags. Duplicate normal-
ized gold tokens are collapsed deterministically by
averaging scores after normalization (by stripping
and optional lowercasing them). Then the system
looks up all gold and target tokens in the selected
embedding space. Gold items without vectors are
excluded from the model selection and held-out
evaluation but are counted in coverage statistics;
target OOV items receive no direct prediction and
are written to the OOV artifact.

After this step, the gold items are split into train-
ing and held-out test partitions using the configured
random seed and split ratio. Cross-validation uses

shuffled folds with the same seed. The backend
then runs cross-validation over the configured k
grid and over uniform and distance weighting.
Candidate k values are capped by fold feasibility,
and invalid fold cases are skipped. The selected
setting maximizes mean validation Spearman cor-
relation; ties are broken by the lower averaged root
mean squared error (RMSE).

For evaluation, the selected regressor is fitted on
the training partition and scored on the held-out
partition. For vocabulary prediction, the selected
configuration is refit on all covered gold items
before scoring targets. Target entries that also
occur in the gold lexicon are retained in the output
but the target is excluded from its nearest-neighbor
set during scoring. The summary records this with
vocab_fit_scope=all_covered_gold_post_eval
and n_vocab_reference_words.



Language Gold seed resource ngold ntrain ntest k∗ ρtest Scale RMSEtest

Arabic Arabic noun concreteness norms (Aziz, 2025) 214 171 43 25 0.795 1–5 0.493
Spanish Spanish ANEW (Redondo et al., 2007) 612 489 123 65 0.761 1–7 0.724
Croatian Croatian psycholinguistic norms (Peti Stantić et al., 2018) 1,000 800 200 40 0.790 1–5 0.627
French French concreteness norms (Bonin et al., 2018) 1,659 1,327 332 20 0.854 1–5 0.533
German German noun norms (Lahl et al., 2009) 2,654 2,123 531 30 0.863 1–10 0.927
Portuguese Minho Word Pool (Soares et al., 2017) 3,342 2,673 669 35 0.874 1–7 0.624
English English concreteness norms (Brysbaert et al., 2014b) 13,132 10,505 2,627 40 0.882 1–5 0.476
Dutch Dutch AoA/concreteness norms (Brysbaert et al., 2014a) 30,009 24,007 6,002 15 0.867 1–5 0.504

Table 1: Validation snapshot from indexed repository outputs. Each run uses one language-specific human-rated
seed resource and the corresponding 300-dimensional fastText Common Crawl binary embedding space (Grave
et al., 2018). Distance weighting is selected in all currently indexed runs. RMSE is reported on the original rating
scale of each resource.

5 Operational Validation

This section provides an overview of the reported
metrics for a given configuration. We also com-
pare these metrics across our runs for a variety
of languages. Because datasets and vocabularies
differ by language, we treat these numbers as oper-
ational validation rather than a controlled multilin-
gual benchmark. Each run’s summary records the
following information:

• Gold and evaluation size: n_gold_words,
n_test, and gold_coverage report the num-
ber of gold items, the held-out test size, and
embedding coverage.

• Selected model configuration: best_k and
best_weights record the selected number of
neighbors and weighting scheme.

• Held-out performance: test_spearman and
test_rmse report rank correlation and predic-
tion error on the held-out partition.

• Vocabulary prediction metadata: n_vocab_
rows, n_vocab_reference_words, and
vocab_fit_scope document the size of the
predicted vocabulary, and the reference set
used for final target scoring.

Shared protocol. All eight runs use the
same prediction protocol: runtime.seed=13,
prediction.test_size=0.2, prediction.cv_
folds=5, prediction.k_min=5, prediction.k_
max=100, prediction.k_step=5. The selected
configuration is then evaluated on the held-out par-
tition. The reported correlations therefore report
on within-resource predictive validity.

ntrain k∗ ρtest RMSEtest

100 25 0.814 0.685
200 20 0.834 0.589
500 45 0.855 0.559

1,000 55 0.867 0.530
2,000 40 0.871 0.506
5,000 50 0.877 0.488

10,000 30 0.881 0.474

Table 2: English training-data ablation evaluated on the
same fixed 2,627-item test set. Smaller train sets are
balanced subsets of the next larger set.

Language-specific resources. Each configura-
tion uses one language-specific human-annotated
seed lexicon together with a fastText binary em-
bedding space of the same language. Where the
source resource contains multiple parts of speech
we restrict gold data to nouns. The seed resources
and validation results are listed in Table 1.

In the current snapshot, held-out Spearman
ranges from ρ = 0.761 to ρ = 0.882, with k rang-
ing from 15 to 65. The results show consistently
strong correlations across languages, with perfor-
mance generally higher for larger gold-standard
datasets. Because rating scales differ across re-
sources, RMSE values are reported together with
the corresponding scale and should not be com-
pared directly across languages.

Training data ablation. To quantify the impact
of additional gold-labeled data we ran a training
size ablation on the English norms (Brysbaert et al.,
2014b), cf. Table 2. We selected subsets of gold
labeled data by sorting words by gold concreteness
and recursively selecting evenly spaced ranks from
the next larger subset. Model configuration selec-
tion again follows the standard protocol; evaluation
is done on the final model fitted on the complete
subset. Spearman correlation increases monoton-
ically with gold set size while RMSE decreases.



Word Nearest rated neighbors Gold Pred.

