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Abstract

Large language models (LLMs) can learn
from a few demonstrations provided at in-
ference time. We study this in-context learn-
ing phenomenon through the lens of Gaus-
sian Processes (GPs). We build controlled
experiments where models observe sequences
of multivariate scalar-valued function sam-
ples drawn from known GP priors. We eval-
uate prediction error in relation to the num-
ber of demonstrations and compare against
two principled references: (i) an empiri-
cal GP-regression learner that gives a lower
bound on achievable error, and (ii) the ex-
pected error of a 1-nearest-neighbor (1-NN)
rule, which gives a data-driven upper bound.
Across model sizes, we find that LLM learn-
ing curves are strongly influenced by the
function-generating kernels and approach the
GP lower bound as the number of demon-
strations increases. We then study the induc-
tive biases of these models using a likelihood-
based analysis. We find that LLM predic-
tions are most likely under less smooth GP
kernels. Finally, we explore whether post-
training can shift these inductive biases and
improve sample-efficiency on functions sam-
pled from GPs with smoother kernels. We
find that both reinforcement learning and su-
pervised fine-tuning can effectively shift in-
ductive biases in the direction of the training
data. Together, our framework quantifies the
extent to which LLMs behave like GP learn-
ers and provides tools for steering their in-
ductive biases for continuous function learn-
ing tasks.
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1 INTRODUCTION

In-context learning (ICL) enables large language mod-
els (LLMs) to “learn” a task at inference time by con-
ditioning on a small number of task-relevant input-
output pairs (Brown et al., 2020). In-context learn-
ing’s mechanisms have been probed empirically (Garg
et al., 2022; Si et al., 2023) and theoretically (Xie et al.,
2021). It has been shown that, surprisingly, transform-
ers can implement linear-regression–style algorithms
in context (Akyürek et al., 2022), demonstrations and
their labels can be randomized while still achieving im-
proved performance (Min et al., 2022), and more gen-
erally, ICL mechanistically resembles gradient-descent
dynamics and kernel regression (Von Oswald et al.,
2023; Requeima et al., 2024).

While the power of in-context learning for learn-
ing continuous functions has been established (Coda-
Forno et al., 2023; Requeima et al., 2024), even out-
performing some traditional statistical regression tech-
niques (Vacareanu et al., 2024), it remains unclear
which functional priors these models have and whether
parameter-efficient post-training methods can effec-
tively steer them, thus changing their in-context learn-
ing capabilities.

We take a statistical perspective where we:

• cast ICL as non-parametric regression under
known Gaussian Process (GP) priors, implement-
ing principled learning-curve evaluations with a
GP regression as an empirical lower bound and a
derived 1-NN rule as a data-driven upper bound,

• introduce a likelihood-based inductive bias anal-
ysis that identifies which GP kernels best explain
a model’s predictions,

• test whether parameter-efficient post-training
methods with supervision and reinforcement
learning can steer these implicit priors and im-
prove sample efficiency on deliberately hard ker-
nels.

Empirically, we observe coherent, GP-like behav-
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Figure 1: Overview of our framework. (a) In-context
function learning in base models: a large language
model (LLM) receives demonstrations from functions
sampled from known Gaussian-process (GP) priors
and predicts f(X) at a new X. (b) Post-training: the
model is fine-tuned (SFT or GRPO) and re-evaluated
to measure changes in learning curves. (c) Inductive-
bias analysis: a likelihood comparison identifies the
GP kernels that best explain model predictions before
and after training.

ior. Larger LLMs learn faster; smoother kernels give
steeper learning curves; and with enough demonstra-
tions, models often approach the empirical GP base-
line. Our analyses provide quantitative, interpretable
answers to the question of when LLMs act like non-
parametric regressors on multivariate function learn-
ing tasks. Our inductive bias analysis reveals that
LLM predictions are much more likely under rougher,
less predictable kernels (with more local and higher
variance), such as the Matérn 1

2 compared to smoother
kernels like the Squared Exponential. We find that
two parameter-efficient post-training methods are ef-
fectively able to shift this inductive bias towards
smoother kernels when trained on functions sampled
from them, making fine-tuned model predictions much
more likely under GPs with the Squared Exponen-
tial kernel. Supervised Fine-Tuning (SFT) updates a
small fraction of model weights based on labelled data,
while reinforcement learning updates these weights by
scoring model outputs according to a reward function,
here, the error between the LLM’s prediction and the
true function output. We find some evidence that
GRPO produces models with more generalizable in-
context learning capabilities, similar to the results of
Chu et al. (2025).

