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Abstract

In-context learning refers to the ability of a model to condition on a prompt se-
quence consisting of in-context examples (input-output pairs from some task)
along with a new query input, and generate the corresponding output. Crucially,
in-context learning happens only at inference time without any parameter updates
to the model. While large language models such as GPT-3 exhibit some ability to
perform in-context learning, it is unclear what the relationship is between tasks
on which this succeeds and what is present in the training data. To make progress
towards understanding in-context learning, we consider the well-defined problem
of training a model to in-context learn a function class (e.g., linear functions):
given data derived from some functions in the class, can we train a model to in-
context learn ªmostº functions from this class? We show empirically that standard
Transformers can be trained from scratch to perform in-context learning of linear
functionsÐthat is, the trained model is able to learn unseen linear functions from
in-context examples with performance comparable to the optimal least squares esti-
mator. In fact, in-context learning is possible even under two forms of distribution
shift: (i) between the training data of the model and inference-time prompts; (ii) be-
tween the in-context examples and the query input during inference. We also show
that we can train Transformers to in-context learn more complex function classesÐ
i.e., sparse linear functions, two-layer neural networks, and decision treesÐwith
performance that matches or exceeds task-specific learning algorithms.1

1 Introduction

Large language models such as GPT-3 [10] are able to perform in-context learning: given a prompt
containing examples from a task (input-output pairs) and a new query input, the language model
can generate the corresponding output. For example, these models are able to produce English
translations of French words after being prompted on a few such translations, e.g.:

maison → house, chat → cat, chien →
︸ ︷︷ ︸

prompt

dog
︸︷︷︸

completion

.

This capability is quite intriguing as it allows models to adapt to a wide range of downstream tasks
on-the-flyÐwithout the need to update the model after training [10, 35, 55, 8]. However, it is unclear
to what extent these models are able to learn new tasks from in-context examples alone as opposed to
indexing into a vast set of known tasks from the training data (e.g., see Min et al. [41]). 2

∗Equal contribution.
1Our code and models are available at https://github.com/dtsip/in-context-learning.
2The term ªin-context learningº may also refer to a more general notion of learning from a prompt [48]. In this

work, we focus on the standard notion which refers to learning a task/function given in-context examples [10].
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To make progress towards understanding in-context learning, we consider the well-defined problem
of learning a function class from in-context examples. That is, we say that a model can in-context
learn a function class F if, for ªmostº functions f ∈ F , the model can approximate f(xquery) for
a new query input xquery by conditioning on a prompt sequence (x1, f(x1), . . . , xk, f(xk), xquery)
containing in-context examples and the query input.

Formally, let DX be a distribution over inputs and DF be a distribution over functions in F . A
prompt P is a sequence (x1, f(x1), . . . , xk, f(xk), xquery) where inputs (i.e., xi and xquery) are drawn
i.i.d. from DX and f is drawn from DF . We say that a model M can in-context learn the function
class F up to ϵ, with respect to (DF , DX ), if it can predict f(xquery) with an average error

EP [ℓ (M (P ) , f (xquery))] ≤ ϵ, (1)

where ℓ(·, ·) is some appropriate loss function, such as the squared error.

Within this framework, we can now concretely ask:

Can we train a model to in-context learn a certain function class?

Note that, here, being able to in-context learn a function class is a property of model M alone,
independent of how it was trained. Training such a model can be viewed as an instance of meta-
learning [62, 45, 67], a general paradigm for learning a model or method that can learn from data.

We empirically study this question, focusing on Transformer models [69, 53]Ðthe architecture behind
recent large language modelsÐtrained from scratch to in-context learn simple, well-defined function
classes (e.g. linear functions). Specifically, we sample prompts containing in-context examples
(input-output pairs) generated using functions in a given class and train models to predict the function
value at the corresponding query inputs. (see illustration in Figure 1). Our findings are as follows.
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Figure 1: Can we train a model that in-context learns a function class (here linear functions)?
We train Transformers by repeatedly sampling a random function f from that class, as well
as random inputs x1, . . . , xk and training the model to predict each f(xi) given the prompt
x1, f(x1), . . . , xi−1, f(xi−1), xi (wrt squared loss). Then, during inference, we evaluate the model’s
ability to predict accurately on new, unseen functions.

