
Article https://doi.org/10.1038/s41467-025-59957-y

Modeling rapid language learning by
distilling Bayesian priors into artificial neural
networks

R. Thomas McCoy 1,2 & Thomas L. Griffiths 3,4

Humans can learn languages from remarkably little experience. Developing
computational models that explain this ability has been a major challenge in
cognitive science. Existing approaches have been successful at explaining how
humans generalize rapidly in controlled settings but are usually too restrictive
to tractably handle naturalistic data. We show that learning from limited nat-
uralistic data is possible with an approach that bridges the divide between two
popular modeling traditions: Bayesian models and neural networks. This
approach distills a Bayesian model’s inductive biases—the factors that guide
generalization—into a neural network that has flexible representations. Like a
Bayesianmodel, the resulting system can learn formal linguistic patterns from
limited data. Like a neural network, it can also learn aspects of English syntax
from naturally-occurring sentences. Thus, this model provides a single system
that can learn rapidly and can handle naturalistic data.

Across a remarkably wide range of settings, people make rich gen-
eralizations from limited experience. This ability is particularly
apparent in the case of language,making it a classic setting for debates
about learning. From a small number of examples, people can learn
new word meanings1–3, new syntactic structures4–7, and new phonolo-
gical rules8–11. A central challenge in cognitive science is understanding
how people can infer so much about language from so little
evidence12,13. This puzzle is so extensively discussed that it has accu-
mulated a number of different names, including the poverty of the
stimulus14, Plato’s problem15, and the logical problem of language
acquisition16.

One popular approach for explaining rapid learning is to use
probabilistic models based on Bayesian inference17–21. These models
make strong commitments about how hypotheses are represented
and selected, resulting in strong inductive biases—factors that deter-
mine how a learner generalizes beyond its experience22. Bayesian
models are thus well-suited for capturing the ability to learn from few
examples. For instance, a recent Bayesian model introduced by Yang
and Piantadosi23 showed that it is possible to learn many important
aspects of syntax from 10 or fewer examples. However, when Bayesian

models are applied to larger datasets, they face significant challenges
in specifying hypotheses that are flexible enough to capture the data
yet remain computationally tractable.

Another influential modeling approach is to use neural
networks24–26, which make few high-level commitments, giving them
the flexibility to capture the nuances of realistic data. These systems
represent hypotheses with matrices of numerical connection weights,
and they use data-driven learning to find the best connection weights
for the task at hand. When data are plentiful, this approach is highly
successful, yielding state-of-the-art systems such as the recent lan-
guagemodel ChatGPT27. Nonetheless, theflexibility of neural networks
is accompanied by weak inductive biases, making them perform
poorly in settings with little available data.

We argue that accounting for rapid learning fromnaturalistic data
requires disentangling representations and inductive biases. These
two factors are in principle distinct, yet historically certain types of
inductive biases have always been paired with certain types of repre-
sentations (Fig. 1a): strong inductive biases—which are important for
rapid learning—have historically come with strong representational
commitments (as in Bayesian models), while weak representational
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commitments—which provide the flexibility needed to process com-
plex naturalistic data—have historically come with weak inductive
biases (as in neural networks). In principle, decoupling these factors
would make it possible to create a system that has strong inductive
biases yet weak representational commitments, enabling it—like
humans—to learn rapidly without sacrificing the ability to develop
more complex hypotheses. In practice, however, it remains far from
obvious what sort of system could have both of these traits.

In this work, we show how the inductive biases of a Bayesian
model can be distilled into a neural network. Our approachmakes use
of recent28,29 technical advances in meta-learning, a machine learning
technique in which a system is shown a variety of tasks from which it
automatically finds an inductive bias that enables it to learn new tasks
more easily30,31. In our application of meta-learning, the tasks are
sampled from a Bayesian model, thereby distilling inductive biases
from the Bayesian model into the neural network. The result of this
procedure, whichwe call inductive bias distillation, is a system that has
the strong inductive biases of a Bayesian model but the flexibility of a
neural network.

We use this approach to create a model of language learning. We
chose this case study because language learning is a classic problem
that has long seemed to require structured symbolic representations,
making it a challenging test for neural-network-based approaches. In a
setting with limited data (learning artificial formal languages from a
small number of examples), our model’s performance is close to that
of Yang & Piantadosi’s Bayesian learner, which was the first model
shown to be able to learn such languages from limited data without
being substantially tailored to specific linguistic phenomena. Thus,
even though our model is a neural network, its distilled inductive
biases enable it to succeed in an environment where neural networks
typically struggle, achieving a level of performance previously
achieved only by a model using symbolic representations. In addition,
the fact that our model is a neural network makes it flexible enough to
handle a setting that is intractable for the Bayesian model: learning
elements of English syntax from a corpus of 8.6 million words. Our
results illustrate the possibility—and the benefits—of combining the
complementary strengths of Bayesian models and neural networks.

Results
Model: inductive bias distillation
As illustrated in Fig. 1b, inductive bias distillation uses three steps to
distill an inductive bias (called the target bias) into a model (called the
student model). First, the target bias is defined with a Bayesianmodel,
whose prior gives a distribution over tasks. Second, many tasks are
sampled from this distribution. Finally, the student model meta-learns
from these sampled tasks to gain inductive biases that allow it to learn

new tasks more easily. By controlling the Bayesian model, we control
the student model’s meta-learned inductive biases.

This approach is very general: the target bias can be characterized
with any distribution that can be sampled from, and the studentmodel
can be any system that is able to performmeta-learning. In our specific
case, each task is a language so that the inductive bias being distilled is
a prior over the space of languages32. Our student model is a neural
network, meaning that we distill the linguistic priors of a Bayesian
model into a neural network. This approach extends the method from
our previous proof-of-concept work33 by using a structured probabil-
istic model to define the inductive bias and by testing the model in
both artificial and naturalistic scenarios. In the rest of this section, we
describe the specific formof inductive bias distillation thatwe perform
for our language case study.

Step 1: Characterizing the inductive bias
Our starting point is the model that Yang and Piantadosi proposed for
creating a prior over formal languages23. A formal language34–37 is a set
of strings defined by an abstract rule. For example, the set
{AB,ABAB,ABABAB, . . . } is a formal language defined by the expression
(AB)+, meaning one or more copies of AB. The mechanisms used to
define formal languages are inspired by the structure of natural lan-
guage. The case of (AB)+ parallels tail recursion as seen in nested
English prepositional phrases: if we take A to stand for a preposition
and B to stand for a noun phrase, then (AB)+ captures strings that
alternate between prepositions and noun phrases, such as under the
vase on the table in the library. By translating linguistic structure into
precise abstractions, formal languages have long facilitated mathe-
matical analyses of language38–41.