Together, these results suggest that even modestly-
sized LLMs have impressive in-context learning capa-
bilities. Moreover, post-training methods that update
only a fraction of total model weights constitute ef-
fective ways to steer inductive biases, with evidence
that reinforcement learning is the most generalizable
approach. Our experiments showcase how Gaussian
Processes offer a principled and tightly controllable
testbed for studying in-context learning in LLMs.

2 BACKGROUND

GPs provide a statistical formalism for reasoning
about functions and uncertainty. A GP prior defines
a distribution over functions via a kernel that encodes
smoothness and characteristic length scales; condition-
ing on observations yields a posterior that achieves
Bayes-optimal predictions for the chosen prior. Given
data D = {(xi, yi)}ni=1 where xi ∈ Rd, prior f : Rd →
R ∼ GP(0, k) and noise yi = f(xi)+ ϵi, ϵi ∼ N (0, σ2

ϵ ),
we can define a kernel, Kϵ := k(X,X) + σ2

ϵ I and
k∗ := k(X,x∗). Then

p(f∗ | x∗,D) = N
(
k⊤∗ K

−1
ϵ y,

k(x∗,x∗)− k⊤∗ K
−1
ϵ k∗

)
,

p(y∗ | x∗,D) = N
(
k⊤∗ K

−1
ϵ y,

k(x∗,x∗)− k⊤∗ K
−1
ϵ k∗ + σ2

ϵ

)
.

Using this Bayes-optimal reference, we design con-
trolled experiments to test how closely LLMs resemble
GP learners. Models receive a list of demonstrations
D = {(xi, yi)}ni=1 generated from functions drawn
from known GP priors (Matérn and Squared Expo-
nential), and must predict y∗ at a new x∗. We quan-
tify in-context learning via the absolute-error learning
curve

E(n) = E[ |y∗ − ŷ∗(x∗;Dn)| ]

as a function of n. To interpret these curves, we com-
pare against two complementary references evaluated
on the same data: (i) GP regression, which serves
as a practical lower-bound reference under the spec-
ified prior, and (ii) the expected error of a 1-nearest-
neighbor rule that returns the value at the closest ob-
served input, providing a data-driven upper bound for
memorisation-based strategies.

Beyond aggregate error, our study explores the induc-
tive biases that guide a model’s predictions. Thus,
we propose a likelihood-based inductive bias analy-
sis: given a history of demonstrations, we compute
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the GP posterior predictive distribution under differ-
ent kernel families and record the log-likelihood of the
model’s prediction. Aggregating these scores across
tasks and number of demonstrations identifies which
kernels best explain the model’s behavior, resulting in
a data-driven summary of its implicit inductive bias.
Finally, we examine whether these inductive biases
can be changed through post-training. We study su-
pervised fine-tuning (SFT) and reinforcement learning
(with group-relative policy optimization, GRPO) with
training curricula targeted at the kernels under which
the base model is least consistent, and evaluate result-
ing changes in both priors and learning curves.

3 METHODS

3.1 Experiment 1: In-Context Learning
Curves

We first study the LLM generalization error as a func-
tion of the number of demonstrations, on functions
generated from different kernels, comparing them to
two reference baselines described below.

Large Language Models In the main paper, we
evaluate models from the Qwen-3 model family (Yang
et al., 2025), using the 8-billion, 14-billion, and 32-
billion parameter versions with 4-bit bits-and-bytes
quantization to increase inference speed (Dettmers
et al., 2022a,b, 2023). As comparisons, in Sec-
tion 7 of the supplementary material, we also evalu-
ate three members of the Llama family (Llama-3.2-
3B-Instruct, Llama-3.1-8B-Instruct, Llama-3.1-70B-
Instruct; Grattafiori et al., 2024), three members of
the Gemma-3 family (4B, 12B, and 27B; Gemma Team
et al., 2024), and two members of the Mistral fam-
ily (Mistral-7B-Instruct-v0.3 and Mistral-Small-24B-
Instruct-2501; Jiang et al., 2023), where B denotes
the parameter size in billions and all models are 4-bit
quantized.