Transformers can in-context learn linear functions. We show empirically that we can train a
standard Transformer from scratch to in-context learn the class of linear functions, with respect to the
input distribution DX being an isotropic Gaussian in 20 dimensions, and DF being the distribution
over linear functions with weight vectors drawn from an isotropic Gaussian (the model was trained on
prompts generated from the same distributions DX and DF ). Specifically, the trained model achieves
error comparable to the optimal least squares estimator, suggesting that it encodes an effective
learning algorithm, at least for the distribution used to generate the training prompts.

Generalization to out-of-distribution prompts. To understand the extent to which the trained model
encodes an algorithm that works beyond the training distribution, we consider in-context learning
under two types of distribution shifts: (a) a shift between the prompts encountered during training and
inference (e.g., training on prompts without any noise in the in-context example outputs but testing
with noisy outputs), (b) a shift between the in-context examples and the query input during inference
(e.g., in-context examples lie in one orthant and the query input lies in another). We find that the
performance of our model is quite robust to such shifts, indicating that it has learned to perform linear
regression with some generality.
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More complex function classes. We also consider the function classes of 3-sparse linear functions,
two-layer ReLU neural networks with 100 hidden units, and decision trees of depth 4, all with
20 dimensional inputs. We show that we can train Transformer models that can in-context learn
these classes (with respect to isotropic Gaussian inputs and appropriately defined distributions over
functions). For sparse linear functions, the trained model exploits sparsity, obtaining performance
better than least squares and comparable to Lasso. For neural networks, the trained model performs
comparably to neural networks of the same architecture trained using gradient descent on in-context
examples. Moreover, it is also able to in-context learn linear functions. For decision trees, the trained
model learns unseen trees with as few as 100 in-context examples, whereas greedy learning and tree
boosting algorithms are unable to achieve competitive performance. Note that learning these function
classes requires involved algorithms (e.g., gradient descent with the Lasso objective), and our results
show that Transformers can encode algorithms with similar performance in a single forward pass.

Model capacity and problem dimension. Finally, we explore how the ability of Transformers to
in-context learn linear functions scales with model capacity and problem dimensionality. We find that
increasing model capacity improves performance significantly, and allows the model to in-context
learn higher-dimensional functions. Also, increasing the capacity often improves performance under
distribution shifts significantly, even when the absolute improvement in the standard error is small.

2 Training models for in-context learning

We now describe a general methodology for training a model that can in-context learn a function class
F with respect to a distribution DF over functions, and DX over inputs. We start by constructing
random training prompts as follows. We sample a random function f from the class according to
DF , then create a set of random inputs x1, . . . , xk+1 drawn independently from DX , and evaluate
f on these inputs to produce the prompt P = (x1, f(x1), . . . , xk+1, f(xk+1)). For example, in the
case of linear functions, inputs could be drawn from the isotropic Gaussian distribution N(0, Id), and

a random function chosen by sampling weight vector w from N(0, Id) and setting f(x) = w⊤x.

Now, given such prompts, we train a model to predict f(xi) for a given xi based on a set of in-context
examples. Concretely, let P i denote the prompt prefix containing i in-context examples (the first i
input-output pairs) and the (i+ 1)th input: P i = (x1, f(x1), x2, f(x2), . . . , xi, f(xi), xi+1). Then,
we train a model Mθ parameterized by θ to minimize the expected loss over all the prompt prefixes:

min
θ

EP

[

1

k + 1

k∑

i=0

ℓ
(
Mθ

(
P i

)
, f (xi+1)

)

]

, (2)

where ℓ(·, ·) is an appropriately chosen loss function. Below, we describe how this general methodol-
ogy can be implemented for a concrete model family (see Appendix A for additional details).

Model structure. We use a decoder-only Transformer architecture [69] from the GPT-2 family [54],
with 12 layers, 8 attention heads, and a 256-dimensional embedding space (22.4M parameters). The
model takes as input a sequence of vectors in its embedding space and predicts the next vector in the
sequence within the same space (in language modeling, these vectors correspond to input tokens). We
apply this model to our prompts (x1, f(x1), . . . , xk+1, f(xk+1)) as follows. We map each prompt
output f(xi) to the same dimension as prompt inputs xi by appending zeros, and map the prompt
inputs and outputs into the latent embedding space of the Transformer through a (learnable) linear
transformation. We then use another (learnable) linear transformation to map the vector predicted
by the model to a scalar. Note that the Transformer architecture allows us to compute the prediction
(Mθ(P

i)) for all prompt prefixes in a single forward pass.