In our case, the mathematical nature of formal languages makes
them useful for defining a distribution over languages. Following the
general approachusedbyYangandPiantadosi,we specify a set of formal
primitives and construct amodelwhich probabilistically combines these
primitives to create definitions of languages. The primitives that we use
are mainly drawn from standard components of regular expressions42,
one particular formal language notation. Examples of these primitives
includeconcatenationand the aforementioned recursionprimitiveplus
meaning one or more copies of. An example language defined by our
primitives is concat(A, plus(C), or(F,B)), the language of strings
made of an A followed by one or more C’s followed by either F or B:
{ACF, ACB, ACCF, ACCB, ACCCF, . . . }. Regular expressions are limited in
their expressive power: they are provably unable to capture certain
aspects of natural language syntax43. To overcome these limitations, we
augment the basic regular expression primitives in ways that increase
the system’s expressivity. See “Methods” and Supplementary Methods
for full descriptions of our primitives.

Fig. 1 | Overviewofour approach. a Standardmodels of learning conflate strength
of inductive biases with strength of representational commitments: Bayesian
models have strong biases and strong representational commitments, while stan-
dardneural networks haveweak biases andweak representational commitments. In
this work, we create prior-trained neural networks—neural networks that have
strong biases yet flexible representations. b The process of inductive bias

distillation that we use to give strong inductive biases to neural networks. First, a
target inductive bias is instantiated in a Bayesian model which gives a prior over
hypotheses. Then, hypotheses are sampled from that prior to create tasks that
instantiate the inductive bias in data. Finally, a neural networkmeta-learns from the
data, a step which transfers the inductive bias into the network.
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Our complete distribution over languages is specified via a
probabilisticmodel (structured similarly to a probabilistic context-free
grammar) that defines a probability distribution over all possible
combinations of our primitives. This approach assigns high probability
to languages defined with few primitives and low probability to lan-
guages with more complex descriptions. Therefore, the inductive bias
that we aim to distill using this model is one that favors languages that
canbe simply expressed using our chosen primitives. By specifying the
target bias with a probabilistic model, we make this target bias inter-
pretable and controllable—properties thatwould not hold if we instead
defined the target bias with a neural network, as done by Abnar et al.’s
work about transferring inductive biases from one type of neural
network to another44.

Step 2: Sampling data
Now that we have characterized the inductive bias as a distribution
over languages, the next step is to sample languages from this dis-
tribution so that the student model can meta-learn from these lan-
guages. This step is straightforward because the distribution is defined
as a generative model, which automatically allows us to sample lan-
guages from this distribution and to then sample specific strings from
each language. Although it is simple, this step is conceptually impor-
tant. It bridges the divide between our probabilistic model and our
neural network by instantiating our target bias in data—something that
can act as common ground between two otherwise very different
models.

Step 3: Applying meta-learning
The final step in inductive bias distillation is to have the studentmodel
meta-learn from our sampled data in order to give it the target bias.
The type of system that we use as a studentmodel is a long short-term
memory neural network (LSTM; ref. 45). LSTMs have been formally
shown to be capable of processing many types of formal languages46,
and empirically they have been very successful in processing natural
language47–49. We also tried using Transformers50—another type of
neural network that is effective for language—but we found that the
distillation was not as effective for Transformers as for LSTMs, likely
because LSTMs perform better than Transformers at capturing some
of the formal language mechanisms underlying our set of primitives51.

The task that our LSTMs perform is next-word prediction52, also
known as language modeling: Given a sequence, the LSTM aims to

predict eachword in the sequence conditioned on the previous words.
For example, if the sequence is ABA, it would be expected to first
predict what the first token is (A); then to predict what the second
token is (B) given that the first token isA; then to predictwhat the third
token is (A) conditioned on the prefix AB; and finally to produce a
special end-of-sequence token conditioned on the prefix ABA. For
most languages, this task cannot be solved perfectly; e.g., in English,
there are many next words that could follow The. Therefore, the
model’s prediction for the next word is a probability distribution over
all possible tokens (ideally assigning the highest probability to the
most likely next words).We use the next-word prediction task because
prior work has found it to be effective in teaching neural networks the
grammatical properties of languages53–56 and has argued that it plays a
central role in human language processing57,58.

Before we describe meta-learning, it is helpful to first describe
standard learning. A neural network is defined by a large number of
numerical parameters, such as connection weights. In standard
learning, the network starts with some initial parameter values (usually
randomones). The network is then shownmany examples of the target
task. After each example, the network’s parameters are adjusted such
that, if the network saw the same example again, it would perform
slightly better on it. Aftermany suchupdates, the network should have
parameter values that enable it to perform the task effectively.

Various types of meta-learning have been shown to improve the
generalization abilities of neural networks59–64. The form of meta-
learning that we use is model-agnostic meta-learning (MAML; ref. 28).
MAML can be viewed as a way to perform hierarchical Bayesian
modeling65, making it a natural choice for our purpose of distilling
Bayesian priors. Intuitively, in our application of MAML, a network is
shownmany languages and thereby learns how to learn new languages
more easily. What is updated throughout the MAML process is the
network’s initialization—the parameter values that it starts with before
learning a specific language. If MAML is successful, the initialization
that results from it should encode an inductive bias that enables the
model to learn any language in our distribution from relatively few
examples. Because we control the distribution of languages, we also
control the inductive bias that is meta-learned. See Fig. 2 for a more
detailed illustration of this process, and see Supplementary Methods
for the complete MAML algorithm that we use. We refer to a neural
network that has undergone inductive bias distillation as a prior-
trained neural network because it has been given a particular prior via

Fig. 2 |Meta-learningusingMAML.We illustrate amodelM as apoint in parameter
space. a A single episode of meta-learning.We sample one language L from a space
of synthetic languages that we have defined and then sample two sets of sentences
from this language: a training set and a test set. Themodel begins the episode with
parameter values Mt. These parameter values are copied into a temporary model
M 0, which then learns from the training set for L using standard (non-meta) learning
(dotted trajectory). The trained M 0 is then evaluated on the test set of language L.
Based on the errors that M 0 makes on this test set, the parameters of the original
modelMt are adjusted (following the solid arrow) to create a new set of parameters
Mt+1, such that if Mt+1 were duplicated into a newM 0 the newM 0 would learn this
language more effectively than if it had been copied from Mt. b A complete meta-

learning process encompassing 10 episodes. This diagram shows the model start-
ing with random initial parameters M0 and then going through 10 episodes (solid
arrows) until arriving at its final parametersM10; note that our experiments actually
use 25,000 meta-learning episodes, not 10 episodes. If meta-learning has suc-
ceeded, these final parameter values should serve as a useful initialization from
which themodel can easily learn any language in our space of languages. Here, each
oval represents the region of parameter space that would lead to effective pro-
cessing of a single language such as L2. The meta-learned parameter values M10

indeed position the model in a region where it can readily reach any of the lan-
guages shown through a small amount of standard learning (dotted arrows).
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training. Prior-training is superficially similar to another approach
called pre-training, but there are important differences in what these
methods achieve; see “Discussion”.