Evaluation Data & Procedure We construct
functions f : Rd → R for d ∈ {1, 2, 3, 4}. For each
dimensionality, we sample 200 functions from four ker-
nels, the Matérn 1

2 , km(δ) and the Squared Exponen-
tial, ks(δ), with length scales, ℓ ∈ {1, 8}:

km(δ) = σ2
f

21−ν

Γ(ν)

(√
2ν δ

ℓ

)ν

Kα

(√
2ν δ

ℓ

)

ks(δ) = σ2
f exp

(
−δ2

2ℓ

)
where δ is the Euclidean distance between two val-
ues, x, x′, σ2

f is the output variance, ν is the smooth-

ness (set to ν = 1
2 for both Matérn kernels), Γ(·) is

the gamma function, and Kα(·) is the modified Bessel
function of the second kind with order α = ν + 1

2 .
We use these kernels because they differ maximally
in smoothness: the Matérn 1

2 , km(δ) is differentiable
nowhere while the Squared Exponential is infinitely
differentiable, being limν→∞ km(δ). We use two val-
ues of ℓ to vary the scale over which the functions
are correlated, again varying their predictability and
smoothness. We use σ2

f = 0.001 for all kernels.

From each function, we compute outputs, y, for 50
randomly sampled inputs over an arbitrary range,
x ∼ U [0, 29]. We add Gaussian distributed noise, ϵ ∼
N (0, σ2

ϵ ) with σ2
ϵ = 0.001. The LLMs are prompted

with the text described in the supplementary material
(Section 3), including between 0 and 49 demonstra-
tions of (x, y) pairs. For a new x, we compute the
absolute error between the LLM’s prediction, ŷ, and
the true value (plus noise), ỹ. For each n demonstra-
tions, we compute the mean absolute error across all
functions.

Baselines We use two reference baselines to which
we compare the LLM learning curves. The first is
the empirical error from a GP regression trained on
the same data as the LLMs, generated from functions
drawn from its kernel. The second is the expected er-
ror for a k-Nearest Neighbor (k-NN) algorithm, with
k = 1. The GP baseline produces an empirical lower
bound on the error after n samples. The k-NN base-
line produces a reasonable expected upper bound on
the error for the case where the LLM simply returns
the y-value for the numerically closest x-value it has
seen so far.

To compute the 1-NN expected absolute error, we as-
sume n inputs are drawn uniformly as X ∼ U [0, L]
with some upper bound, L (here, L = 29). We ap-
proximate the expected absolute error by numerically
evaluating the integral:

E[|ε|] =
√

2

π

∫ L/2

0

V (d)
2(n− 1)

L

(
1− 2d

L

)n−2

dd

where 0 ≤ d ≤ L
2 , and V (d) = 2σ2

f +2σ2
ϵ −2k(d) where

k(·) is the GP kernel function with output variance
σ2
f . Further information on deriving this expectation

is included in the supplementary material (Section 2).

3.2 Experiment 2: Inductive Bias Analysis

To infer the expectations of the LLMs towards
learning functions, we borrow a methodology from
cognitive science (Griffiths et al., 2008; Li et al.,
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Figure 2: Learning curve analysis on 1-dimensional functions. The mean absolute error after n demonstrations
by function type. Left Four: Qwen-3-8B learning curves four functions drawn from four kernels, compared to the
error of a GP regression and the expected error of a 1-nearest neighbor rule. The LLM learning curves generally
approach the GP regression baseline and are well below the 1-NN rule. Right Four: Model size comparisons
between the 8B, 14B, and 32B Qwen-3 models, on identical data. The 14B and 32B models show noticeably
lower error rates, but do not differ significantly from each other, suggesting a logarithmic scaling law. All LLM
and GP learning curves are shown with 95% bootstrapped confidence intervals.

2023; Lucas et al., 2015; Schulz et al., 2018; Wil-
son et al., 2015). For each xn, we infer the poste-
rior probability distribution over Y for some GP given
{(x1, y1), ..., (xn−1, yn−1)}. We then compute the log-
likelihood of the LLM’s point prediction given the
same data. Subsequently, we compare the mean likeli-
hood over all predictions, under GPs with different ker-
nels. This measures how likely the LLM responses are
assuming different kernels. We use GPs with fixed ker-
nel variances (1), length scales (8), and the same noise
variance as σ2

ϵ (0.001). We compare the Matérn kernels
with ν ∈ {0.5, 1.5, 2.5} with length scales ℓ ∈ {1, 8}
and the Squared Exponential kernel with length scales
ℓ ∈ {1, 2, 3, 4, 5, 6, 7, 8}. We hypothesize that the most
likely kernel approximates the inductive bias of the
model.