Training. We train the model according to the training objective in (2) using squared error as the loss
function. We sample a batch of random prompts at each training step and update the model through
a gradient update. We use a batch size of 64 and train for 500k steps. This training is done from
scratch, that is, we do not fine-tune a pre-trained language model, nor do we train on actual text.

Curriculum learning. Many function classes contain functions of varying complexity. We exploit
this by training our model using a curriculum [5, 20, 60, 73], where we train on a simpler distribution
of functions in the beginning (e.g., linear functions with weight vectors restricted to a low-dimensional
subspace) and gradually increase the function complexity. This speeds up training drastically, often
allowing us to train models that would be significantly more expensive to train without a curriculum
(see Section 6 for details).

3













this period varies with training randomness and seems to increase on average with problem dimension.
Interestingly, Olsson et al. [48] observe a similar jump in the in-context learning ability of a language
model which they attribute to the formation of ªinduction headsº.

Number of distinct prompts or functions seen during training. To estimate the amount of training
data required for in-context learning, we perform two ablation studies. In the first study, we limit the
number of distinct prompts seen during training. That is, we create a set of np randomly generated
prompts (as described in Section 2), and sample prompts from this set during training (here, we
train without curriculum, as it would introduce additional prompts during the warmup phase). In
the second study, we only limit the number of distinct functions used for training. That is we create
a set of nw randomly chosen vectors (corresponding to nw linear functions) and sample weight
vectors uniformly from that set to generate the training prompts (the inputs are still sampled from
N(0, Id) for each training prompt). We find that the amount of training data required is relatively
small: non-trivial in-context learning is possible with np = 100k or nw = 1k, and the error drops
close to that of the unrestricted model (discussed in Section 3) with np = 1M or nw = 10k (details in
Appendix B.6). For context, in Section 3, the model is trained on fresh prompts at each step and thus
encounters 32M distinct linear functions and prompts (500k training steps with a batch size of 64).

7 Related work

In-context learning. Since Brown et al. [10] demonstrated the in-context learning ability of GPT-3,
there has been a significant interest in improving and understanding this capability [36, 39, 79, 38, 59,
40, 14, 43, 33]. The works most relevant to ours are as follows. Xie et al. [74] propose a Bayesian
inference framework explaining how in-context learning works despite formatting differences between
training and inference distributions. Razeghi et al. [57] show that in-context learning for numerical
reasoning tasks is better for instances whose terms are more prevalent in training data. Min et al.
[39] demonstrate tasks where in-context learning works even when the prompt outputs are chosen
randomly, questioning to what extent these models are truly learning new tasks on-the-fly, while
Rong [58] gives examples of novel tasks on which these models demonstrate on-the-fly learning
ability. Chan et al. [12] demonstrate that distributional properties such as long-tailedness are crucial
for in-context learning on an image-based few-shot dataset. Olsson et al. [48] and Elhage et al. [19]
consider a different framing of in-context learning, referring to any model behavior that utilizes
information in a prompt to make predictions that improve with prompt size. They hypothesize the
existence of special circuits inside Transformer models responsible for in-context learning, that
copy similar patterns from the prompt sequence. Pesut [52] and Dinh et al. [16, Table 16] consider
in-context learning for small tabular datasets and learning problems in one and two dimensions, and
show that GPT-3 can obtain non-trivial accuracy. Our work contributes to this line of work, by posing
in-context learning as a well-defined problem of learning function classes at inference time, and
empirically investigating if we can train models that in-context learn simple function classes.

