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Abstract 53

Abstract. Large language models (LLMs) are trained on 54
internet-scale data, yet children acquire language from far
smaller corpora. The BabyLM Challenge trains models on
<100M words matching child language input, but evaluates
them solely on behavioral benchmarks. We introduce Neu- s
roBabyLM, which adds fMRI-based brain alignment scores to
the BabyLM evaluation suite. Using ridge regression encod- 57
ing models on a large-scale naturalistic listening fMRI dataset, s
we evaluate 15 models spanning BabyLM variants, Pythia,
and LLaMA across three orders of magnitude in both size
and training data. We find: (1) brain alignment follows a log- €0
linear scaling law with model size across 14M-65B parame- 4
ters; (2) T5-Base trained on 100M words outperforms Pythia-
160M trained on 225B words, showing that architecture inde-
pendently determines brain alignment; and (3) data-scale sen-
sitivity is strongly architecture-dependent. These results reveal 63
that current BabyLM models have not yet reached neural plau-
sibility, and suggest that architectural choices may matter as
much as data quantity for human-like internal representations.
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Introduction %

How much language input is needed to develop brain-like 70
language representations? Humans acquire language from
roughly 10—100 million words across childhood (Warstadt et|,,
al., [2023), yet state-of-the-art LLMs require orders of magni- ,
tude more data (Kaplan et al.| 2020} [Hoffmann et al.} 2022). ,,
The BabyLM Challenge constrains training to child-scale cor- ;5
pora (Warstadt et al., |2023} |Hu et al., 2024), asking whether 4
competitive language generalization can emerge from human-
like data quantities. However, behavioral benchmarks alone ,
cannot reveal whether models develop neural plausibility— ;4
internal representations aligned with brain activity. 80

Brain alignment, measured via fMRI encoding models, pro- g
vides a neural evaluation axis complementary to behavioral g,
benchmarks (Tuckute & Kanwisher, 2024} |Schrimpf et al. g;
2021). Recent work shows alignment scales with model size
in large LLMs (Antonello, Vaidya, & Huthl |n.d.), and thatss
human-like training objectives improve alignment (Tucker & s
Tuckute} |n.d.j |Aw & Toneva, |2023). Notably, Hosseini et al.|4,
(2024) found near-ceiling alignment after developmentally re-
alistic training, while |Oota et al.| (2026) recently showed that
neural scaling laws extend to small and compressed models—
raising the question of whether BabylLM-style developmental
training yields similarly aligned representations.

We present NeuroBabyLM: the first benchmark adding
brain alignment to the BabyLM evaluation suite. Beyond
benchmarking, the framework positions artificially-trained
models as tools for in-silico developmental neuroscience—
enabling controlled manipulation of training variables (archi-
tecture, data, objective) and measurement of neural conse-

quences, circumventing the infeasibility of causal intervention
in human developmental studies.

Methods
fMRI Dataset

We use the Huth lab naturalistic fMRI dataset (LeBel et al.,
2023), in which participants (N=7) listened to 27 naturalis-
tic English stories during whole-brain fMRI (TR=2's, ~80,000
voxels per subject). A subset of stories was presented 10
times to estimate the noise ceiling.

Models

We evaluate 15 models across three families (Table [f):
BabyLM models (trained on 10M or 100M words) including
BabyLLaMA (Timiryasov & Tastet, 2023), OPT, LTG-BERT
(Samuel, Kutuzov, Velldal, & Qvrelid, 2023), and T5-Base
(Raffel et al.} 2020); Pythia (Biderman et al.,|2023) (14M—-6.9B
parameters, 300B tokens); and LLaMA (7B—65B parameters,
1.4T tokens).

Encoding Model Framework

Following Han, Cho, Cha, and Lee (2025) and|Antonello et al.
(n.d.), we extract layer-wise hidden states for each stimulus
word. Hidden states are temporally aligned to fMRI acquisition
times via Lanczos interpolation, with representations from four
lagged timepoints (2, 4, 6, 8 s) concatenated per TR to capture
hemodynamic delay.

fMRI responses are PCA-reduced from ~80,000 voxels to
512 components (Han et al. [2025), and a ridge regression
encoding model maps LLM features to PCA-reduced BOLD
responses on held-out stories. Performance is quantified as
voxel-wise R2, with peak R? across layers as the summary
brain alignment score per model. We also report noise ceiling-
normalized CC,,prs,.

Results

Scaling law. Figure 2] (left) shows a robust log-linear relation-
ship between parameter count and peak R? across all models.