3.3 Experiment 3: Post-Training

The inductive bias analysis is used to reveal what
priors LLMs have about functions. We can use this
information to examine whether common parameter-
efficient post-training methods differ in their abil-
ity to shift those expectations. We explore two ap-
proaches to parameter-efficient fine-tuning with low-
rank adapters: supervised fine-tuning and reinforce-
ment learning.

Parameter-efficient fine-tuning with QLoRA
We use Quantized Low Rank Adaptation (QLoRA) to
efficiently and scalably fine-tune large language mod-

els by inserting small, low-rank matrices layer-wise
and updating only these weights and freezing the rest
(Dettmers et al., 2023). This means that gradients are
computed and weights are updated for only a fraction
of the total parameters in the model. Specifically, for
the weight matrix, W , of a transformer layer, we in-
ject an adapter matrix, Wa, which is the product of
two low-rank matrices, L1 ∈ Rd×r and L2 ∈ Rr×k,
where d, k are the input and output dimensionalities
respectively and r ≪ d, k. During a forward pass,
inputs of length d are passed to W and Wa indepen-
dently, and outputs of length k are summed, subject
to some scaling factor r

α . We choose standard values
of r = α = 16, such that outputs from W and Wa are
weighted equally. We inject adapters in all layers. We
also make use of quantized models, where model and
adapter weights are dynamically set to lower precision,
to speed up training.

Dataset We construct a training dataset informed
by the analyses conducted in Experiment 2. We choose
a kernel under which the base models’ predictions are
least likely, and sample functions and in-context learn-
ing data for each, matching the test dataset in struc-
ture.

Supervised Fine-Tuning (SFT) We update the
weights of the low-rank adapters using this supervised
dataset. We update model weights using batch gradi-
ent descent with the token-level cross-entropy loss:
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Figure 3: Qwen-3-14B learning curve comparison for 1-, 2-, 3-, 4-dimensional data drawn from the Squared
Exponential with λ = 8. The mean absolute error after n demonstrations by function type. All LLM and GP
learning curves are shown with 95% bootstrapped confidence intervals.

L(θ) = −
T∑

t=1

log pθ(yt|y<t)

where θ is the set of adapter weights, T is the size
of the ordered set of target completion tokens given a
prompt, yt is the target token at step t, and y<t is the
set of ordered target completion tokens prior to t.

Reinforcement Learning (RL) We use the on-
line RL algorithm Group Relative Policy Optimisa-
tion (GRPO) to update the adapter weights. In the
RL setting, the set of all model and adapter weights
can be considered the policy, πθ, which takes tex-
tual inputs (observations) and produces a token (ac-
tions). For each batch of M prompts, {q1, ..., qM} in
the dataset, the model produces a set of N comple-
tions, {o1, ..., oN}. These completions are assigned a
reward using a reward model, giving a set of rewards
{r1, ..., rN}.

We compute the loss for some prompt q as follows:

L(θ) = − 1∑N
i=1 |oi|

N∑
i=1

|oi|∑
t=1

[
min

(
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
Âi,t,

clipη

(
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)

)
Âi,t

)]

where |oi| is the length, in tokens, of oi, clip(·) clips its
argument between 1 ± η, and Âi,t is the advantage—
the normalized reward for output oi:

Âi,t =
ri −mean({r1, ..., rn})

std({r1, ..., rn})

Following common practice, we exclude the usual KL-
divergence term when computing the loss (Hu et al.,
2025; Liu et al., 2025; Yu et al., 2025). We update the
adapter weights using gradient ascent over this loss
function.

Reward Function Models trained with GRPO are
rewarded using the negative absolute difference be-
tween the last float in their completion and the true
ỹ (including additive noise). This reward is capped at
a minimum of −10 for parseable responses (10× the
range of possible y-values), and is −11 for any com-
pletions that do not contain a parseable float. As an
alternative, we also conduct parallel training with a
log-likelihood-based reward function. Here, the reward
is the log likelihood of the model’s response under the
GP identified in Experiment 2. We cap the reward ar-
bitrarily at a minimum of −999, and set the reward for
unparseable responses at −1000. We find no interpre-
tative differences between these two reward functions.

