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ABSTRACT

Transformers have demonstrated remarkable performance in a wide range of ap-
plications, making in-context learning an essential technique. Although the in-
context learning has been widely applied, our understanding of its underlying pro-
cesses still remains limited. In-context learning in transformers primarily relies
on two types of information: in-context samples and task descriptions. While pre-
vious research has extensively investigated the influence of in-context samples on
learning behavior, the role of task descriptions has not been adequately explored,
despite their practical significance. In this paper, we present a study examining
the impact of task descriptions on in-context learning performance of transform-
ers. We devise a synthetic experiment setting, making the information of task
description controllable. Through a series of well-designed experiments, we sys-
tematically vary task description information and assess the resulting effects on
model performance across multiple tasks. Our findings reveal the complex roles
of task descriptions: task descriptions will lead the model to ignore in-context ex-
amples; task descriptions will increase the lower bound of the in-context learning
performance. This study contributes to a deeper understanding of the in-context
learning mechanism in transformers, paving the way for more effective real-world
applications of these powerful models.

1 INTRODUCTION

The impressive performance of transformers highlights the significance of in-context learning for
real-world applications. In-context learning pertains to the Transformer’s ability to learn from
context-based prompts. This learning approach is utilized in numerous practical applications, in-
cluding AI planning (Valmeekam et al., 2022; Xie et al., 2023), reasoning (Huang & Chang, 2022),
image understanding (Alayrac et al., 2022) and autonomous agents (Wang et al., 2023), and can
provide theoretical derivation for experimental results in other fields like cognitive science Sumers
et al. (2023).

Despite the extensive use of in-context learning, our comprehension of its underlying mechanisms
remains limited. Recent research has investigated in-context learning within a meta-learning frame-
work (Gu et al., 2023; Min et al., 2021), offering insights into how Transformers utilize in-context
demonstrations to tackle new tasks. However, Transformer employ in-context information in two
ways: through in-context demonstrations and task descriptions. The role of task descriptions, though
practically significant, has not been thoroughly examined. In this work, we adopt a different perspec-
tive by concentrating on how task descriptions influence in-context learning within a meta-learning
framework.

The meta-learning framework (Gu et al., 2023; Min et al., 2021) is used to enrich in-context learning
of Transformer, where the Transformer is directly trained to implement in-context learning. The task
dataset for this framework is constructed by equations in the form of (x ◦ y) mod p = r, where p
is a prime number, ◦ represents for operators, and r is the result of equation to be predicted.
Under this framework, the prompt is formulated as [{(xi, yi, ri)}li=1, (xq, yq)]. {(xi, yi, ri)}li=1
can be regarded as few shot examples, while xq is the validation examples. The Transformer is
expected to learn this task from the few show examples. This framework is also leveraged for
exploration of in-context learning (Akyürek et al., 2022; Von Oswald et al., 2023; Garg et al., 2022;
Chan et al., 2022a;b; Fu et al., 2023). Following previous studies, we also use this framework.
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However, we are different in that the task description is given. That is, the prompt in our task
is [d, {(xi, yi, ri)}li=1, (xq, yq)], where d denotes task description. To investigate the role of task
description, we devise a synthetic experiment, where we can flexible control the complexity of the
task description by assign the task description with different level of information. Specifically, given
a task ground truth label t, we design task description d to control the mutual information I(t; d).

In the proposed experimental setup, we investigate the impact of task descriptions on in-context
learning. Our findings are: (i) task descriptions can divert model’s attention in in-context ex-
amples, and this effect is related to the task description’s information, and (ii) task descriptions
can raise the lower bound of in-context learning performance. Consequently, we observe a phase
transition regarding the impact of task descriptions: those with insufficient information can impair
in-context learning performance due to (i), while task descriptions with abundant information can
aid in-context learning due to (ii). We find two cases where Transformers can achieve good in-
context learning performance: 1) a large number of in-context examples with low-information task
descriptions, and 2) high-information task descriptions. Additionally, we explore whether incorpo-
rating task prediction as an auxiliary task during training improves in-context learning performance.
The results indicate that task prediction as a surrogate task benefits in-context learning in nearly all
cases. To verify the generality of our findings, we conduct further studies on more realistic NLP
tasks, which align with our experimental results on the synthetic tasks.

Our contributions can be summarized as

• The development of a new synthetic task for investigating the role of task description in
in-context learning.

• The identification of a phase transition of the in-context learning performance when in-
creasing the information of task description.

• The conduction of further research beyond synthetic tasks to corroborate the universality
of our findings.

2 RELATED WORK

In-context learning In recent years, the field of natural language processing (NLP) has witnessed
significant advancements, particularly in the development of large-scale language models designed
for in-context learning. These models, such as GPT-4 (OpenAI, 2023) by OpenAI, PaLM2 (Anil
et al., 2023) by Google, and Llama (Touvron et al., 2023) by Facebook, have demonstrated remark-
able capabilities to understand and generate human-like text by leveraging massive amounts of data
and sophisticated algorithms. In-context learning refers to the model’s ability to adapt its under-
standing and responses based on the specific context provided (Brown et al., 2020), which has been
proven to be crucial in enhancing their performance across various NLP tasks, including AI planning
(Valmeekam et al., 2022; Xie et al., 2023), reasoning (Huang & Chang, 2022), image understanding
(Alayrac et al., 2022), and autonomous agents (Wang et al., 2023). However, despite the impres-
sive progress, challenges remain in terms of the mechanism driving in-context learning. This paper
focuses on understanding the mechanism of in-context learning from a synthetic tasks. The results
make a further step towards understanding in-context learning from the aspect of task description.

