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Introduction: How phonetic variation is represented in the mental lexicon remains contested. Ab-

stractionist accounts assume the lexicon stores only canonical forms [e.g., 4]. Exemplar accounts

instead store every encountered word-form [e.g., 3]. Both struggle with the prevalence of reduced

forms in spontaneous speech [e.g., 2]. Abstractionists must select a canonical form among variable

inputs, while exemplar accounts must store forms typically heard only once or twice. The Dis-

criminative Lexicon Model [DLM; 1] occupies an intermediate position, mapping acoustics directly

onto meanings via learned weights, with no word-level representations. These accounts make dis-

tinguishable predictions about how training quantity and type (only clear, only reduced, or mixed

forms) shape reduced form recognition. Abstractionism predicts both the highest accuracy and the

largest training-amount slope for clear-only, since clear inputs most reliably motivate canonical rep-

resentations, with reduced-only worst on both axes. Exemplar theory predicts the opposite: highest

accuracy and steepest slope for reduced-only, and lowest accuracy and a near-flat slope for clear-

only, since exemplars trained only on clear forms cannot match reduced forms precisely. DLM agrees

with exemplar on the ordering, but predicts a clearly positive clear-only slope, since every encounter

updates the same acoustics-to-meaning weights. Type effects therefore distinguish abstractionism

(clear-only best) from the other two, while the clear-only slope distinguishes exemplar (near-flat)

from DLM (clearly positive). Methods: 81 German native speakers were trained on 10 semantically

similar but phonologically distinct Dutch word-pairs and tested on reduced forms (320 trials). Re-

duced and clear pronunciations were elicited from the same Dutch native speaker in spontaneous

conversation and in isolation, respectively. On each trial, participants heard a Dutch word and chose

the German translation from two options. Participants were assigned to 1 of 9 conditions (3 training

type × 3 training amount) design. Results: Accuracy was modelled with GAMMs, with training type,

amount, and covariates as predictors and word as a random effect. Accuracy increased with training

for clear-only and mixed conditions (Figure 1a). Reduced-only showed a U-shaped trajectory with

accuracy lowest at the middle amount, possibly an artifact due to ceiling performance. To probe the

mechanism, we trained three DLM models, one per training type, mirroring the experiment setup,

and extracted target similarity [5]: similarity between meanings predicted from the acoustic inputs

and the correct meanings. A third GAM replaced both training type and amount with this single pre-

dictor, and outperformed both prior models in AIC (∆AIC = 6.61 and 6.65). Higher target similarity

(more reliable form-to-meaning mappings) predicted better recognition (Figure 1b). Discussion:

The data contradict abstractionism: clear-only training yielded the lowest, not highest, accuracy. Its

substantial positive amount slope further rules out exemplar theory’s near-flat prediction. DLM is

the only account consistent with both findings, and the DLM-derived target-similarity model further

outperformed the compositional GAMs in AIC, providing positive support for its mechanism: every

encounter updates the same acoustics-to-meaning weights, with reduced-form training yielding a

configuration that better supports reduced-form recognition, without word-level representations.
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Figure 1: Left: partial effects of training amount (x-axis; scaled: -1, 0, 1 → 40, 80, 120, approxi-
mately) on reduced-form recognition accuracy (y-axis), split by training type (red: clear-only, green:
mixed, blue: reduced-only). Right: partial effects of DLM-derived target similarity (x-axis; scaled:
-1, 0, 1, 2 → 0.10, 0.29, 0.47, 0.67, apprixmately) on reduced-form recognition accuracy (y-axis).
Higher target similarity indicates that word meanings are more easily (less ambiguously) predicted
from acoustic inputs.
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