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Abstract

Children are known to generalize syntactic
knowledge at ages when their linguistic in-
put is predominantly raw speech rather than
text. This raises the question of whether syn-
tactic generalization can emerge directly from
acoustic input. We address this question us-
ing Autoregressive Predictive Coding (APC), a
simple prediction-based self-supervised speech
model. To approximate the input available to
human learners while enabling controlled com-
parison, we train models on both child-directed
speech and audiobook speech. We evaluate the
models on a minimal-pair benchmark targeting
elementary syntactic phenomena, designed to
be acquisition-friendly. Our results show that
APC partially generalizes word-order regulari-
ties when trained to predict near-future frames.
However, the model fails to generalize agree-
ment phenomena, suggesting that predictive
learning from acoustic signals alone is insuffi-
cient. Furthermore, we observe distinct learn-
ing dynamics across word-order phenomena,
suggesting that some improvements may be
driven by shallow statistical regularities rather
than genuine syntactic generalization.

1 Introduction

Children acquire a wide range of linguistic knowl-
edge from speech input. Starting with sensitiv-
ity to prosody at birth (Mehler et al., 1988), they
are reported to acquire typical vowel categories by
6 months (Kuhl et al., 1992), common nouns by
9 months (Bergelson and Swingley, 2012), and
clausal units by 10 months (Hirsh-Pasek et al.,
1987). Higher-level syntactic knowledge, such as
agreement and word order, is typically acquired
around the age of 3–4 (Kenney and Wolfe, 1972;
Akhtar, 1999). Although such knowledge takes
longer to develop than lower-level linguistic abil-
ities, children’s input remains predominantly raw
speech rather than text throughout this period. A
central question in developmental linguistics is how

children can generalize a wide range of linguistic
knowledge from noisy and limited speech input.
While behavioral experiments provide insights into
what children know about language, they do not di-
rectly reveal how such knowledge is acquired (Row-
land et al., 2025). Moreover, such studies are often
constrained by individual variability and limited
scalability, making it difficult to obtain systematic
and reproducible evidence.

In contrast to behavioral experiments, com-
putational modeling offers a complementary ap-
proach for investigating the mechanisms of lan-
guage acquisition in a controlled and scalable
manner (Räsänen, 2026). While classical com-
putational approaches have tested the language
learning hypothesis primarily with artificial data
or transcribed speech (Elman, 1990; Aslin et al.,
1996; de Marcken, 1996), recent advances in neu-
ral network models enable simulation from real-
istic input, including raw speech (Dupoux, 2018;
Räsänen, 2026). Previous research has examined
phonetic/lexical learning (Lavechin et al., 2025;
Khorrami et al., 2023), structural prosodic knowl-
edge (De Seyssel et al., 2023), and word or syllable
segmentation (Algayres et al., 2022; Pasad et al.,
2024; Cho et al., 2025; Baade et al., 2025), using
raw audio or audiovisual input. However, most
work that examines higher-level linguistic knowl-
edge involves optimization of multiple components
(e.g., representation learning and language mod-
eling (Lavechin et al., 2025)), making it difficult
to isolate which components contribute to the ob-
served performance.

In this paper, we examine the learnability of syn-
tax with a predictive coding model. We employ
Autoregressive Predictive Coding (APC; Chung
et al., 2019), a simple yet effective self-supervised
learning method. To evaluate syntactic knowl-
edge, we use BabySLM (Lavechin et al., 2023),
a minimal-pair benchmark designed to capture ele-
mentary syntactic phenomena. In the original pa-
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per, Lavechin et al. (2023) trains both representa-
tion learning and language modeling, where the
latter models sequential patterns in the learned rep-
resentations. In contrast, our approach isolates
representation learning by removing language mod-
eling over discrete symbolic units, allowing us to
directly assess whether predictive coding alone can
induce syntactic generalization. We trained mod-
els on both audiobook and child-directed speech
audio.