Exploration of in-context learning from synthetic tasks. Exploring in-context learning mech-
anisms in real applications poses a significant challenge due to the complexities and intricacies
involved in practical scenarios (Min et al., 2022). Consequently, recent studies have shifted their
focus towards understanding the mechanisms of in-context learning on specific synthetic tasks,
which offer a more controlled environment for examining individual aspects of the learning pro-
cess. For instance, linear regression tasks have been employed in several studies (Akyürek et al.,
2022; Von Oswald et al., 2023; Garg et al., 2022) to delve into the in-context learning behavior of
Transformer, while some researchers have turned their attention to image data to analyze the learn-
ing process. Moreover, investigations (Chan et al., 2022a;b; Fu et al., 2023) have been conducted
from in-context and in-weights perspectives, examining the learning process through the lens of the
model’s internal representations and the role of weights. However, despite these valuable contribu-
tions, most explorations mentioned above tend to overlook the influence of task descriptions on the
in-context learning process. Considering the practical significance of task descriptions in guiding
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Transformer towards desired learning outcomes, it is essential to examine their impact on in-context
learning performance to gain a more comprehensive understanding of the in-context learning mech-
anisms and improve the effectiveness of these powerful models in real-world applications.

Task description in real in-context learning application. In the realm of in-context learning, the
prompt plays a crucial role in guiding the language model’s response generation. A prompt is a
textual input provided to the model, containing the necessary context and instructions that help the
model understand the user’s requirements and produce relevant responses. The task description in
the prompt often includes specific questions, statements, or examples that outline the desired output,
enabling the model to adapt and generate contextually appropriate text (Brown et al., 2020). The task
description plays a important role in in-context learning by providing information about recognizing
the task in real application (Pan, 2023; Cho et al., 2023). However, systematic studies about the role
of task description and the mechanisms behind are lacking. This paper fills this gap by providing
the analysis of task description under different situations.

3 FORMULATION AND MOTIVATION

We assume a dataset D, comprising N data samples D = {xi = (di, ci, qi, ri, ti)}Ni=1, where di
denotes the task description for the i-th sample, and ci represents a sequence of task examples
associated with qi. For each data sample, given a query qi, our objective is to predict the output
of qi for task ti, labeled as ri. We partition the dataset into two subsets: Dtrain and Dtest. This
partitioning should ensure that tasks in the test dataset remain unseen in the training dataset, i.e., for
each task i in the testing set Dtrain, no tj exists in Dtest such that ti = tj . The primary aim of
in-context learning is to utilize the task description and examples for adapting the model, thereby
optimizing its performance on previously unseen tasks. To accomplish this objective, we maximize
the following function:

Ep(d,c,q)Eqθ(r|d,c,q) log p(r|d, c, q). (1)

Here qθ(r|d, c, q) denotes the predicted distribution of target r, while p refers to real distribution.
To analyze the aforementioned objective associated with task t, we employ the variational method,
constructing an evidence lower bound. Given the intractable nature of the distribution p(t|r, d, c, q),
we approximate it using a parameterized distribution qθ(t|d, c, q) as follows:

KL(qθ(t|d, c, q)|p(t|r, d, c, q))
= KL(qθ(t|d, c, q)|p(t|d, c, q))− Eqθ(t|d,c,q) log p(r|t, d, c, q) + log p(r|d, c, q). (2)

Please refer to appendix A.1 for the proof. Considering the non-negative nature of the KL diver-
gence, we can express the log-likelihood in the following manner:

log p(r|d, c, q) ≥ −KL(qθ(t|d, c, q)|p(t|d, c, q)) + Eqθ(t|d,c,q) log p(r|t, d, c, q). (3)

The first term signifies the task label prediction, whereas the subsequent term corresponds to the loss
function employed in the in-context training for the GPT model. This equation, therefore, demon-
strates that accurate task label prediction contributes to the maximization of the log-likelihood.

Incorporating the task description as a component of the input allows it to serve as a representation of
the task itself. To assess the efficacy of this description, we examine encoder and decoder models that
yield conditional distributions q(d|t) and p(t|d). Given that q(t) embodies the marginal distribution
of task t, we define the reconstruction error, denoted as R, in the following manner:

R = Eq(t)Eq(d|t)[− log p(t|d)] ≤ KL(q(t, d)||p(t, d))− Iq(t, d) +Hq(t). (4)

Please see appendix A.2 for the proof. The aforementioned equation indicates that increasing the
mutual information can reduce the negative log likelihood of t. The mutual information, denoted as
Iq(t, d), between task label t and the task description d can be formulated as follows:

0 ≤ I(t; d) = Ep(t,d)

[
log

q(t, d)

q(t)q(d)

]
= Hq(t)−Hq(t|d) ≤ Hq(t). (5)
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Task Prediction

A. Sequences for Training

Task: 𝑎 ∙ 𝑥 ∘ 𝑏 ∙ 𝑦 𝑚𝑜𝑑 𝑝 = 𝑟

𝑎𝑙 𝑎𝑢 𝑏𝑙 𝑏𝑢 𝑜𝑝 𝑥1 𝑦1 𝑟1 𝑥2 𝑦2 𝑟2 ∙∙∙ 𝑥𝑛 𝑦𝑛 𝑟𝑛 𝑥 𝑦 𝑟

?

Task Description In-Context Examples Query

B. An Example

Task: 2 ∙ 𝑥 + 7 ∙ 𝑦 𝑚𝑜𝑑 𝑝 = 𝑟, 𝑝 = 11

Query: 𝑥 = 5, 𝑦 = 3
Answer Ground Truth: 𝑟 = 9
Task Description setting: 𝑎𝑙 = 2, 𝑎𝑢 = 3, 𝑏𝑙 = 5, 𝑏𝑢 = 10, so 𝑟𝑎 = 2, 𝑟𝑏 = 6

2 3 5 10 + 1 6 0 8 5 7 ∙∙∙ 9 2 10 5 3 9

?