Table 1: Evaluated models. “w” = words; “tok” = tokens.

Family Model Params Train Data
BabylLLaMA 58M  10M/100M w
OPT 125M  10M/100M w
BabylM | 1G.BERT 83M  10M/100M w
T5-Base 220M  10M/100M w
Pythia 14M-6.9B 14M-6.9B 300B tok
LLaMA 7B—65B 7B—65B 1.4T tok




87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114

115

116
117
118
119

LLaMA 33B 0.0367

LLaMA 658 0.0367
LLaMA 7B 0.0366
LLaMA 138 0.0361
TS Base 220M (100M)
Pythia 160M

Pythia 70M

LTGBERT BASE (100M)

Pythia 14M

LTGBERT BASE (10M)

0.0032

BabyLLaMA 58M (10M)

TS5 Base 220M (10M) 0.0029
OPT 125M (100M) 0.0028
BabyLLaMA 58M (100M) 0.0028

OPT 125M (10M) 0.0026
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Figure 1: Peak brain alignment (R?) for all models. BabyLM
models cluster below the LLaMA ceiling. T5-Base-100M (best
BabyLM, R?=0.022) outperforms Pythia-160M (R?=0.020) de-
spite using ~2000x less training data.

Within Pythia, alignment increases monotonically from 14M
to 6.9B. LLaMA 33B/65B reach the ceiling (R>=0.037). This
extends the scaling laws documented in NLP
[2020; [Hoffmann et al.| [2022) and in brain encoding

to the developmentally-plausible regime.
Architecture matters independently of data scale. T5-

Base (220M params, 100M words) achieves R?=0.022, out-
performing Pythia-160M (R?=0.020) trained on ~225B words
(Figure [T). T5-Base also lies above the parameter-matched
Pythia models in the scaling law plot (Figure [2), confirming
that its encoder-decoder architecture, bidirectional attention,
or span-infilling objective provides an alignment advantage in-
dependent of scale.

Data-scale sensitivity is architecture-dependent. Fig-
ure [3] shows that increasing training data from 10M to 100M
words yields a +665% gain for T5-Base (R?: 0.003—0.022),

a moderate +35% for LTG-BERT, and negligible change for
BabyLLaMA and OPT. This architecture-dependent sensitiv-
ity suggests only certain architectures can exploit additionalizo
training data for brain alignment. 121

BabyLM models have not reached neural plausibility.i
The best BabyLM model falls substantially below LLaMAiz3
(AR? =~ 0.015), contrasting with Hosseini et al. (2024) whorz«
found near-ceiling alignment after developmentally realisticizs
training, and with [Oota et al.| (2026) who found preserved;ss
alignment even in heavily compressed models. This gap mayi.;
reflect the specific corpora, architectures, or training objec-izs
tives used in the BabyLM Challenge. 129

130

Discussion 131

NeuroBabyLM reveals a tension between data efficiencyis2
and neural plausibility: models that pass BabyLM behav-133
ioral benchmarks have not yet developed brain-like repre-is4
sentations. The strong architecture effect—T5-Base (Raffeljss

Scaling Law: Brain Alignment vs. Model Size
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Figure 2: Brain alignment scales log-linearly with model size
(14M-65B). T5-Base-100M lies above the Pythia trendline,
indicating architecture-driven alignment independent of data
scale.
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Figure 3: Effect of training data size (10M vs. 100M words)
by BabyLM architecture. T5-Base gains +665%; BabyLLaMA
and OPT show negligible improvement.

2020) outperforming Pythia (Biderman et al [2023)

with 2000x less data—opens a tractable research ques-
tion: which architectural properties (encoder-decoder struc-
ture, bidirectionality, span-infilling objective) are neurally effi-
cient? BabyLM models are cheap to train and can be system-
atically varied to answer this question.

The framework enables in-silico developmental experi-
ments (Chevalier-Boisvert et al), 2019): unlike human devel-
opmental neuroscience, where causal manipulation is infeasi-
ble, we can vary training curricula, architectures, and objec-
tives while measuring neural consequences. Prior evidence
that instruction tuning (Tucker & Tuckute, and predic-
tive objectives (Caucheteux, Gramfort, & King}, [2023) improve
alignment supports this approach.

Future work will expand NeuroBabyLM to all BabyLM chal-
lenge submissions, examine whether behavioral and neural
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metrics dissociate across architectures, and test whether cur-se
riculum learning (Hu et al., 2024) and nonlinear multimodalso
encoding models (Han et al., 2025) narrow the gap betweenisr
BabyLM and internet-scale LLMs. 192
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