An overview of the general, model-agnostic procedure
we took for analysing inductive biases in LLMs on con-
tinuous function learning tasks can be found in sup-
plementary material (Section 1). All models were fine-
tuned and evaluated on 80 GB NVIDIA A100 GPUs on
our SLURM-based internal compute cluster (HMGU
HPC), using approximately 80 GPU-hours in total.

4 RESULTS

4.1 Experiment 1: In-Context Learning
Curves

First, we confirm that LLMs are capable of doing
in context regression with novel multivariate scalar-
valued functions (Requeima et al., 2024; Si et al., 2023;
Vacareanu et al., 2024), with errors that are generally
close to empirical GP regression and well below the er-
ror of a 1-Nearest Neighbor algorithm (Figures 2 and
3). Indeed, for functions sampled from kernels with
low length scales, LLM error is lower than the GP re-
gression given a few demonstrations. This suggests
that these models are not simply recalling information
from earlier in their context window, but that they are
able to fit complex functions in their attention matri-
ces. It is particularly impressive that these models are
able to sample-efficiently and accurately predict scalar
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Figure 4: Inductive bias analysis of the base models (8B, 14B, 32B). The average likelihood per prediction is
computed under GPs with four different kernels (ℓ = 8), on 1-dimensional data drawn from either the Squared
Exponential or the Matérn 1

2 . These likelihoods are presented on a symmetric log scale. LLM predictions for
all model sizes are more likely under kernels with lower ν, i.e., those that describe rougher, less predictable
functions.

outputs given 4-dimensional input. Indeed, we find no
noticeable difference between the error rates on lower-
dimensional and higher-dimensional function learning
tasks.

We find an appreciable performance boost between the
8B and larger models, but that difference is not sig-
nificant between 14B and 32B models. This is indica-
tive of a logarithmic scaling law when it comes to in-
context function learning. However, further research
with more granular model size differences would be
required to confirm this conclusion.

4.2 Experiment 2: Inductive Bias Analysis

We then examined how likely the LLMs’ predictions
were under GPs with different kernels. Figure 4
presents the average likelihood of the LLMs’ predic-
tions under four different kernels, on functions sam-
pled from either the Squared Exponential (SE; smooth
functions) or the Matérn 1

2 . We find that, for all model
sizes and function families (SE, Matérn 1

2 ), the LLMs’
predictions are most likely under the Matérn 1

2 and
least likely under the SE for 1-dimensional functions.
Indeed, we see a general trend that as ν → ∞, LLM
predictions become less likely. We found the same pat-
tern applies to models from other families, such as
Gemma and Llama, as shown in the supplementary
material (Section 7). Within each kernel, we also var-
ied the length scale. We found that LLM predictions
are more likely under lower values of λ compared to

higher values, as shown in the supplementary material
(Section 5).

It is also the case that, in general, predictions are
more likely under rougher kernels because the pos-
terior over predictions is generally broader. Indeed,
we verified this by conducting an identical analysis in
which independent GPs are tasked with making pre-
dictions given some data, and then examined under
which kernels their predictions were most likely. We
found the same qualitative trend as with the LLMs—
the predictions of an SE GP on SE sampled functions
were much more likely under the Matérn 1

2 than un-
der the SE. We outline one strategy for adjusting for
this variance inflation effect in the supplementary ma-
terial (Section 8). Applying this strategy makes the
LLM’s predictions more likely under smoother kernels
in some cases. Nonetheless, even after this correction,
LLM predictions are more likely under shorter length
scales (with the Squared Exponential kernel), indicat-
ing inductive biases for less predictable functions.

In contrast, we found that LLM predictions became
more likely under smoother kernels as the dimension-
ality of the function input increased. While the kernel
with the highest log-likelihood for 1-dimensional func-
tions is the Matérn 1

2 (−2.59 × 102), it is the Matérn
1 1
2 for 2-dimensional functions (−2.05× 103), and the

Squared Exponential for 3- and 4-dimensional func-
tions (−6.92×103 and −1.43×104 respectively). This
indicates that the model’s implicit prior adapts to-
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wards smoother kernels in higher-dimensional spaces
and suggests that these these LLMs favour higher
global regularity when modelling functions in these
spaces.