Task Description In-Context Examples Query

C. Model, Input and Output

𝑎𝑙 𝑎𝑢 𝑏𝑙 𝑏𝑢 𝑜𝑝 𝑥1 𝑦1 𝑟1 𝑥2 𝑦2 𝑟2 ∙∙∙ 𝑥𝑛 𝑦𝑛 𝑟𝑛 𝑥 𝑦

Task Description In-Context Examples Query

Transformer (Causal)

ෝ𝑟1 ෝ𝑟2 ∙∙∙ ෝ𝑟𝑛 ?

a

ො𝑎 𝑏 ෞ𝑜𝑝

𝑜𝑝𝑏

Exact TaskPadding

Figure 1: Experimental Setup. A: Our synthetic task dataset is constructed by simple equations.
In training, the model will be given a sequence including task description, in-context examples
and query. Only an inexact range of a and b will be implied in task description, and we train
the model to calculate the answer r of the operation given x and y as query. B: An example of
input sequence. ra and rb are the inexact ab ranges implied in task description. ra = au − al,
rb = bu − bl,and al,au,bl,bu stands for the possible lower and upper bounds of a and b. C: Model,
input and output. We use standard decoder-only Transformer, which takes a token sequence as
input. The auto-regression is used to training the model. We calculate loss for the output sequence,
and accuracy is calculated only on the answer of query equation. For task prediction, exact task
t = (a, b, op) will be added to the end of input token

Based on the aforementioned equation, we observe that the mutual information ranges from 0 to
Hq(t). Consequently, to examine the impact of mutual information, we propose incorporating its
control in our experimental design. Please see Sec. 4 for the details.

In summary, we consider an in-context learning setting where the task is unseen in the training
set. However, to simplify the problem, we assume that the task labels in the testing set are novel
recombinations of the training ones. In order to reformulate the prediction into a compositional gen-
eralization problem, we derive a variational lower bound of the log likelihood as a new objective, as
shown in Equation 3. The first term in it is for task prediction. Since we consider the task descrip-
tion as a representation of the task, the goodness of it has an impact on the model performance. By
modeling it as a representation, we derive a quantity to estimate its goodness, as shown in Equation
4. Therefore, we design our experiments with some principles to analyze how to train our model
for better in-context ability from the following perspectives: 1) the mutual information between the
task description and the task; 2) with or without task prediction.

4 EXPERIMENTAL DESIGN

In this section, we will delve into the experimental design and its various components. We begin
by outlining the design principles, which serve as the foundation for the entire experiment. With
these principles in mind, the experimental design aims to study the factors impacting the model’s
in-context ability by a robust and flexible framework. Furthermore, this design allows for the future
research on in-context learning, since it is a controllable benchmark for in-context learning.

Design Principle 1) Controllable task description information: The information provided in
the task description can be directly manipulated, allowing for a precise control over the quantity of
information presented to the model. 2) Unseen evaluation tasks: To ensure the model’s ability to
generalize, the evaluation tasks presented to the model are not included in the training data. This
helps assess the model’s performance in handling novel tasks. 3) Information inference from mul-
tiple sources: The model is designed to extract information of task from both the task description
and in-context examples provided. This enables the model to adapt and learn from various sources
of information.

4.1 TASK DESIGN

Our synthetic task dataset is constructed by equations in the form of ((a · x) ◦ (b · y)) mod p = r,
where p is a prime number, and ◦ can represent +, − or /. For each task, a, b and ◦ are randomly
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selected and fixed, but only an inexact range of a and b will be implied in task descriptions, and
we train the model to calculate the answer r of the operation given x and y as query. Only half of
available ab pairs and xy queries are seen in the training, and the remaining equations are used for
evaluation. We choose p = 11 in all experiments.

The task description is given as ⟨al⟩⟨au⟩⟨bl⟩⟨bu⟩⟨op⟩, while ⟨al⟩,⟨au⟩,⟨bl⟩,⟨bu⟩ stands for the pos-
sible lower and upper bounds of a and b separately, and ⟨op⟩ stands for the operator +, − or / used
in this task. We change the given range of a,b to control the quality of task description, and a larger
ab range refers to lower task description quality as more possible ab pairs can be deduced. For a
given task ((a · x) ◦ (b · y)) mod p = r, several examples are randomly selected and constructed as
< xi, yi, ri >, while ri = ((a · x) ◦ (b · y))mod p.

4.2 MODEL AND TRAINING

Model For most experiments on synthetic tasks, we use a standard decoder-only causal Trans-
former (Vaswani et al., 2017) with 24 layers, an embedding length of 256, and 8 attention heads.
For experiments on the natural language task CoFE (An et al., 2023), we follow their approach and
use fine-tuned GPT2-Large as our model.

Loss Function The auto-regression is used to train the model. Following GPT (Radford &
Narasimhan, 2018), given a token sequence x = (x1, . . . , xT ), we train the model to predict
p(x) =

∏T
t=1 p(xt|x<t). We calculate loss for in-context examples, query, and the answer of query

equation. The in-context examples are denoted as set Ci−1. For i > 1, Ci−1 represents for in-context
example sequence {(x1, y1, r1), . . . , (xi−1, yi−1, ri−1)}. For i = 1, C0 is an empty. Specifically,
we calculate the loss for the sequence s = {(x1, y1, r1), . . . , (xL, yL, rL)} and task description d as
follows:

L(θ, s, d) = 1

L

L∑
i=1

l(f({d, Ci−1, xi, yi}), ri), (6)

where l denotes the loss function, e.g., crossentropy loss is adopted in our setting. The task de-
scription is d = (al, au, bl, bu, op). Accuracy is calculated only for the answer of query equation.
For task prediction, task t = (a, b, op) will be added to the end of input token, and loss for task
prediction can be re-formulated as:

Lt(θ, s, d) =
1

L

L∑
i=1

l(f({d, Ci−1, xi, yi}), ri, t). (7)

Training configure We train the model for 200k steps, and use Adam optmizer with learning rate
1e−4 for all experiments. Minibatch size is set to 128 for training and validation on our synthetic
tasks, and 4 for CoFE.