Our results show that certain word-order phe-
nomena can be learned with APC, although the
specific patterns that are acquired depend on the
training data. In contrast, agreement phenomena
remain at chance level, suggesting that predictive
coding alone is insufficient for capturing more com-
plex syntactic dependencies. Beyond final perfor-
mance, we also analyze the learning trajectory of
syntactic phenomena over the course of training.
We observe that the accuracy on Adj–noun order
rises above chance at the beginning of training (far
before 1 epoch), which might indicate the model’s
reliance on shallow local regularities rather than
genuine syntactic generalization. Furthermore, dif-
ferent word-order phenomena exhibit distinct learn-
ing dynamics, indicating that not all apparent im-
provements reflect the same type of generalization.

The experimental codebase is made publicly
available1.

2 Autoregressive Predictive Coding

Autoregressive Predictive Coding (APC; Chung
et al., 2019) is an unsupervised representation
learning method based on predictive coding.
Given a sequence of log Mel spectrograms x =
(x1, x2, . . . , xT ), the model is optimized to predict
a frame n step ahead of the current one. Prediction
vectors y = (y1, y2, . . . , yT ) are produced by a
recurrent neural network (RNN). The objective is
defined as the L1 loss between the predicted and
target frames:

L =
T−n∑

i=1

|xi+n − yi|,

where n denotes the number of frames ahead to
predict. The hyperparameter n encourages the
model to capture global structures beyond immedi-
ate frame-level continuity.

Despite its simplicity and unsupervised nature,
APC has been shown to be effective across a wide

1https://github.com/gifdog97/babyslm_apc

range of speech tasks, including phone classifi-
cation and discrimination (Blandón and Räsänen,
2020), speaker verification (Chung et al., 2019),
and automatic speech recognition (Yang et al.,
2022).

A major variant of APC is Contrastive Predictive
Coding (CPC) (van den Oord et al., 2019), which
differs in two key aspects: (1) it employs a convolu-
tional neural network for feature extraction instead
of Mel spectrograms, and (2) it is trained with a
contrastive loss instead of an L1 loss. In this work,
we focus on APC due to its architectural simplicity
and interpretability as a predictive model, which
makes it suitable for analyzing the learnability of
syntactic structure. We note that CPC has also been
widely studied in the context of language acquisi-
tion modeling, and extending our analysis to CPC
remains an important direction for future work.

3 Experimental Setup

To examine whether developmentally plausible
speech audio can induce syntactic knowledge, we
trained models on a child-directed speech (CDS)
dataset. In addition, we train separate models on au-
diobook speech as a contrasting condition to assess
the role of input characteristics. Syntactic knowl-
edge is evaluated using a minimal-pair benchmark.

3.1 Dataset

To construct the CDS dataset, we extract English
subsets2 from CHILDES database (Macwhinney,
2000). We trim the spoken part of the audio using
time alignments provided in the CHAT transcrip-
tions. Since our focus is on child-directed speech
audio, we exclude utterances produced by children
or speakers with unknown roles. The resulting
CDS dataset has a total duration of 995 hours. As a
contrasting condition, we use LibriSpeech (Panay-
otov et al., 2015) as an audiobook dataset, with a
comparable total duration of 960 hours. The total
number of utterances is 2M for CDS and 281K for
audiobook, indicating that CDS consists of shorter
utterances on average. The dataset is split into
training set and validation set at the ratio of 99:1.

3.2 Model Setup

We use an APC model consisting of three unidi-
rectional LSTM layers with 512 hidden units each,
followed by a linear layer for frame prediction. We
observe that the number of training steps required

2Eng-AAE, Eng-NA, and Eng-UK.
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Table 1: Example pairs of syntactic tasks in BabySLM.

Phenomenon Pair example

Adjective–noun
order

✓ The good mom.
✗ The mom good.

Noun–verb
order

✓ The dragon says.
✗ The says dragon.