In inductive bias distillation, meta-learning is not a hypothesis
about howhumansmight have comeby their inductive biases. Though
humans certainly performmeta-learning in at least some cases66–68, we
do not claim that humans’ linguistic inductive biases must arise via
meta-learning, nor dowe claim that these inductive biases are encoded
in the form that MAML encodes them (i.e., via the initial settings of
connectionweights). Instead, we usemeta-learning purely as a tool for
creating a model that has specific inductive biases. See ref. 69 for
discussion of meta-learning as a source of priors in humans.

Our goal in using inductive bias distillation is to combine the
strong inductive biases of a Bayesian model with the representational
flexibility of a neural network. To test whether our model captures the
strengths of both approaches, we evaluate it in two settings: one set-
ting that has traditionally been well-handled by Bayesian models but
not neural networks, and another setting where the reverse is true.

Learning formal languages
We first evaluate our model on its ability to learn formal languages
from few examples, an area where Bayesian models perform well but
standard neural networks perform poorly. We use the same 56 formal
languages that Yang and Piantadosi used to evaluate their Bayesian
learner. For each evaluation language, we train our model on n strings
drawn from that language, with n ranging from 1 to 10,000 on a
logarithmic scale. To quantify how well the trained model has learned
the intended language, we compute the model’s F-score, the same
metric usedbyYang andPiantadosi. The F-score quantifies howclosely
the set of strings assigned highest probability by the model matches
the set of strings that have the highest probability in the true language
(see “Methods”). We also compare prior-trained networks to standard
neural networks, which have the same architecture as the prior-trained
networks butwhich have theirweights initialized randomly rather than
via inductive bias distillation.

This setting poses a substantial challenge for a neural network
because the formal languages are defined in discrete symbolic terms.
Neural networks have long been viewed as fundamentally different
from symbolic processing. Indeed, a major puzzle in cognitive science
is the fact that the humanmind is instantiated in a neural network yet is
able to perform symbolic functions70–74—a fact so puzzling that Smo-
lensky and Legendre refer to it as “the central paradox of cognition”75.
Therefore, this setting provides a challenging test of the claim that
strong inductive biases can be distilled into a neural network.

Although it is a neural network, our prior-trainedmodel displays a
data efficiency similar to that of Yang and Piantadosi’s symbolic
Bayesian learner (Fig. 3). In contrast, a standard neural network is
substantiallymoredata-hungry: To reach a given level of performance,
it needs about 10 times asmany examples as the Bayesian learner. The
standard and prior-trained neural networks are identical in their
architecture and the procedure that they use to learn a given formal
language. They only differ in that the prior-trained network has
undergone inductive bias distillation while the standard one has not.
Therefore, the distillation process has succeeded at giving our model
inductive biases that are useful for learning formal languages.
Although neural networks are typically associatedwith learning slowly,
these results show that learning slowly is not a necessary aspect of
being a neural network.

In addition to coming close to the Bayesian learner’s data effi-
ciency, the prior-trained network exceeds the Bayesian learner’s time
efficiency. To learn one formal language, the Bayesian learner takes
from 1 min to 7 days. Our neural network takes at most 5 min, and
sometimes as little as 10ms. The Bayesian learner is by nomeans slow:
indeed, considering the complexity of its hypothesis space, it is blaz-
ingly fast for a learner of this sort—Yang & Piantadosi’s software

package is appropriately named Fleet. Nonetheless, the flexible par-
allel processing performed by neural networks enables a substantial
speedup over even a very fast Bayesian learner. See Supplementary
Methods for more details about these time comparisons.

Learning natural language
We next evaluate our model on its ability to learn natural language
from an 8.6-million word corpus of English text76. This corpus, which is
drawn from the CHILDES database77, is composed of sentences that
English-speaking parents spoke to their children. It is thus the type of
linguistic input that humans receive when acquiring the grammatical
structure of English. Due to the size of this dataset and the complexity
of natural language, Yang & Piantadosi’s Bayesian learner cannot
tractably be applied in this setting. However, the fact that our model
has greater time efficiency makes processing this dataset feasible,
since neural networks are well-suited for handling large naturalistic
datasets, as evidenced by the success of recent large language models
such as ChatGPT27.

We evaluate performance on this corpus by computing perplexity
on a withheld test set. Perplexity is the standard metric for evaluating
next-word prediction: the lower the perplexity is, the better themodel
is doing at predicting the next word given its context. A perplexity
value is difficult to interpret in absolute terms, so to contextualize our
model’s performancewe use the strong baseline of a smoothed 5-gram
model (the best known non-neural system for performing next-word
prediction). On this dataset, as reported in ref. 76, a smoothed 5-gram
model’s perplexity is 24.4.

Our prior-trained neural network achieves a perplexity of 19.66,
substantially outperforming the 5-gram baseline. As shown in Fig. 4a,
this perplexity of 19.66 slightly improves on the perplexity of 19.75
achieved by our standard neural network (two-sided t-statistic (77.4
degrees of freedom) = 13.87, p < 0.001, Cohen’s d = 3.10, 95% con-
fidence interval for the difference ofmeans = [0.073, 0.097]), aswell as

Fig. 3 | Assessing the ability of our model to learn formal languages. This plot
averages over the 56 formal languages used by Yang and Piantadosi23; see Sup-
plementary Note 2 for results for individual languages. The Bayesian model results
are taken from Yang and Piantadosi. The prior-trained neural network is our model
that has undergone inductive bias distillation; the standard neural network has the
same architecture but has not undergone distillation. For each neural network
condition, the plot shows themean over 40 re-runs, with the bottom right showing
error bars (giving the full range) averaged over the five training set sizes.
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the perplexity of 19.69 achieved by the best-performing neural net-
work from prior literature76. These results show that, despite its strong
inductive biases, our model retains the flexibility needed to learn well
from a naturalistic dataset.

Do our model’s strong inductive biases have any human-
interpretable effect on how it learns natural language? The previous
paragraph might make it seem like the answer is no, since the per-
plexity of the prior-trained network is only slightly better than the
perplexity of the standard network. However, even if the distilled
inductive biases had a substantial effect on learning, the evaluation in
the previous paragraph would be unlikely to illustrate it. Inductive
biases are what guide a learner when the training set is lacking. In the
evaluation described so far, the test set was drawn from the same
distribution as the training set, and the training set was large (8.6
million words). Therefore, the training data may already give strong
signals regarding how to handle the test set, leaving little room for
inductive biases to affect the results. To better pinpoint the effects of
inductive biases, we should evaluate models on situations where the
training set is not as informative. The rest of this section discusses two
such situations: when the learner has access to less training data or
when the learner must perform out-of-distribution generalization
(generalizing to examples drawn from a different distribution than the
training set).