4.3 IMPACT FACTORS IN PROMPT

Task description We leverage the mutual information to evaluate the task description. Since only
inexact ranges of a and b are implied in task description as ra = au−al and rb = bu−bl, the quality
of task description can be controlled and quantified by changing ra and rb. To be specific, suppose
the full number of available ab pairs is nab, and the inexact ab range implied in task description are
ra and rb. Then, given this task description, we can narrow down possible ab pair numbers from nab

to ra · rb. This indicates that the information gain given by the task description is log(nab/(ra · rb))

Number of Examples We use the number of examples to control the information conveyed by
demonstration. For a given task, adding more in-context examples refers to providing more infor-
mation by demonstration.
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5 EXPERIMENTS RESULTS
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Figure 2: Phase Transition when increasing the information of task description.Shaded areas indi-
cates +/- variance. A: The task description will distract in-context learning ability of transformer
when its information is less than a threshold, while it will improve in-context learning after that.
B: Before the Phase Transition, the number of in-context examples significantly impacts in-context
learning, while after that, it has almost no influence. C: The model can obtain in-context learning
only under two cases: 1) low info under large number of in-context examples. 2) High info task
description. D:Attention explanation. The ratio of in-context examples in attention keeps declining
with more task description information.The task description will divert the model’s attention in in-
context examples.

5.1 HOW DOES TASK DESCRIPTION IMPACT IN-CONTEXT LEARNING

We use the accuracy of the predicted results of query examples to reflect in-context learning per-
formance, and use the mean of five runs to reduce the randomness. The results are presented in
Figure 2. Our main findings are as following:

A Phase Transition course can be observed. Figure 2A depicts the variation of accuracy with
the amount of information and the number of in-context examples. Before a certain information
threshold, the accuracy remains at a low level. At this stage, significant accuracy gain can only
be observed when more in-context examples are added. However, after this information threshold,
the accuracy grows rapidly with information gain, but keeps relatively stable with changes in the
number of in-context examples.

Before the Phase Transition, the task description will distract in-context learning ability of
transformer, but will improve in-context learning after that. Figure 2B gives a clearer demon-
stration of Phase Transition. The accuracy grows as the number of in-context examples increases
before Phase Transition, but stays relatively constant within a large range of in-context example
numbers after Phase Transition.

Phase Transition course leads to two in-context learning stage of transformer. As shown in
Figure 2C. The model can achieve a high accuracy only when given low-information task description
under large number of in-context examples, or given high-information task description.

5.2 THE PHASE TRANSITION OF TASK DESCRIPTION.

In the previous section, we discover the phase transition of task description. Here, we further inves-
tigate the reason behind it. Specifically, we infer the possible reasons from the follow two perspec-
tives:

The task description will lead the model to ignore the information from in-context examples.
We calculate the ratio of in-context examples and task description in transformer attention, given
same input sequence. As shown in Figure 2D, the ratio of in-context examples in attention keeps
declining with more task description information. On the contrary, the attention ratio of task de-
scription increases when more task-related information are given. This indicates that adding task
description info will divert model’s attention in in-context examples.
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Figure 3: Results of task prediction. A: A demonstration of accuracy gain (Predicting tasks v.s.
without predicting tasks). Acc(p.t.) refers to accuracy on predicting results under predicting tasks
setting, Acc(w/o p.t.) refers to corresponding accuracy without task prediction. Accuracy gain
means the value of Acc(p.t.) - Acc(w/o p.t.). Using task prediction as proxy task can significantly
improve in-context learning ability of Transformer. B: Task accuracy increases with task description
info. C: The number of in-context examples can impact task prediction accuracy only under low
info task description. D: Task info have greater influence than the number of examples.

Higher information of task description will increase the lower bound of performance. As
illustrated in Eq 3, higher mutual information signifies that the task description is a good represen-
tation of the actual task. In other words, the task description captures the essential aspects and the
underlying structure of the task, providing the model with valuable insights and a more accurate
understanding of the problem it needs to solve. When the mutual information is high, it means
that knowing the task description reduces the uncertainty about the prediction of task itself. Conse-
quently, when the task description has high mutual information with the task, the model can leverage
this strong representation to make better decisions and predictions, even when faced with limited or
ambiguous examples.

To study how predicting task label impacts the performance of in-context learning (measured using
the accuracy of validation query examples), we conduct experiments by adding an extra loss between
the predicted task label and ground truth task label. By comparing the gain (with predicting task label
v.s w/o predicting task label), we can evaluate the impact of task prediction.

Predicting the task can improve in-context learning performance. The results are presented in
Figure 3A. A warm color in Figure 3A refers to positive accuracy gain. A performance improvement
can be observed under different task descriptions and in-context example settings, as the points in
Figure 3A are mainly colored warm. And the accuracy gain increases sharply with mutual info,
at a similar threshold with that in Figure 2A, demonstrating a phase transition for the accuracy
gain. Before Phase Transition, such accuracy gain tends to grow with the number of in-context
examples. There are some cases where the performance slightly drops due to randomness. After
Phase Transition, the accuracy gain remains significant and stable.

The performance of task label prediction can also reflect whether the model understand what the
task is. Besides the accuracy of query examples, we further examine the accuracy of the predicted
task label (denoted as task accuracy for simple). As shown in Figure 3B and Figure 3C, the model
can predict tasks better when given more task description information or more in-context examples.
Figure 3C depicts that the number of in-context examples has an obvious impact on task prediction
accuracy only under low info task descriptions. According to Figure 3D, increasing both task de-
scription information and the number of in-context examples can enhance the model’s ability in task
prediction, but the influence of task description is relatively more significant.