4.3 Experiment 3: Post-Training

We fine-tuned models on one-dimensional functions
sampled from the squared exponential kernel with
λ = 8, the kernel under which our LLM predictions
were least likely. Figure 5 shows the differences in
likelihoods between the base model and the fine-tuned
model for four fine-tuning checkpoints (1,000, 2,000,
5,000, 10,000 steps). In general, the likelihood of LLM
predictions increases by a greater degree as the ker-
nels become less smooth (i.e., ν → ∞). However, we
see that the SFT-trained model predictions tend to
be less likely than the base model’s when the func-
tions are drawn from the Matérn 1

2 . This suggests
that SFT may be overfitting to the functional form of
functions drawn from the Squared Exponential kernel
on which they were trained. In contrast, the GRPO-
trained models see comparable likelihood boosts for
both data regimes. Together, these results cohere with
existing findings which suggest that while SFT memo-
rizes training data, reinforcement learning-based train-
ing can contribute to generalizing over that training
data (Chu et al., 2025).

Figure 6 shows the learning curves of models on novel
held-out test data. We find that both SFT and GRPO
push the absolute error for all n down towards the em-
pirical GP baseline, indicating that post-training only
a fraction of the total model parameters is a power-
ful method for altering in-context learning capabili-
ties. Further results from training on different data,
using different reward functions and data in higher di-
mensions are presented in the supplementary material
(Sections 4 & 6).

5 DISCUSSION

Function learning is a powerful test bed for measuring
the ability of models to generalize to superficially novel
yet functionally equivalent in-context learning prob-
lems. By exploiting the principled statistical frame-
work of Gaussian Process regression, we can further
characterize the priors that LLMs have about continu-
ous functions, and the power of post-training methods
to steer those inductive biases. Indeed, a key debate
in natural language processing is the differential power
of token-based reinforcement learning compared to su-
pervised fine-tuning (Chu et al., 2025).

In this study, we found evidence of strong in-context
learning capabilities for novel multivariate function

learning problems, confirming existing results (Nafar
et al., 2024; Requeima et al., 2024; Vacareanu et al.,
2024). The error rates on these problems are surpris-
ingly low, competitive with the empirical GP and far
outperforming a data-driven 1-nearest-neighbor algo-
rithm, even for higher-dimensional problems. This
suggests that these models are not simply deriving
predictions from previously observed demonstrations
(Vacareanu et al., 2024).

We also found that LLMs appear to be inductively bi-
ased towards rougher continuous functions for lower
dimensional problems and smoother continuous func-
tions for higher dimensional problems. This is counter-
intuitive in the context of function learning in hu-
mans, who appear to show a bias towards smoother,
more predictable functions in all regimes (Schulz et al.,
2015). The exact reason for this phenomenon may ei-
ther derive from features of the attention mechanism
(Xie et al., 2021) or from properties of the large-scale
pre-training data used to train these models (Cruz
et al., 2023).

Both supervised fine-tuning and group-relative pol-
icy optimization over a small set of injected low-
rank adapter matrices on each layer where able to
effectively shift these preferences towards the struc-
ture of the training data. Furthermore, we found
some evidence pointing in the same direction as Chu
et al. (2025), suggesting that reinforcement-based
post-training (e.g., GRPO) leads to more generalizable
behavior than supervised fine-tuning, which tends to
memorize the training data.

There are several limitations to this work. First, our
inductive bias analysis suffers from a variance infla-
tion problem, meaning that model predictions are al-
ways as or more likely under rougher kernels due to
larger variances. Future work will explore alternative
corrections for this beyond the case described in the
supplementary material (Section 8). Second, it is not
yet clear how our results generalize from the controlled
setting of function learning to more ecologically valid
in-context learning settings, such as interacting with a
user or iterating over a novel coding task.

6 RELATED WORK

In-Context Learning (ICL) in Large Language Mod-
els was most prominently discussed by Brown et al.
(2020), who showed that large-scale autoregressive
models can learn to solve a wide range of tasks purely
from demonstrations at inference time. Subsequent
work has sought to reveal the mechanisms underlying
this capacity. Xie et al. (2021) interpret ICL as im-
plicit Bayesian inference over latent concepts, while
Akyürek et al. (2022) formulate it as an approxima-
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Figure 5: Inductive bias analysis compared to the base model for the 8B model for three checkpoints (1k, 2k,
5k, 10k steps). Average likelihood per prediction shown on a symlog scale.

tion of gradient descent performed during the forward
pass (Von Oswald et al., 2023). Alternative perspec-
tives include structure induction, where transformers
recombine latent compositional patterns learned dur-
ing pre-training to induce task structure (Hahn and
Goyal, 2023). Empirically, larger models appear to
display qualitatively different sensitivities to context
noise compared to smaller models (Wei et al., 2023),
and prior work has examined whether models can learn
specific function classes such as linear and sparse re-
gressions and how they compare to classical estimators
(Bhattamishra et al., 2023; Garg et al., 2022).