Limiting the amount of training data
To testwhether thedistilled inductive biases have a clearer effectwhen
the amount of CHILDES training data is smaller, we trained models on
varying proportions of the dataset—from one sixty-fourth of the
dataset to the full dataset. In neural networks, data quantity can
interact with model size to determine a model’s performance: it is
generally true that models with more parameters generalize better,
but smaller models sometimes perform better when there is too little
training data for a large model to learn effective values for all of its
parameters. Therefore, we also varied the number of parameters by
varying the hidden layer size (the size of the network’s internal vector
representations).

The results (Fig. 4b) show that, in many cases, inductive bias
distillation substantially improves the perplexity of models trained on
English, whereas it never substantially worsens the performance. The
full pattern of results is complex, displaying a rough diagonal band
along which inductive bias distillation provides the greatest benefit: it
helps most in small models with small amounts of data or in large

models with large amounts of data. See Supplementary Discussion for
discussion of this pattern.

Testing out-of-distribution generalization
One remarkable aspect of human language acquisition is that we learn
rules for which our experience gives little or no direct evidence.
Consider the following sentences. In English, a declarative sentence,
such as (1a), can be converted to a question by replacing one of the
phrases in the sentence (the banker) with who and moving it to the
start of the sentence, as in (1b). There are exceptions to this general
rule78: it is ungrammatical to form a question of this sort when who
corresponds to a word inside a conjunction, as is the case in (2b).
Though situations that would give rise to (2b) are rare in standard
conversation, English speakers reliably learn this constraint.
(1) a. The judge and the spy will visit the banker.

b. Who will the judge and the spy visit?
(2) a. The judge will visit the spy and the banker.

b. *Who will the judge visit the spy and?

The evaluation set that we have used so far is a sample
of naturally-occurring text. Therefore, for many linguistic phenom-
ena, this evaluation set likely contains few sentences for which
capturing that phenomenon is important. As a consequence, a
model’s performance on this evaluation set does not tell us whether
the model has learned the phenomena that linguists typically
focus on.

To test whether models have learned particular linguistic phe-
nomena, prior work79,80 has proposed an evaluation paradigm based
on minimal pairs—pairs of sentences that highlight the rule being
investigated. For example, if a learner recognizes that sentence (1b) is
better-formed than (2b), that is evidence that the learner has learned
the constraint on questions discussed above. The neural networks that
we consider in this work are next-word prediction models, which
assign a probability to every possible sequence of words. Therefore,
we can apply minimal pair evaluations to our models by seeing which
sentence in the pair is assigned a higher probability by the model. We
use four datasets of minimal pairs, described in “Methods”. Each
dataset targets a number of linguistic phenomena, such as the ques-
tion constraint described above. For this analysis, we return to the
setting where both the standard and prior-trained networks achieved
the best perplexity (namely, training on the full dataset with a hidden
layer size of 1024).

Fig. 4 | Perplexity of neural networks trained on English text. For perplexity,
lower is better. a Results for our largest model size (1024 hidden units) trained on
the full dataset. The boxplots show summary statistics (center =median, bounds of
box = first and third quartiles, whiskers = minimum andmaximum) across 40 runs,
while the dots show the values for the individual re-runs. The dotted line is the best
model from prior literature76, which was a Transformer. b Effect of varying model

size and amount of training data. Each cell shows the mean perplexity and a 95%
confidence interval for a standardmodel (S) and prior-trainedmodel (P), across 20
runs for each model type in each cell. The shading shows the proportion by which
inductive bias distillation changes the perplexity (a negative value—i.e., blue—
indicates an improvement).

Article https://doi.org/10.1038/s41467-025-59957-y

Nature Communications |         (2025) 16:4676 5

www.nature.com/naturecommunications


On all four datasets, the prior-trained neural network achieves a
small but statistically significant improvement over the standard net-
work (Fig. 5a). Supplementary Note 4 provides results for the indivi-
dual phenomena thatmake up each dataset; in general, there are some
phenomena where the prior-trained network substantially outper-
forms the standard one, but there are other phenomena where the
reverse is true, and it is difficult to discern clear patterns governing
which phenomena are better handled by which model (with one
exception—recursion—that is discussed in the next subsection).

Recursion and priming
The minimal pair results in the previous subsection were somewhat
challenging to interpret. This fact is perhaps unsurprising because
most of thephenomena tested in those evaluations didnot have a clear
connection to the inductive biases that we distilled. Therefore, we do
not have a clear reason to expect that the distillation would help or
hurt on those phenomena. In this section, we now consider two phe-
nomena that connect more clearly to our target bias: recursion and
priming.

One of the primitives we used—the plus primitive—enables syn-
tactic recursion by allowing units to be repeated unboundedly many
times. For instance, plus(AB) describes the set of strings containing
one ormore copies of AB: {AB,ABAB,ABABAB, . . . }. We thereforemight
expect that our distilled inductive bias should improve how models
process recursion in English, such as handlingmultiple intensifiers (the
mountain is very very very tall) or possessives (my cousin’s friend’s sis-
ter’s neighbor). (Note that some authors distinguish two types of

repetition—recursion and iteration—based on hypothesizing that dif-
ferent mechanisms are used to produce the relevant sentences81,82. In
this work, we discuss only surface strings, not the algorithms used to
produce them, and therefore consider both types of repetition toge-
ther under the heading of recursion).

Two of the minimal pair evaluation sets (SCaMP: Plausible and
SCaMP: Implausible) contain stimuli that target recursion, such as the
examples below (see Supplementary Note 5 for more examples). Each
stimulus contains a pair of sentences that end in the same way
(underlined), butwhere the underlined portion is a valid ending for the
sentence in one example (the first example in each pair) but not the
other. We compute the probability that each model assigns to the
underlined portions; the model is said to be correct if it assigns higher
probability to the valid case than the invalid one. Each pair involves
some degree of recursion (in the examples below, each level adds an
additional prepositional phrase). If a model handles recursion well, its
accuracy should not degrade much when more levels of recursion
are added.
(3) 1 level:

a. The book on the chair is blue.
b. *The book was on the chair is blue.

(4) 2 levels:
a. The book on the chair in the room is blue.
b. *The book was on the chair in the room is blue.

(5) 3 levels:
a. The book on the chair in the room by the kitchen is blue.
b. *The book was on the chair in the room by the kitchen is blue.

