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Statistical learning (SL) refers to the ability to extract regularities from environmental input and
is a fundamental component of human cognition. SL is thought to support infants’ segmentation
of continuous speech into discrete units, such as words, despite the absence of clear acoustic
boundaries. One account posits that learners track transitional probabilities (TPs) between
successive elements [1,2]. An alternative account proposes that learners track multi-syllabic
chunks based on frequency. Evidence suggests that both forward TPs (fTPs; probability that
A is followed by B) and backward TPs (bTPs; probability that B is preceded by A) can support
speech segmentation [3,4]. However, studies often confound fTPs and/or bTPs with chunk
frequency, making it impossible to disentangle the two primary theoretical accounts.

To address this impasse, we propose a new SL artificial language paradigm consisting of 9
bisyllabic words, with all syllables and multi-syllabic chunks matched in frequency. The gram-
mar makes bTPs more informative (1.0 within words, 0.33 between words) than fTPs (0.33
within, 1.0 between). After exposure, participants chose between words and partwords in a
forced-choice task. Crucially, fTP for partwords (final syllable of one word and first of another)
was 1.0, placing fTP- and bTP-based learning in direct opposition. Learners attuning to bTPs
should prefer words, while those attuning to fTPs should prefer partwords. We tested four the-
oretically-motivated models of segmentation on this paradigm: a simple recurrent network
(SRN [5]), associated with TP-based learning; PARSER [6], a classical chunking model;
TRACX2 [7], a connectionist chunking model; and CIPAL [8], a chunking model differing from
PARSER in chunk formation and representation. The SRN and CIPAL showed a systematic
preference for partwords, indicating fTP sensitivity, whereas PARSER and TRACX2 showed
no consistent preference. A behavioral experiment with adult participants (n=55) revealed a
mean preference for partwords (36% word choices, p=0.001), aligning with SRN and CIPAL.
Interestingly, 49% of subjects showed significant partword preference, while 11% showed sig-
nificant word preference. Of models with human-like mean preference, only the SRN showed
variability, with a small proportion of runs yielding a word preference. Our results suggest that
most human learners rely more on fTPs than bTPs when frequency cues are eliminated. The
model results suggest this paradigm is outside the scope of earlier chunk-based models, but

consistent with CIPAL and a generic, prediction-based mechanism (as in the SRN).
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