Anaphor–gender
agreement

✓ The dad cuts himself.
✗ The dad cuts herself.

Anaphor–number
agreement

✓ The boys told themselves.
✗ The boys told himself.

Determiner–noun
agreement

✓ Each good sister.
✗ Many good sister.

Noun–verb
agreement

✓ The prince needs the princess.
✗ The prince need the princess.

for convergence differs between CDS and audio-
book data, likely due to differences in the number
and length of utterances. Hence, we train for 5
epochs on CDS and 25 epochs on the audiobook
dataset. We used an AdamW optimizer with a batch
size of 256 and an initial learning rate of 10−3. We
varied the step size n from 1 to 16.

3.3 Evaluation
To evaluate syntactic knowledge, we use
BabySLM (Lavechin et al., 2023), a minimal-
pair benchmark targeting elementary syntactic
phenomena (Table 1). In this setup, each pair
consists of a grammatical and an ungrammatical
sentence. The model is evaluated based on whether
it assigns a higher score to the grammatical
audio. In the original BabySLM setup, language
models are trained on top of learned speech
representations, and scores are computed using
negative log-likelihood. In contrast, we directly
use the prediction error of APC as a scoring
function. Specifically, the score of an input audio
sequence x is defined as:

score(x) = − 1

T − n

T−n∑

i=1

|xi+n − yi|,

where higher scores indicate better predictions.

4 Results

4.1 The effect of dataset and n

Table 2 shows the average accuracy across syntac-
tic phenomena. Overall, most accuracies remain
close to chance level, regardless of the dataset and
the prediction step n. This confirms the inherent
difficulty of the syntactic tasks, which has also been

Table 2: Overall accuracy on BabySLM syntactic test.
Chance rate is 0.5.

n
CDS AudioBook

dev test dev test

1 0.52 0.505 0.51 0.502
2 0.533 0.513 0.527 0.51
3 0.528 0.501 0.535 0.502
4 0.518 0.5 0.537 0.509
5 0.491 0.479 0.548 0.504
6 0.498 0.477 0.523 0.495
7 0.494 0.472 0.507 0.491
8 0.464 0.469 0.515 0.504
9 0.467 0.464 0.494 0.494
10 0.468 0.461 0.495 0.502
11 0.459 0.46 0.494 0.51
12 0.445 0.444 0.488 0.49
13 0.456 0.458 0.472 0.494
14 0.45 0.457 0.462 0.482
15 0.469 0.475 0.469 0.485
16 0.459 0.455 0.497 0.493

observed in prior work on speech-based language
models (Lavechin et al., 2023). Figure 1 shows ac-
curacy broken down by syntactic phenomenon on
the development set. These results show that cer-
tain word-order phenomena can be partially learned
with APC. In particular, Adj–noun order is cap-
tured when models are trained on child-directed
speech with near-feature prediction (2 ≤ n ≤ 7);
Noun–verb order is captured under a narrower
range (3 ≤ n ≤ 5) when trained on audiobook
data. In contrast, models trained with n = 1 fail to
capture word-order regularities, indicating that im-
mediate frame-level prediction is insufficient and
that integrating information over a slightly longer
temporal context is necessary.

On the other hand, all agreement phenomena
remain at near-chance levels across all values of
n and training data. This suggests that predictive
learning from local acoustic signals alone is insuf-
ficient to capture agreement, which involves de-
pendencies between more abstract linguistic units.
This may indicate the potential importance of mod-
eling over discrete or symbolic units, as in language
models.

Interestingly, performance on Noun–verb order
falls significantly below chance at larger values of
n, suggesting a preference for the opposite order.

4.2 Analysis of Learning Trajectory
To better understand the nature of syntactic learn-
ing of APC, we analyze the learning trajectory of
each syntactic phenomenon. We track the accuracy
for the n = 3 setting throughout training, evalu-
ating every 100 steps from 0 to 6,300. Figure 2
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Figure 1: Accuracy of each phenomenon. X-axis represents n, the number of frame steps ahead to predict.