Fig. 5 | Results on targeted linguistic evaluations. a Accuracy on four minimal
pair datasets that each cover a broad range of syntactic phenomena, averaging
across 40 re-runs. The p-values are based on two-sided two-sample t-tests; see
“Methods” for details. b The extent to which models display priming in sentences
that are either short or long and either semantically plausible or semantically
implausible. The lower the value on the y-axis is, the more extensively priming has

occurred. The boxplots show summary statistics (center =median, bounds of box=
first and third quartiles, whiskers = minimum and maximum) across 40 re-runs.
c Evaluations of recursion averaged across 40 re-runs; data are presented as mean
values. The twomodel types score similarly when there are few levels of recursion,
but at higher levels the prior-trained model often has a higher accuracy than the
standard one.
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Acrossmost of our twelve recursion evaluations, the prior-trained
network handles deep recursion better than the standard network
(Fig. 5c), supporting the hypothesis that the distilled inductive bias
helps models learn recursion in English. Indeed, the recursion subsets
of the SCaMPdatasets are largely responsible forwhy the prior-trained
network outperforms the standard network on these datasets in
Fig. 5a. When the recursion subsets are excluded, the SCaMPplausible
scores become 0.731 for the prior-trained network and 0.733 for the
standard network (p = 0.237), and the SCaMPimplausible scores become
0.718 for the prior-trained network and 0.713 for the standard network
(p < 0.001); see “Methods” for more details about these statistics.

The other primitive that we consider here is our synchrony pri-
mitive, which enablesmultiple parts of a sequence to be synchronized.
Most relevantly for our analysis, this primitive can capture a formal
language where each sequence contains two copies of some string—
e.g., ACCDACCD or BDABDA. English does not have any such patterns in
the syntax of individual sentences, but this type of pattern does occur
in neighboring pairs of sentences: in our corpus, 2.8% of sentences are
identical to the sentence before them. (Recall that our corpus contains
sentences spoken by parents to their children; apparently, parents
commonly repeat sentences). For instance, the first 6 sentences in the
corpus are:
(6) you had a what ?

the basketball had eyes ?
the basketball had eyes ?
eyes ?
you’re very excited.
you’re very excited.

Such tendencies are not just statistical properties of corpora; they
are also leveraged by language users during sentence processing, as
evidenced by priming—the tendency for language users to produce83,84

and expect85,86 sentences that are similar to others they have recently
encountered. Like humans, neural network language models also dis-
play priming effects87–89.

Because our synchrony primitive facilitates the parallelism that
underlies priming, we hypothesize that our distilled inductive bias
should increase the extent to which models display priming. To test
this hypothesis, we compute the perplexity that models assign to
sentences (underlined) in an unprimed setting where the sentence
appears in isolation, as in (7a), and a primed settingwhere the sentence
is preceded by a copy of itself, as in (7b). Themore amodel undergoes
priming, the more its perplexity should decrease from the unprimed
setting to the primed setting. This analysis was created to test our
hypothesis about priming and is not part of any of the minimal pair
datasets in Fig. 5a.
(7) a. The lady helped the boy in the bank.

b. The lady helped the boy in the bank. The lady helped the boy
in the bank.

Wefind that, across all four conditionswe studied, the prior-trained
neural network displays a greater degree of priming than the standard
network (Fig. 5b). This result supports our hypothesis that the inductive
bias we have distilled predisposes models toward being primed.

Analyzing the distilled inductive bias
Our goal for inductive bias distillation is to give a neural network
inductive biases that match those of a target Bayesian model. Our
experiments so far have shown that the distillation process indeed
imparts useful inductive biases, but the possibility remains that these
biases are not the intendedones—theymaybeusefulwithoutmatching
the Bayesian model. To investigate this possibility, we ran additional
experiments in which we varied the target bias to see if the prior-
trained network’s behavior varied accordingly. We considered three
different target biases. First, the all primitives case is the one we have

used throughout the paper, in which neural networks aremeta-trained
on formal languages defined with a set of primitives that includes
recursion and synchrony. The other two cases are based on modified
versions that remove one primitive: the no recursion setting uses all
primitives except recursion, and the no synchrony setting uses all
primitives except synchrony.

When we evaluated these three types of prior-trained networks on
learning formal languages, the results varied in ways that paralleled the
differences in the distributions they were meta-trained on (Fig. 6a).
First, we evaluated these systems on a set of 8 formal languages that
require recursion but not synchrony; these 8 languageswere a subset of
the 56 formal languages evaluated on above. The no recursion case
performedmuch worse than the all primitives and no synchrony cases,
as shown by the fact that it needed a greater number of training
examples to attain a strong F-score.We then evaluated these systemson
a set of 8 formal languages that require both recursion and synchrony.
Now, no recursion and no synchrony performed similarly to each other
and substantially worse than all primitives. (Note that we also con-
sidered evaluating on languages that require synchrony but not recur-
sion, but there were no such languages in the set from which we drew
evaluations, and practical challenges prevented the expansion of this
set; see SupplementaryMethods). These results support the conclusion
that inductive bias distillation has imparted the target bias because
removing a primitive from the target bias results in a prior-trained
system that performs worse on languages featuring that primitive.

We then evaluated these modified prior-trained systems when
they were applied to natural language by repeating the natural-
language recursion and priming evaluations from above. On the
recursion evaluations, as expected, the no recursion case performs
worse on average than the all primitives case (Fig. 6b), though note
that there are some individual recursion evaluations on which no
recursion outperforms all primitives (see Supplement Fig. S1). Unex-
pectedly, the no synchrony case also performs worse than the all pri-
mitives case, showing that the synchrony primitive is helpful on these
recursion evaluations; this might be because the recursion evaluations
not only involve recursion but also involve long-distance relationships
between phrases (e.g., in the sentences in example (5) above, the
relationship between the phrase the book and is blue), and synchrony
may help with such long-distance relationships because synchrony
creates the opportunity for elements in widely-separated parts of a
sequence to depend on each other.

On the priming evaluation, we found that all three prior-trained
networks performed similarly to each other and better than the stan-
dard network (Fig. 6c). This result suggests that the increased priming
observed in the prior-trained systems is not due to the synchrony
primitive as we had hypothesized above but rather arises from some
other aspect of the prior-training distribution, such as (for example) a
general predisposition for discrete, symbolic patterns.

In sum, when we evaluated prior-trained models on formal lan-
guages, the nature of the target bias modulated performance in
exactly the ways we would expect. When we evaluated on natural
language, the results were less clear: the recursion results largely
matched our expectations, but the priming results did not. Note that
our target bias was defined over formal languages, meaning that
natural language is far outside the distribution used during the meta-
training phase. We believe these results are consistent with the fol-
lowing conclusion: Inductive bias distillation robustly imparts the
target bias within the distribution used during the meta-training
process (in our case, the distribution over formal languages), but the
effects of that target bias are less predictable when it is applied
outside of the meta-training distribution (such as when we evaluated
systems on natural language)—a conclusion consistent with prior
work finding that neural networks perform in consistent ways within
their training distributions but are less predictable when generalizing
out-of-distribution90,91.