Blume Blüte (8.67), Tulpe (9.38), Pflanze (8.18), Knospe (8.83), Schmetterling (8.80) 8.08 8.88
Idee Überlegung (4.00), Gedanke (4.11), Vorstellung (5.09), Konzept (4.42), Absicht (4.35) 4.48 4.55
Spirale Kugel (8.76), Pyramide (8.47), Nadel (9.92), Kerze (9.43), Welle (7.50) 6.71 8.23

Table 3: German qualitative examples with nearest-neighbor evidence. Numbers in parentheses are human
concreteness ratings of the neighboring gold items. For space reasons, only the five nearest neighbors are shown.

We see diminishing returns for larger gold set sizes
above 1,000 to 2,000 annotations.

Qualitative example. Table 3 showcases some
predictions and errors. The concrete noun Blume
‘flower’ receives a high concreteness rating based
on concrete nearest neighbors such as Blüte ‘blos-
som’ and Tulpe ‘tulip’. The abstract noun Idee
‘idea’ is rated more abstract by being close to ab-
stract cognitive nouns like Überlegung ‘consider-
ation’ and Gedanke ‘thought’. Predictions may
also be off, as seen in the case of Spirale ‘spiral’ –
whose rating is estimated higher than in the gold
data because of highly concrete shape- and object-
related neighbors like Kugel ‘sphere’ and Nadel
‘needle’.

6 Code and Data Availability

Our tool KNN-CONCRITUP is publicly
available via https://concr-it-up.ims.
uni-stuttgart.de/; the code is available from
https://github.com/SNaber/concr-it-up. In
addition, Appendix A provides a user walkthrough.

7 Conclusion

KNN-CONCRITUP turns embedding-based con-
creteness extrapolation into an interactive demo
workflow. The current pipeline can produce useful
candidate norms across languages and language
configurations, while the coverage, held-out met-
rics, and vocabulary-fit metadata make clear what
was validated and what reference set was used for
final scoring. The same architecture could also sup-
port other scalar lexical norms, such as valence,
arousal, imageability, and familiarity, where suit-
able gold ratings are available.

8 Limitations

Prediction quality depends on the gold data and
the embedding space. Small or narrow gold sets
produce sparse neighborhoods, and target words
missing from the selected embedding cannot be

scored directly. Even if a word is covered, the
nearest neighbors may reflect frequency effects,
domain mismatch, polysemy, or culturally specific
usage rather than the intended concreteness signal.

Random held-out splits estimate in-distribution
performance, but target vocabularies may come
from shifted domains. Users should treat generated
scores as model-derived candidate estimates and
label them as such.

9 Ethics Statement

The system is intended for lexical resource con-
struction and analysis. Users should ensure that up-
loaded norm datasets, embeddings, and generated
artifacts can be processed and shared under the rel-
evant licenses. Released predictions should include
a provenance checklist: gold source, embedding
source, embedding version, run date, system ver-
sion, normalization settings, duplicate-token policy,
coverage rates, OOV counts, evaluation protocol,
vocabulary fit scope, and whether scores are human-
collected or model-derived estimates.

Use of AI Assistants. The authors acknowledge
the use of AI assistants solely for correcting gram-
matical errors, formatting table boundaries, and
providing assistance with coding.
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A User Walkthrough

This appendix illustrates a KNN-CONCRITUP user
session.

Step 1: Specify the core inputs. The editor
opens in a compact view with the required fields:
the gold ratings file, the word and score columns,
the embedding source and type, and the target vo-
cabulary. The target vocabulary is expected to con-
tain one token per line. Gold and target files can
be uploaded directly through the interface. Embed-
dings can either be chosen from discovered reposi-
tory files or entered as a path.

Step 2: Create, load, or save a run configura-
tion. Users can create a new configuration, up-
load, download or save a JSON configuration for
later reruns.

Step 3: Adjust optional advanced settings.
Users can enable lowercasing, apply part-of-speech
filtering and specify the output directory. Further-
more, they can select a random seed, set the number
of parallel jobs, choose the held-out split and cross-
validation folds, define the k grid, and select how
many nearest neighbors to include in the report
outputs.

Step 4: Run the prediction pipeline and inspect
the summary. The summary view reports the
main metrics, including held-out Spearman corre-
lation, RMSE, selected k, number of gold words,
held-out test size, and selected weighting mode.

Step 5: Inspect cross-validation results. The
cv_results.csv file lists all valid model-selection
candidates. For each candidate, the table reports
the value of k, the weighting scheme, mean and
standard deviation of validation Spearman correla-
tion, and mean and standard deviation of validation
RMSE.

Step 6: Inspect vocabulary predictions. The
main prediction file contains the target word, the
predicted concreteness score, a flag indicating
whether the target word was observed in the gold
resource, the nearest rated neighbors, their cosine
distances and their human gold scores.

Step 7: Search individual predictions. The re-
sults view has a case-insensitive substring search
over the currently selected output.

Step 8: Inspect held-out errors. The test_
predictions.csv file reports predictions for the
held-out gold items. It contains the gold score,
predicted score, signed error, and absolute error.

Step 9: Check out-of-vocabulary outputs.
When gold or target items are not covered by the se-
lected embedding space they are written to separate
OOV files.



Figure 3: Core input view.

Figure 4: Configuration tools.

Figure 5: Advanced settings.



Figure 6: Summary output.

Figure 7: Cross-validation output.

Figure 8: Vocabulary-prediction output.



Figure 9: Search within the vocabulary-prediction output.

Figure 10: Held-out prediction output.

Figure 11: OOV outputs for the gold resource and target vocabulary. Empty tables indicate that the selected
embedding space covered all gold and target items in this run.
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