0.2

0.3

0.4

0.5

0.6

0.7

Sy
nt

ac
tic

 A
cc

ur
ac

y

CDS

Adj Noun Order
Noun Verb Order
Anaphor Gender Agreement

0 1000 2000 3000 4000 5000 6000
Training Steps

0.2

0.3

0.4

0.5

0.6

0.7

Sy
nt

ac
tic

 A
cc

ur
ac

y

AudioBook

Anaphor Number Agreement
Determiner Noun Agreement
Noun Verb Agreement

Figure 2: The trajectory of accuracy with n = 3.

shows the result. We observe that the accuracy
of agreement phenomena remains at near-chance
levels throughout training, further supporting the
difficulty of learning it with predictive coding. In
contrast, word-order phenomena exhibit distinct
learning dynamics. For both datasets, the accuracy
of Adj–noun order increases rapidly at the first 100
steps, well before completing a single epoch3. One
possible explanation for this behavior is that the
model relies on shallow local regularities (e.g., lo-

31 epoch equals 7,600 steps for CDS and 1,000 steps for
audiobook.

cal co-occurrence patterns) rather than genuine syn-
tactic knowledge. Since APC is optimized for local
acoustic prediction, it may exploit short-range pat-
terns that correlate with the correct answer. Such
cues may not reflect the word-order structure that
the benchmark is intended to probe. Further inves-
tigation is required to clarify whether the model
genuinely acquires syntactic generalization.

We also observe the swap of accuracy between
Adj–noun order and Noun–verb order when mod-
els are trained on audiobook data. This contrast
suggests that the two phenomena may rely on qual-
itatively different cues. The rapid rise and subse-
quent degradation in Adj–noun order accuracy are
consistent with the model relying on shallow lo-
cal regularities that do not generalize beyond early
training. In contrast, the gradual improvement ob-
served in Noun–verb order may reflect the acquisi-
tion of more robust and generalizable patterns. In
this sense, Noun–verb order might provide a more
reliable indicator of genuine generalization than
Adj–noun order.

5 Conclusion

In this paper, we investigated the learnability of
syntax from raw speech using Autoregressive Pre-
dictive Coding (APC). While APC captures certain
word-order phenomena, it fails to generalize agree-
ment, suggesting that predictive coding over local
acoustic signals is insufficient for modeling com-
plex syntactic dependencies. Analysis of learning
trajectories further reveals that rapid improvements
may stem from shallow statistical regularities rather
than genuine generalization. These results high-
light the need for additional mechanisms, such
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as representations over more abstract or symbolic
units, for acquiring syntactic knowledge.

Limitations

First, we focused on a single predictive coding
model (APC), whilce CPC (van den Oord et al.,
2019) has also been widely studied in speech rep-
resentation learning or language acquisition mod-
eling literature. Future work should examine CPC
and related models to determine whether our find-
ings generalize beyond APC. Second, we used only
BabySLM benchmark for evaluation. To better as-
sess fine-grained syntactic knowledge of the mod-
els, future work should complement this bench-
mark with additional evaluation methods, such as
probing (He et al., 2025) or canonical correlation
analysis (Pasad et al., 2024). Third, the cause of
the distinct learning trajectories observed for word-
order phenomena remains unclear. In particular,
our hypothesis that Adj–noun order may be solv-
able without syntactic generalization requires more
careful verification. Finally, the training dataset is
not fully developmentally plausible. Children are
reported to be exposed not only to CDS, but also
to overheard speech (Thompson, 2018) and media
audio (Gowenlock et al., 2024), both of which con-
stitute a non-negligible portion of their linguistic
input. In addition, the audio quality of CHILDES
recordings is not always ideal, particularly for older
corpora. To better facilitate the reverse engineering
of language acquisition, further work is needed to
construct more ecologically valid models of chil-
dren’s language inputs.
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