5.3 BEYOND THE SYNTHETIC EXPERIMENT

To verify that the discovery from the synthetic experiment also hold on the real task, we conduct
another experiment on the more realistic task on a realistic natural language dataset.

We experiment on CoFE (An et al., 2023), a natural language dataset for compositional general-
ization. The training set covers all the primitives while lacking certain combinations, this enforces
the model to understand and re-combine known components in language. We select 3 categories of
combinations of primitives in the dataset: Primitive Substitution, Primitive Structural Alternation
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Figure 4: Experiments on real tasks. We design three different settings of task description. In
Full Task Info experiment, all task information are given. In Part Task Info experiment, the info
of target primitive is excluded. In No Task Info experiment, no task description is added. We
experiment on all three info settings given 2, 4, 6, 8, 10 in-context examples separately. We find that
the conclusions of experiments of synthetic tasks are also held in real tasks

and Phrase Recombination. The model is trained to predict 4 types of primitives for each combi-
nation category, resulting in 12 tasks. In our experiment, the training set consists of 4 randomly
selected tasks, covering all 4 types of target primitives and all 3 combination categories. The test set
consists of the remaining 8 tasks. Examples of data in CoFE are provided in the appendix.

We design three settings of task description containing different amount of information. All task
information are given in Full Task Info experiment. In Part Task Info experiment, we only imply
the combination category of the task in task description, but leave out the type info of the target
primitive. In No Task Info experiment, no task description is added. We experiment on all three info
settings under different numbers of in-context examples. The results are given in Figure 4.

The conclusions of synthetic experiments are still held. In all three settings, using task predic-
tion as proxy task can significantly improve accuracy, confirming the impact of task prediction on
model’s in-context learning ability. Figure 4A depicts that experiments on Full Task Info achieve
the highest accuracy across all settings. This indicates that when given high info task descriptions,
the model can obtain higher in-context learning ability than given low info. However, when given
incomplete and limited task information, as shown in Figure 4B, the model achieve relatively low
accuracy and obtains limited accuracy gain with an increasing number of in-context examples. The
results demonstrate that low info task descriptions mislead in-context learning. Those observations
are well-aligned with the findings on the above synthetic experiment, indicating our findings on
synthetic experiments can be well scale to real word cases.

5.4 ABLATIONS

No task description during training. We present the model’s accuracy given no task description
and different number of in-context examples. It can be depicted in Table 1 that the accuracy grows
with in-context example number. This table actually refers to zero mutual information in Figure 2A
and Figure 2C, and it can be inferred from Figure 2 that model given full info task description always
outperforms model given zero task info.

No in-context examples during training. Table 2 lists the model’s accuracy given different
amount of task info and no in-context examples. When given maximal info (4.6052, referring to
totally accurate task description), the model can achieve 0.8641 accuracy, better than all other info
level settings, but fall behind models given both full task description and in-context examples. This
infers model’s ability in understanding task description. Also, it can be seen that under no example
setting, the accuracy grows with information gain. The growing trend is relatively tiny given low
task info, but speeds up when more task info added. Such performance pattern keeps align with
experiments given both task description and in-context examples.
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Task Info (nats) 0 0.21 0.4462 0.7133 1.0217 1.609 2.3026 3.2189 3.6243 3.912 4.3175 4.6052
Accuracy 0.1017 0.1027 0.1036 0.1041 0.1038 0.1053 0.1083 0.1089 0.2104 0.2834 0.4267 0.8641

Table 1: Ablation Experiments: No in-context example and different amount of task information.

Number of In-context Examples 0 4 8 12 16 24 32 36
Accuracy 0.1017 0.1117 0.1234 0.1320 0.2094 0.2955 0.3670 0.5367

Table 2: Ablation Experiments: No task info and different numbers of in-context examples.

6 LIMITATION

A potential limitation of this work lies in the synthetic experimental setting that has been employed
to investigate the impact of task descriptions on in-context learning performance of Transformers.
While this approach enables the systematic exploration of task description information and its in-
fluence on model performance, it may not fully capture the nuances and challenges encountered in
real-world scenarios. The simplification and controlled nature of the synthetic setting might result
in findings that do not entirely generalize to practical applications, where language models have to
deal with diverse tasks, more complex instructions, and ambiguous or incomplete information.

Moreover, the study’s focus on task descriptions may not comprehensively address other factors
that could significantly influence the performance of Transformers, such as the quality and repre-
sentativeness of training data, model architecture, or the fine-tuning process. In the pursuit of a
deeper understanding of in-context learning, it is essential to consider these additional elements to
ensure a more holistic perspective on the behavior and performance of Transformers in real-world
applications.

7 CONCLUSION

In conclusion, transformers have exhibited exceptional performance in various applications, with
in-context learning emerging as a vital technique in the field. Despite its widespread use, our com-
prehension of the underlying mechanisms of in-context learning remains limited. This study delves
into the crucial yet underexplored role of task descriptions in in-context learning performance, shed-
ding light on their impact on transformers. By conducting a series of well-designed experiments in a
synthetic setting, the research systematically investigates the influence of task description informa-
tion on model performance across diverse tasks and domains. The results underscore the importance
of task descriptions as a guiding factor for transformers to achieve desired learning outcomes. The
well-designed experiments conducted in a synthetic setting highlight the need for carefully crafting
task descriptions to enhance model performance and generalization because of the phase transition.
Ultimately, this study deepens our understanding of the in-context learning processes in transform-
ers and lays the foundation for more efficient and effective real-world applications of these advanced
models.