Transformers. There is a long line of work investigating the capabilities [69, 15, 77, 51, 76, 7, 78],
limitations [25, 6], applications [37, 17, 49], and internal workings [19, 65, 71, 18, 48] of Transformer
models. Most similar to our work, Müller et al. [44] and Nguyen and Grover [47] demonstrate the
ability of Transformer models to solve prediction tasks using the input context, albeit in different
settings. Müller et al. [44] introduce a ªPrior-data fitted transformer networkº that is trained to
approximate Bayesian inference with priors such as Gaussian processes and Bayesian neural networks,
and use it to perform downstream tasks such as tabular dataset classification and few-shot image
classification. Nguyen and Grover [47] introduce Transformer neural processes, building on prior
work on neural processes [24, 23, 30], and show that they achieve state-of-the art performance on
tasks such as image completion and contextual multi-armed bandits. Our work complements these
works, focusing on understanding the in-context learning ability of Transformers for various simple
function classes and the extent to which this ability extrapolates beyond the training distribution.

Meta-learning. Training a model to perform in-context learning can be viewed as an instance of
the more general learning-to-learn or meta-learning paradigm [62, 45, 67]. Typical approaches from
this extensive line of work (see [28] for a survey) include: training a meta-learner to update the
parameters of a downstream learner [4, 34], learning parameter initializations which allow to quickly
train for downstream tasks [21, 56], learning latent embeddings for effective similarity search [66].
Most relevant to our setting are approaches that directly take as input examples from a downstream
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task and a query input and produce the corresponding output [26, 42, 61, 24, 23, 32]. Our work
contributes to this line of work, by investigating the learning-to-learn abilities of Transformer models.

Data-driven algorithm design. Another line of work aims to discover algorithms that perform
well on a distribution of inputs [27, 75, 70, 3, 29, 64, 63] (as opposed to algorithms with guarantees
on their worst-case performance). See Balcan [1] for a survey on advancements on the theoretical
foundations of such algorithms. Our work can be viewed as part of this line of work, as we train
Transformer models to discover algorithms for different learning problems.

8 Discussion

In this work, we formalize and study the question: can we train models that learn different classes of
functions in-context? We show that Transformer models trained from scratch can in-context learn
the class of linear functions, with performance comparable to the optimal least squares estimator,
even under distribution shifts. Moreover, we show that in-context learning is also possible for sparse
linear functions, decision trees, and two-layer neural networks; learning problems which are solved
in practice with involved iterative algorithms such as gradient descent.

At the same time, understanding the implications of our results for language models requires further
investigation. A pertinent question regarding the in-context learning capabilities of language models
is how they leverage in-context examples [41]. Our results demonstrate that Transformers can encode
complex learning algorithms that utilize in-context examples in a far-from-trivial manner. In fact, this
is the case for standard Transformer architectures trained with standard optimization procedures. The
extent to which such non-trivial in-context learning behavior exists in large language models is still
open, but we believe that our work takes a step towards formalizing and understanding this question.

Our work lays the groundwork for several future directions.

Complexity of in-context learning. We empirically show that model capacity helps in performing
in-context learning accurately and robustly. How does the in-context learning loss (1) depend on the
complexity of the function class F , the capacity of model M , and data used to train M . Understanding
this question for models explicitly trained to perform in-context learning may suggest an upper bound
for the in-context learning performance of models such as GPT-3 that are not explicitly trained for it.

Curriculum learning. Within our framework, there is natural notion of curriculum learning where,
during training, we gradually increase the complexity of the function class learned in-context. This
leads to drastic training speed-ups. What is the reason behind such a speedup? Are similar speedups
also possible for training large language models (thus significantly reducing training time and energy)?

Inductive bias of model families. Our framework presents an opportunity to understand and compare
the inductive biases of different model families (e.g., Transformers vs. LSTMs) in a well-defined
setting. For instance, a concrete question is: Are there function classes that are easier to in-context
learn using Transformers but harder for LSTMs and vice-versa?

Understanding the learning algorithms encoded in Transformers. The models we train can
perform in-context learning, and are thus themselves encoding learning algorithms. However, we
do not really understand the encoded algorithms. It would thus be worth investigating the internal
workings of these models to get a better understanding of these algorithms. Moreover, for settings
such as decision trees, we do not have a good understanding of what the optimal learning algorithms
are or when known heuristics work [9, 11]. Nevertheless, in Section 5 we found that Transformers
are able to discover sample efficient algorithms, thus suggesting an intriguing possibility where we
might be able to discover better learning algorithms by reverse engineering these models.
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