Inductive Biases in ICL Wei et al. (2023) inves-
tigated feature biases using underspecified prompts,
showing that GPT models systematically prefer cer-
tain predictive features (e.g., sentiment over lexical
markers). Coda-Forno et al. (2023) find that GPT-3
exhibits biases in favour of positive monotonic func-
tions, but that these biases can be shifted through in-
context demonstrations. This connects to a long tradi-
tion in computational cognitive science, where induc-
tive biases are inferred from point estimates in function
learning tasks (Griffiths et al., 2008; Li et al., 2023; Lu-
cas et al., 2015; Schulz et al., 2018; Wilson et al., 2015).
Humans themselves appear to favour smoother, more
predictable functions (Schulz et al., 2015).

Regression and Function Learning with LLMs
Recent work has examined regression capabilities of
LLMs directly. Vacareanu et al. (2024) show that mod-
els such as GPT-4 and Claude 3 can outperform clas-
sical supervised learners on certain non-linear regres-
sion tasks, while Nafar et al. (2024) demonstrate that
performance depends strongly on the presentation of

in-context demonstrations. To better characterise pre-
dictive behaviour, Requeima et al. (2024) introduce
LLM Processes, eliciting predictive distributions di-
rectly from LLMs and comparing them against regres-
sion baselines. Several theoretical studies further sug-
gest that transformers may implicitly implement ker-
nel or least-squares regression mechanisms (Han et al.,
2023; Zhang et al., 2024; Sun et al., 2025; Bai et al.,
2023). Our work builds on these insights by evalu-
ating LLMs on controlled function learning tasks and
testing how well Gaussian Process (GP) models with
appropriate kernels can reproduce their in-context pre-
dictions.

Bayesian Perspectives, Calibration, and Un-
certainty From a Bayesian viewpoint, Zhang et al.
(2023) argue that ICL corresponds to approximate
Bayesian model averaging over latent functions imple-
mented through attention, while Falck et al. (2024)
show that LLMs violate certain Bayesian properties
such as the martingale condition. Related work stud-
ies reliability and uncertainty estimation: Chen and
Li (2023) introduce Sparse Gaussian Process Atten-
tion to improve calibration, and Jesson et al. (2024)
quantify hallucination rates as low-likelihood outputs
under an assumed latent model. Rather than modify-
ing model architecture, our approach analyses the nat-
ural calibration of LLM outputs on function learning
tasks and evaluates how well GP post-hoc modelling
captures predictive uncertainty.

Post-Training and Steering Inductive Biases
Several studies examine how post-training methods
can shift inductive biases. Reinforcement learning
from human feedback appears to bias models toward
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All empirical learning curves are shown with 95% bootstrapped confidence intervals.

extractable features (Cruz et al., 2023), and reinforce-
ment learning-based post-training may improve gen-
eralisation compared to supervised fine-tuning (Chu
et al., 2025). Our work complements these findings by
studying how fine-tuning influences inductive biases in
controlled function learning settings.

7 CONCLUSION

Any system interacting with an environment in-
evitably handles continuous functional relationships,
from judging the sentiment of a piece of text to fore-
casting the weather. Although LLMs are often evalu-
ated on discrete tasks, their routine use often requires
learning smooth input-output relationships like map-
ping text to scores, rewards, or making continuous pre-
dictions from a few examples.

Our study casts in-context function learning as a prin-
cipled test bed for probing the statistical capabilities
and inductive biases of large language models. By
grounding our analysis in Gaussian process regres-
sion, we demonstrate that LLMs can approximate non-
parametric regression learners, with performance scal-
ing with model size and approaching the GP lower
bound with more demonstrations. However, our in-
ductive bias analysis reveals a consistent tendency to-

ward rougher functions, pointing to a divergence from
human expectations.

We further show that post-training with parameter-
efficient methods such as supervised fine-tuning and
reinforcement learning can shift these biases towards
previously unlikely kernels. While supervised fine-
tuning exhibits signs of overfitting, reinforcement
learning appears to promote more generalizable ad-
justments. These findings highlight both the promise
and limitations of LLMs as function learners, and
point to controlled function learning tasks as a pow-
erful framework for dissecting and steering in-context
learning mechanisms.
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