However, it is crucial to acknowledge the limitations of the synthetic experimental setting and con-
sider the additional factors that may influence transformer performance in real-world scenarios.
While this study sheds light on the impact of task descriptions, future work should address the var-
ious challenges and complexities that transformers face in practical applications, such as diverse
tasks, ambiguous instructions, and incomplete information.

In future work, several avenues can be pursued to further advance our understanding of in-context
learning on task description in Transformers and enhance their practical applications. For exam-
ple, it is valuable to explore the development of automated methods for generating optimal task
descriptions, which could alleviate the challenges in crafting effective prompts and improve model
performance across a range of tasks. Secondly, investigating the impact of incorporating more struc-
tured or hierarchical task descriptions could provide valuable insights into the model’s ability to
understand complex instructions and generate more contextually appropriate responses.
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Guy Gur-Ari, Steven Hand, Hadi Hashemi, Le Hou, Joshua Howland, An Ren Hu, Jeffrey Hui,
Jeremy Hurwitz, Michael Isard, Abe Ittycheriah, Matthew Jagielski, Wen Hao Jia, Kathleen
Kenealy, Maxim Krikun, Sneha Kudugunta, Chang Lan, Katherine Lee, Benjamin Lee, Eric
Li, Mu-Li Li, Wei Li, Yaguang Li, Jun Yu Li, Hyeontaek Lim, Han Lin, Zhong-Zhong Liu,
Frederick Liu, Marcello Maggioni, Aroma Mahendru, Joshua Maynez, Vedant Misra, Maysam
Moussalem, Zachary Nado, John Nham, Eric Ni, Andrew Nystrom, Alicia Parrish, Marie Pel-
lat, Martin Polacek, Alex Polozov, Reiner Pope, Siyuan Qiao, Emily Reif, Bryan Richter, Parker
Riley, Alexandra Ros, Aurko Roy, Brennan Saeta, Rajkumar Samuel, Renee Marie Shelby, Am-
brose Slone, Daniel Smilkov, David R. So, Daniela Sohn, Simon Tokumine, Dasha Valter, Vijay
Vasudevan, Kiran Vodrahalli, Xuezhi Wang, Pidong Wang, Zirui Wang, Tao Wang, John Wiet-
ing, Yuhuai Wu, Ke Xu, Yunhan Xu, Lin Wu Xue, Pengcheng Yin, Jiahui Yu, Qiaoling Zhang,
Steven Zheng, Ce Zheng, Wei Zhou, Denny Zhou, Slav Petrov, and Yonghui Wu. Palm 2 techni-
cal report. ArXiv, abs/2305.10403, 2023. URL https://api.semanticscholar.org/
CorpusID:258740735.

Mohamed Ishmael Belghazi, Aristide Baratin, Sai Rajeshwar, Sherjil Ozair, Yoshua Bengio, Aaron
Courville, and Devon Hjelm. Mutual information neural estimation. In International conference
on machine learning, pp. 531–540. PMLR, 2018.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877–1901, 2020.

Stephanie Chan, Adam Santoro, Andrew Lampinen, Jane Wang, Aaditya Singh, Pierre Richemond,
James McClelland, and Felix Hill. Data distributional properties drive emergent in-context learn-
ing in transformers. Advances in Neural Information Processing Systems, 35:18878–18891,
2022a.

Stephanie CY Chan, Ishita Dasgupta, Junkyung Kim, Dharshan Kumaran, Andrew K Lampinen, and
Felix Hill. Transformers generalize differently from information stored in context vs in weights.
arXiv preprint arXiv:2210.05675, 2022b.

Hyunsoo Cho, Hyuhng Joon Kim, Junyeob Kim, Sang-Woo Lee, Sang-goo Lee, Kang Min Yoo,
and Taeuk Kim. Prompt-augmented linear probing: Scaling beyond the limit of few-shot in-
context learners. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 37,
pp. 12709–12718, 2023.

10

https://aclanthology.org/2023.acl-long.618
https://aclanthology.org/2023.acl-long.618
https://api.semanticscholar.org/CorpusID:258740735
https://api.semanticscholar.org/CorpusID:258740735


Under review as a conference paper at ICLR 2024

Jingwen Fu, Tao Yang, Yuwang Wang, Yan Lu, and Nanning Zheng. How does representation
impact in-context learning: A exploration on a synthetic task. arXiv preprint arXiv:2309.06054,
2023.

Shivam Garg, Dimitris Tsipras, Percy S Liang, and Gregory Valiant. What can transformers learn
in-context? a case study of simple function classes. Advances in Neural Information Processing
Systems, 35:30583–30598, 2022.

Yuxian Gu, Li Dong, Furu Wei, and Minlie Huang. Pre-training to learn in context. arXiv preprint
arXiv:2305.09137, 2023.

Jie Huang and Kevin Chen-Chuan Chang. Towards reasoning in large language models: A survey.
arXiv preprint arXiv:2212.10403, 2022.

Diederik P Kingma and Max Welling. Auto-encoding variational bayes. arXiv preprint
arXiv:1312.6114, 2013.

Sewon Min, Mike Lewis, Luke Zettlemoyer, and Hannaneh Hajishirzi. Metaicl: Learning to learn
in context. arXiv preprint arXiv:2110.15943, 2021.

Sewon Min, Xinxi Lyu, Ari Holtzman, Mikel Artetxe, Mike Lewis, Hannaneh Hajishirzi, and Luke
Zettlemoyer. Rethinking the role of demonstrations: What makes in-context learning work? arXiv
preprint arXiv:2202.12837, 2022.

OpenAI. Gpt-4 technical report. ArXiv, abs/2303.08774, 2023. URL https://api.
semanticscholar.org/CorpusID:257532815.