Article https://doi.org/10.1038/s41467-025-59957-y

Nature Communications |         (2025) 16:4676 7

www.nature.com/naturecommunications


Discussion
We have shown that prior-trained neural networks (created by distil-
ling Bayesian priors into a neural network) can learn effectively from
few examples or from complex naturalistic data. Standard Bayesian
models and standard neural networks are effective in only one of these
settings but not both. Our results illustrate both the possibility and
the importance of disentangling strength of inductive bias from
strength of representational commitments: our models have strong
inductive biases instantiated in continuous vector representations, a
combination that enables them—like humans—to learn both rapidly
and flexibly.

Inductive bias distillation provides a way to bridge different
levels at which cognition can be analyzed. Marr92 proposed that
cognitive science consider three levels of analysis: the computa-
tional level, which provides an abstract characterization of the
problem that the mind solves and the solution that it uses; the
algorithmic level, which describes the algorithm that the mind uses
to execute this solution; and the implementation level, which
describes how this algorithm is implemented. Bayesian models are
usually meant as proposals at the computational level, characteriz-
ing the inductive biases that people have (i.e., which hypotheses do
people select given which data?) but remaining agnostic about how
these inductive biases are realized93–95. Neural networks instead
align more with the algorithmic level (and, in some cases, the
implementation level). Therefore, our experiments give an illustra-
tion of how inductive bias distillation can connect inductive biases
proposed at the computational level to models proposed at the
algorithmic level.

In our case study, the work of Yang and Piantadosi23 provided a
natural inspiration for the inductive bias that we distilled. In the more
general case, how should we identify appropriate biases to transfer to
neural networks? One valuable source of inductive biases is Bayesian
models of cognition, which capture aspects of human learning by
explicitly defining a prior distribution that captures human inductive
biases17. Tasks for meta-learning can be sampled from these priors,
providing a simple route for extracting human inductive biases and
transferring them intomachines. Binz et al.96 recently pointed out that
meta-learning can be used to adapt neural networks to their environ-
ments, providing away to extend rationalmodels of cognition tomore
complex settings. Inductive bias distillation provides a complementary
strategy for achieving this goal, in which we define an inductive bias
through a prior distribution and then create an approximation to a
rational model by distilling that prior into a neural network.

There are several other modeling approaches that are related to
inductive bias distillation. We briefly touch on these approaches here;
see Supplementary Discussion for detailed discussion. First, prior-
training is superficially similar to the popular existing approach of pre-
training, in which a network is trained on a large quantity of general
data before being further trained on a specific task97,98. Pre-training
does influence a model’s inductive biases99–102, but we found that pre-
training did not work well in our setting; see Supplementary Note 1.
Some large pre-trained models, such as ChatGPT, might be able to
performwell onour evaluations, but these systemsarepoorly suited to
being models of language learning because they are pre-trained on
unrealistically large quantities of natural language. Second, Prior-Data
Fitted Networks (PFNs; refs. 103–106) are a type of neural network

Fig. 6 | Results from varying the set of primitives used during inductive bias
distillation.We tested the use of all primitives, all primitives except synchrony (no
synchrony), and all primitives except recursion (no recursion). a Performance on
learning formal languages that require recursion but not synchrony (left) or both
recursion and synchrony (right). Each point shows the mean over 20 re-runs, with
error bars in the bottom right corner showing the full range averaged over the five
training set sizes. b Performance on the natural-language recursion evaluation set,

averaged over 20 re-runs and over all sub-conditions of this dataset (see Supple-
ment Fig. S1 for individual conditions). Data are presented as mean values. c Per-
formance on the natural-language priming evaluation set, expressed using
boxplots over 20 re-runs (center =median, boundsof box = first and third quartiles,
whiskers =minimum andmaximum). The lower the value on the y-axis is, themore
extensively priming has occurred. no rec. = no recursion; no sync. = no synchrony.
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trained to approximate Bayesian inference; however, PFNs differ from
our approach because they are based on learning, rather than meta-
learning, and because they have not been applied to sequential, sym-
bolic domains such as language. In concurrently-developedwork, Lake
and Baroni63 and Zhou et al.64 also used meta-learning as a way to
incorporate inductive biases from probabilistic models into neural
networks. Our work differs from these approaches in the type ofmeta-
learning that we use (gradient-based, rather than memory-based,
meta-learning), in the domain we study (language rather than
instructions or visual concepts), and in the fact that we provide a
general recipe for using meta-learning to distill the inductive biases of
probabilistic models into neural networks; Lake and Baroni and Zhou
et al. showhowmeta-learningwith specific task distributions can result
in specific inductive biases but do not provide this general framing.
Finally, the approaches known as Bayesian neural networks and
Bayesian deep learning107–110 may sound related to inductive bias dis-
tillation, but they in fact have a different goal—namely, enhancing
neural networks with explicit estimates of uncertainty over model
parameters.

Using inductive bias distillation, we have shown that it is possi-
ble to combine the representations of a neural network with the
inductive biases of a Bayesian model. Like a Bayesian model, the
resulting system can learn formal linguistic patterns from a small
number of examples. Like a neural network, it can also learn with
much greater time efficiency than standard Bayesian approaches,
enabling us to study our target inductive bias in a setting that is
larger-scale than previously possible (namely, learning aspects of
English syntax from millions of words of natural language). We hope
that bridging the divide between these modeling approaches will
enable us to account for both the rapidity and the flexibility of
human learning.

Methods
Formal language primitives
Our distribution over formal languages is mainly defined using stan-
dard regular expression primitives42:

• Atomic alphabet symbols (A, B, ...)
• Σ: any symbol in the alphabet
• ϵ: the empty string
• concat: concatenation
• or: randomly selecting one of two strings
• plus: Kleene plus, which produces one or more instances of an
expression

To overcome formal limitations in the expressive power of
regular expressions34, we make two enhancements to the basic reg-
ular expression primitives. First, the standard Kleene plus primitive
enables tail recursion, in which multiple instances of an expression
are joined sequentially (e.g., repeating AB to give ABAB). However, it
does not enable nested recursion (also known as center embedding),
in which multiple instances of an expression are nested inside each
other (e.g., nesting AB inside AB to yield AABB). We generalize the
Kleene plus by incorporating an index argument that specifies where
recursed material is inserted: plus(AB, 0, 0.5) inserts new copies
of AB at index 0 (the start of the string), yielding tail recursion:
{AB, ABAB, ABABAB, . . . }. The expression plus(AB, 1, 0.5) instead
creates nested recursion by inserting new copies of AB in
between the existing A and B: {AB, AABB, AAABBB, . . . }. The final
argument in this expression is the probability of continuing to insert
new copies of AB: setting this value to 0.5 means that, in this lan-
guage, the string AB has probability 0.5, the string AABB has prob-
ability 0.5 × 0.5 = 0.25, etc.

The second enhancement that we make to our set of primitives is
the addition of a synchrony mechanism—inspired by synchronous
grammars111–113—which allows different parts of a sequence to be

synchronized. For example, the following defines a language in which
each sequence has three parts:

Synchrony pattern: 0,1,0
0: plus(or(A/B, B/D), 0, 0.5)
1: concat(C,C)

The synchrony pattern shows that the first and third parts are
synchronized (with ID 0), while the middle part is independent (ID 1).
The middle part is always the string CC. The first and third parts are
sequences made of A, B, and D, where everywhere that there is an A in
thefirst part, there is aB in the thirdpart, and everywhere there is aB in
the first part, there is a D in the third part. Example strings in this
language include ACCB and AABACCBBDB.

With these primitives defined, we can sample a formal language
by probabilistically combining the primitives to form a language
description, with probabilities chosen in a way motivated by Chi114.
See Supplementary Methods for the specific probabilistic model we
use for this purpose.

We use a different set of primitives from Yang and Piantadosi
because we found that, although their primitives were very effective
for what Yang and Piantadosi use them for (choosing between
hypotheses), they are not well-suited for inductive bias distillation.
Specifically, in inductive bias distillation, the distribution over lan-
guages is distilled into a learner by showing samples from this dis-
tribution to the learner. In a sample of 10,000 languages from Yang
and Piantadosi’s prior distribution, we found thatmost languageswere
degenerate: 94.4% contained only one unique string, and 98.6% con-
tained no strings with a length greater than 1. Therefore, distilling this
distribution into a learner would require an unrealistically large num-
ber of samples in order to show sufficiently many examples of non-
trivial languages, sowe instead chose primitives that result in a greater
proportion of non-trivial languages.

We tried running Yang and Piantadosi’s code with our primitives,
but we found that it performed worse with these primitives than with
Yang and Piantadosi’s primitives, potentially because our synchrony
mechanism makes the hypothesis space difficult for their learner to
search through. Therefore, in order to present each approach in the
most favorable light possible, the results we present with Yang and
Piantadosi’s model use their set of primitives; for each language, we
used the highest-posterior hypothesis among the four candidates lis-
ted in their supplementary materials.

Meta-training
For the meta-learning phase of inductive bias distillation, we used
MAML28. In our use of MAML, each episode involves one formal lan-
guage sampled from our distribution over formal languages. In the
basic version of MAML, each episode updates the model following the
equation below, whereMi is themodel’s parameters after i episodes of
meta-training, Li is the ith language sampled from the distribution over
languages,M 0

i is a temporary model created by trainingMi on Li using
standard learning, LLi

ðM 0
iÞ is the loss thatM 0

i obtains on the test set for
Li, ∇Mi

is the gradient with respect to Mi, and γ is a learning rate.
Crucially, the loss is computed based on M 0

i, but the gradient is com-
puted with respect toMi, making it a second-order gradient that treats
the weight updates performed to createM 0

i as part of the computation
graph to be backpropagated through.

Mi+ 1 =Mi � γ∇Mi
LLi

ðM 0
iÞ ð1Þ

Note, however, that our use of MAML did not adhere to this basic
equation because we adopted three additional optimization techni-
ques that have been found in priorwork to enable training to converge
more rapidly, namely multi-step loss29, the AdamWoptimizer115,116, and
a cosine-based learning rate scheduler117. See Supplementary Methods
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for a complete definition of the MAML algorithm we used that factors
in these optimization techniques.

We used a meta-training set of 25,000 formal languages sampled
from our meta-grammar, and a meta-validation set of 500 formal
languages. Models went through one epoch on this dataset. For each
formal language Li, the model was trained using stochastic gradient
descentwith a learning rate of 1.0 onnbatches of size 10 sampled from
that language, where n was drawn uniformly from [1,20]; the result of
this trainingwasM 0

i.Weusedmulti-step loss29: after eachbatch, ameta-
loss term was computed based on a 1000-item test set sampled from
the formal language Li. The sumof all thesemeta-loss termsover all the
batches gave the loss on this languageLLi

ðM 0
iÞ. After all batches for the

language had been processed, the model then underwent a meta-
update using AdamW115,116 with weight decay of 0.1 and a learning rate
that began at 0, increased linearly to 0.005 during a warmup period
covering the first 5% of training, and then decayed following a single
half-cycle (without restarts) of a cosine schedule. The model was
evaluated on the meta-validation set after every 100 languages. The
final trained model was the checkpoint with the lowest validation loss.

The model was a 2-layer LSTM45 with dropout118 of 0.1, weight
sharing between input and output word representations119, and a hid-
den layer size of 1024 (unlessotherwise specified).We also tried simply
pre-training our model on the same dataset (i.e., combining all 25,000
languages into a single next-word prediction dataset), but we found
that this approach performed substantially worse than using MAML;
see Supplementary Note 1. We implemented our models in PyTorch
version 2.2.1+cu121120, with meta-training facilitated by the package
higher version 0.2.1121 and some training functions based on code
from the Transformers library version 4.38.2122.

Formal language evaluation
We evaluated models on the set of 56 formal languages used by Yang
and Piantadosi. All of these languages were withheld from the meta-
learning phase of inductive bias distillation, ensuring that models had
not encountered any of these languages before being evaluated on
them. FollowingYang andPiantadosi, wemeasuredperformanceusing
the F-score defined as follows, where S25(D) is the 25 highest-
probability strings in the formal language, S25(h) is the 25 highest-
probability strings generated by themodel, S(D) is the set of all strings
in the formal language, and S(h) is the set of all strings generatedby the
model:

precision =
jS25ðhÞ \ SðDÞj

S25ðhÞ
ð2Þ

recall =
jS25ðDÞ \ SðhÞj

S25ðDÞ
ð3Þ

F� score = 2
precision � recall
precision+ recall

ð4Þ

We used F-score as our metric to make it possible to compare the
performance of prior-trained networks to the numbers that Yang and
Piantadosi report for their Bayesian learner, since F-score is the metric
that Yang and Piantadosi use. To produce S(h) and S25(h) from our
model, we trained it on the relevant dataset then sampled 1 million
sequences from it. In some cases, we reweighted these probabilities
using a temperature of 0.5, as ameasure for prioritizing the sequences
that the model had the highest confidence in, and we also in some
cases used nucleus sampling123 to truncate the distribution for each
next token to the top 0.99 probability mass as another measure for
reducing noise (see Supplementary Methods for details of when these
measures were used). These hyperparameters were tuned on a vali-
dation set of languages thatwere not in the 56-language evaluation set.

Natural language data: ethical considerations
Our experiments on natural language involved two datasets—the
training corpus from ref. 76 and the Zorro dataset124—that were in
turned based on the CHILDES database77, which contains transcripts of
natural conversations between parents and children. Due to the pos-
sibility that CHILDES might contain private data, we consulted with a
member of the Princeton Institutional Review Board about receiving
retrospective ethical approval for using this dataset. He responded
that the CHILDES database is freely available online and therefore does
not meet the definition of private (i.e., information that has been
provided for specific purposes by an individual and that the individual
can reasonably expect will not be made public).

Training on natural language
During ourmeta-training phase, themodel only used a vocabulary size
of 10, but our English corpus had a vocabulary size of 17,096. There-
fore, to apply our model to English, we discarded its initial embedding
layer and its final output layer, replacing them with randomly-
initialized layers of the appropriate size. Although the optimizer that
we used within each episode of meta-training was stochastic gradient
descent, we used the AdamW optimizer115,116 for all natural-language
training (including the natural-language training phase that followed
meta-learning in prior-trained networks) because, in preliminary
experiments, we found that it outperformed stochastic gradient des-
cent. To select the hyperparameters for training models on this data-
set, for each cell in the plot in Fig. 4b, we performed an extensive
search over the hyperparameters of learning rate, dropout, and num-
ber of epochs. We performed this hyperparameter search separately
for the prior-trained network and the standard network (using exactly
the same search for each type of network, to ensure fairness), and
trained each type of model using the hyperparameters that worked
best for it. See Supplementary Methods for the values of these
hyperparameters, and see Supplementary Note 3 for further discus-
sion of hyperparameters.

To evaluate models on next-word prediction, we use the per-
plexity. Perplexity is defined as follows, where W is the sequence of
words being used to evalute the model, and N is the length of W:

perplexity ðW Þ=PðW Þ� 1
N ð5Þ

Targeted linguistic evaluations
The Zorro evaluation set was used unmodified from ref. 124. The ori-
ginal BLiMP dataset125 includedmanywords not present in ourmodel’s
vocabulary, so we used the authors’ code to regenerate the dataset
using only thewords in their vocabulary that appeared at least 10 times
in the model’s training set, resulting in the dataset we have labeled
BLiMPCH (short for BLiMPCHILDES).

We also wished to compare our model’s performance on sen-
tences that were plausible vs. implausible. In the Zorro dataset, the
sentences were deliberately designed to be semantically implausible,
whereas the BLiMP sentences tend to be reasonably semantically
plausible. However, these datasets differ in many other ways, so they
cannot provide a controlled comparison on the dimension of plausi-
bility. Instead, we generated two new datasets that are identical in
structure butmake different word choices to ensure a greater or lesser
degree of plausibility. The result is a new dataset SCaMP (Selectional
Category Minimal Pairs), which has a semantically-plausible version
and a semantically-implausible version. Our additional evaluations
targeting recursion and priming were generated from the same
codebase as these two new minimal pair datasets.

Statistics
All statistics were computed using R (version 4.1.3). For the p-values
shown in Fig. 5a, we used two approaches: model-level tests and item-
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level tests. As described below, both types of tests agreed in yielding
p < 0.001 in all cases (the result shown in Fig. 5a).

Themodel-level p-values are based on two-sided two-sample t-tests.
For each of the four datasets, we obtained the accuracy on that dataset
for each of the 40 re-runs of each model type, resulting in two vectors
that each contained 40 accuracy values; those two vectors were then
compared with a t-test. The Zorro comparison gives a t-value (77.9
degrees of freedom) = 5.30, p < 0.001, Cohen’s d = 1.19, and 95% con-
fidence interval for thedifference inmeans= [0.007,0.016]. TheBLiMPCH
comparison gives a t-value (77.9 degrees of freedom) = 3.62, p < 0.001,
Cohen’s d = 0.810, and 95% confidence interval for the difference in
means = [0.0016, 0.0054]. The SCaMP: Plausible comparison gives a
t-value (73.4degreesof freedom)=4.41,p<0.001,Cohen’sd=0.986, and
95%confidence interval for thedifference inmeans= [0.006, 0.016];with
the recursion subsets removed, these results changed to t-value (74.4
degrees of freedom) = −1.19, p = 0.237, Cohen’s d = −0.267, and 95%
confidence interval for the difference in means = [−0.004, 0.001]. The
SCaMP: Implausible comparisongives a t-value (68.2degreesof freedom)
= 5.35, p < 0.001, Cohen’s d = 1.20, and 95% confidence interval for the
difference in means = [0.008, 0.019]; with the recursion subsets
removed, these results changed to t-value (77.1 degrees of freedom) =
3.79, p < 0.001, Cohen’s d = 0.847, and 95% confidence interval for the
difference in means = [0.003, 0.008].

The item-level p-values are based on paired two-sided two-sample
t-tests. For each of the four datasets,we obtained the proportionof the
40 re-runs of each model type that got each item in that dataset cor-
rect, resulting in two vectors having a length equal to the number of
items in the dataset; those two vectors were then compared with a
paired t-test. The Zorro comparison gives a t-value (45,999 degrees of
freedom) = 17.75, p < 0.001, Cohen’s d = 0.037, and 95% confidence
interval for the difference in means = [0.010, 0.013]. The BLiMPCH
comparison gives a t-value (68,999 degrees of freedom) = 6.49,
p < 0.001, Cohen’s d = 0.0092, and 95% confidence interval for the
difference in means = [0.0024, 0.0045]. The SCaMP: Plausible com-
parison gives a t-value (66,999 degrees of freedom) = 22.72, p < 0.001,
Cohen’s d = 0.033, and 95% confidence interval for the difference in
means = [0.010, 0.012]; with the recursion subsets removed, these
results changed to t-value (48,999 degrees of freedom) = −3.06,
p = 0.002, Cohen’s d = −0.005, and 95% confidence interval for the
difference in means = [−0.003, −0.001]. The SCaMP: Implausible
comparison gives a t-value (66,999 degrees of freedom) = 27.11,
p < 0.001, Cohen’s d = 0.041, and 95% confidence interval for the
difference in means = [0.013, 0.014]; with the recursion subsets
removed, these results changed to t-value (48,999 degrees of free-
dom) = 8.70, p < 0.001, Cohen’s d = 0.014, and 95% confidence interval
for the difference in means = [0.004, 0.006].

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All of the data created in this study have been deposited in GitHub:
https://github.com/tommccoy1/inductive-bias-distillation; DOI URL:
https://doi.org/10.5281/zenodo.15161071126. All pre-existing datasets
that we used are also publicly available online. The 56 formal language
datasets23 thatwe used for formal language evaluations are available at
https://github.com/piantado/Fleet. The natural-language training
dataset that we used76 is available at https://github.com/
adityayedetore/lm-povstim-with-childes/tree/master/data/CHILDES.
The Zorro evaluation dataset124 is available at https://github.com/
phueb/Zorro/tree/master/sentences/babyberta. Please see our GitHub
repository (https://github.com/tommccoy1/inductive-bias-distillation)
for detailed instructions on how to download all relevant data from
these sources. Source data are provided with this paper.

Code availability
All of our code is publicly available on GitHub: https://github.com/
tommccoy1/inductive-bias-distillation; DOI URL: https://doi.org/10.
5281/zenodo.15161071126.
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