Jane Pan. What In-Context Learning “Learns” In-Context: Disentangling Task Recognition and
Task Learning. PhD thesis, Princeton University, 2023.

Alec Radford and Karthik Narasimhan. Improving language understanding by generative pre-
training. 2018. URL https://api.semanticscholar.org/CorpusID:49313245.

Theodore R. Sumers, Mark K. Ho, Robert D. Hawkins, and Thomas L. Griffiths. Show
or tell? exploring when (and why) teaching with language outperforms demonstration.
Cognition, 232:105326, 2023. ISSN 0010-0277. doi: https://doi.org/10.1016/j.cognition.
2022.105326. URL https://www.sciencedirect.com/science/article/pii/
S0010027722003158.

Hugo Touvron, Louis Martin, Kevin R. Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei,
Nikolay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, Daniel M. Bikel, Lukas
Blecher, Cristian Cantón Ferrer, Moya Chen, Guillem Cucurull, David Esiobu, Jude Fernan-
des, Jeremy Fu, Wenyin Fu, Brian Fuller, Cynthia Gao, Vedanuj Goswami, Naman Goyal, An-
thony S. Hartshorn, Saghar Hosseini, Rui Hou, Hakan Inan, Marcin Kardas, Viktor Kerkez, Ma-
dian Khabsa, Isabel M. Kloumann, A. V. Korenev, Punit Singh Koura, Marie-Anne Lachaux,
Thibaut Lavril, Jenya Lee, Diana Liskovich, Yinghai Lu, Yuning Mao, Xavier Martinet, Todor Mi-
haylov, Pushkar Mishra, Igor Molybog, Yixin Nie, Andrew Poulton, Jeremy Reizenstein, Rashi
Rungta, Kalyan Saladi, Alan Schelten, Ruan Silva, Eric Michael Smith, R. Subramanian, Xia
Tan, Binh Tang, Ross Taylor, Adina Williams, Jian Xiang Kuan, Puxin Xu, Zhengxu Yan, Iliyan
Zarov, Yuchen Zhang, Angela Fan, Melanie Kambadur, Sharan Narang, Aurelien Rodriguez,
Robert Stojnic, Sergey Edunov, and Thomas Scialom. Llama 2: Open foundation and fine-tuned
chat models. ArXiv, abs/2307.09288, 2023. URL https://api.semanticscholar.org/
CorpusID:259950998.

Karthik Valmeekam, Alberto Olmo, Sarath Sreedharan, and Subbarao Kambhampati. Large lan-
guage models still can’t plan (a benchmark for llms on planning and reasoning about change).
arXiv preprint arXiv:2206.10498, 2022.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Ł ukasz Kaiser, and Illia Polosukhin. Attention is all you need. In I. Guyon, U. Von
Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett (eds.), Ad-
vances in Neural Information Processing Systems, volume 30. Curran Associates, Inc.,
2017. URL https://proceedings.neurips.cc/paper_files/paper/2017/
file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf.

11

https://api.semanticscholar.org/CorpusID:257532815
https://api.semanticscholar.org/CorpusID:257532815
https://api.semanticscholar.org/CorpusID:49313245
https://www.sciencedirect.com/science/article/pii/S0010027722003158
https://www.sciencedirect.com/science/article/pii/S0010027722003158
https://api.semanticscholar.org/CorpusID:259950998
https://api.semanticscholar.org/CorpusID:259950998
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf


Under review as a conference paper at ICLR 2024

Johannes Von Oswald, Eyvind Niklasson, Ettore Randazzo, João Sacramento, Alexander Mordv-
intsev, Andrey Zhmoginov, and Max Vladymyrov. Transformers learn in-context by gradient
descent. In International Conference on Machine Learning, pp. 35151–35174. PMLR, 2023.

Lei Wang, Chen Ma, Xueyang Feng, Zeyu Zhang, Hao Yang, Jingsen Zhang, Zhiyuan Chen, Jiakai
Tang, Xu Chen, Yankai Lin, et al. A survey on large language model based autonomous agents.
arXiv preprint arXiv:2308.11432, 2023.

Yaqi Xie, Chen Yu, Tongyao Zhu, Jinbin Bai, Ze Gong, and Harold Soh. Translating natural lan-
guage to planning goals with large-language models. arXiv preprint arXiv:2302.05128, 2023.

A APPENDIX

A.1 THE DERIVATION OF EQUATION 3

In the following two sections, we have primarily drawn upon the proofs VAE (Kingma & Welling,
2013) and in Belghazi et al. (2018) as key literature sources to prove our claims.

Using Bayes rule, we can obtain the following derivation:

KL(qθ(t|d, c, q)|p(t|r, d, c, q))
= Eqθ(t|d,c,q)[log qθ(t|d, c, q)− log p(t|r, d, c, q)]

= Eqθ(t|d,c,q)

[
log qθ(t|d, c, q)− log

p(r|t, d, c, q)p(t|d, c, q)
p(r|d, c, q)

]
= Eqθ(t|d,c,q)

[
log

qθ(t|d, c, q)
p(t|d, c, q)

− log p(r|t, d, c, q)
]
+ log p(r|d, c, q)

= KL(qθ(t|d, c, q)|p(t|d, c, q))− Eqθ(t|d,c,q) log p(r|t, d, c, q) + log p(r|d, c, q)

(8)

A.2 THE DERIVATION OF EQUATION 4

We can rewrite the reconstruction error with the conditional distribution p(t|d) = p(t, d)/p(d):

R = Eq(t)Eq(d|t)[− log p(t|d)] = Eq(t,d)

[
log

q(t, d)

p(t, d)

]
− Eq(t,d)[log q(t, d)] + Eq(d)[log p(d)]

= KL(q(t, d)|p(t, d))− Eq(t,d)[log q(t, d)] + Eq(d)[log p(d)],

(9)

where the first term is KL divergence, the second term is the joint entropy Hq(t, d). We focus on the
third term:

Eq(d)[log p(d)] = Eq(d)[log
p(d)

q(d)
] + Eq(d)[log q(d)] = −KL(q(d)|p(d)) +Hq(d) (10)

We bring Eq. 10 into Eq. 9, then the joint entropy and entropy can be formulated as:

−Eq(t,d)[log q(t, d)] +Hq(d) = −Eq(t,d)

[
log

q(t, d)

q(t)q(d)

]
+ Eq(t)[log q(t)]

= −Iq(t; d) +Hq(t)

(11)

Since the KL-divergence is non-negative, we obtain the bound:

R = KL(q(t, d)|p(t, d))−KL(q(d)|p(d))− Iq(t; d) +Hq(t)

≤ KL(q(t, d)|p(t, d))− Iq(t; d) +Hq(t)
(12)

A.3 SUPPLEMENTARY DESCRIPTION FOR FIGURE 2

Figure 2A. Figure 2A and its numeral results (Table 3) depicts the variation of accuracy with the
amount of information and the number of in-context examples. Before a certain information thresh-
old (about 3.2 nats), the accuracy remains at a low level. At this stage, significant accuracy gain can

12



Under review as a conference paper at ICLR 2024

Task Info(nats) 0 0.21 0.45 0.73 1.02 1.39 1.61 1.83 2.30 3.22 3.40 3.91 4.02 4.27 4.61
Accuracy(0 ex) 0.1017 0.1020 0.1027 0.1030 0.1034 0.1030 0.1042 0.1048 0.1062 0.1119 0.1164 0.2104 0.2834 0.4267 0.8641
Accuracy(4 ex) 0.1118 0.1071 0.1062 0.1036 0.1023 0.1020 0.1030 0.1062 0.1083 0.1174 0.1202 0.2216 0.5052 0.5877 0.9323
Accuracy(32 ex) 0.3670 0.2083 0.1670 0.1046 0.1062 0.1070 0.1084 0.1097 0.1101 0.1211 0.1314 0.2137 0.4548 0.7926 0.9688

Table 3: Numerical Results in Figure 2A. Val Accuracy given different task info and number of in-
context examples. Accuracy(0 ex), Accuracy(4 ex), Accuracy(32 ex) refer to val accuracy of models
trained with no in-context example, 4 in-context examples, 32 in-context examples, respectively.

Number of Examples 0 2 4 8 12 16 20 24 28 32 36
Accuracy (Mutual Info 0 nats) 0.1017 0.1052 0.1117 0.1234 0.1320 0.2094 0.1876 0.2414 0.2955 0.3670 0.5367

Accuracy (Mutual Info 4.02 nats) 0.3530 0.4267 0.5052 0.4067 0.4695 0.4687 0.4656 0.4573 0.4678 0.4548 0.4674

Table 4: Numerical Results in Figure 2B. Val Accuracy given different numbers of in-context exam-
ples before and after phase transition threshold.

only be observed when more in-context examples are added. However, after this information thresh-
old, the accuracy grows rapidly with information gain, but keeps relatively stable with changes in
the number of in-context examples. Some digital results are listed in Table 3, and we choose some
special settings: no in-context examples given, few in-context examples given(Accuracy(4 ex)), and
plentiful in-context examples given(Accuracy(32 ex)). Under all settings, accuracy basically grows
with mutual info gain. However, before a certain information threshold (around 3.2 nats concern-
ing results sampled in Table 3), the accuracy gain remains relatively subtle to be 0.001 between
neighbouring info settings.

For clarity and readability, not all sampled info settings are labeled in x axis of Figure 2A. As shown
in Table 3, we actually sampled 15 info points given same number of in-context examples.The
minimal mutual info given by task description is 0, referring to no valid information added by task
description. The maximal possible mutual task info, under our experiment setting, is 4.61 nats.
The mutual information we utilized here is formulated by ln(nab/(ra · rb)), ra = au − al and
rb = bu − bl stand for the inexact ranges of a and b are implied in task description, and nab stands
for the full number of available ab pairs. Given maximal upper bound(au, bu) 10 and minimal lower
bound(al, bl) 1, there can be 100 different ra, rb range pairs if ab are restricted to integers. Thus,
100 levels of task info can be experimented, resulting in maximal info 4.61 nats. We sample several
mutual info settings, trying to keep uniform sampling intervals in task info.

We perform 5-fold experiments and the variances are given as shaded areas. Only after information
threshold (around 4 nats), the variances can be obviously observed in figure.

Figure 2B. It can be seen in Fig 2B and its numeral results (Table 4) that before the threshold (task
info less than 3.2 nats), the number of in-context examples significantly impact in-context learning,
while after that, it has almost no influence. And the lower sub-figure in Fig 2B corresponding to the
right most info point in Fig 2A( mutual Info 4.02 nats), which clearly depicts that the accuracy stays
relatively constant within a large range of in-context example numbers.

A.4 COFE DATASET

CoFE dataset (An et al., 2023) is constructed based on COGS, a compositional generalization bench-
mark designed for the fine-tuning paradigm. Here, compositional generalization refers to under-
standing and producing novel expressions by recombining known components in language, and is
an important human ability. COGS, as well as CoFE, are designed for semantic parsing tasks. In
these datasets, the training set covers all the primitives but lacks certain combinations, and the test
set is made up of these missing combinations, so the model has to learn to translate natural language
expressions into semantic representations.

The combinations in CoFE can be divided into five categories: Primitive Substitution (Compose a
primitive with a grammatical role), Primitive Structural Alternation (Compose a primitive with a
sentence structure (e.g., “subj. verb obj.”), Phrase Recombination (Compose a prepositional phrase
with a grammatical role), Longer Chain and Deeper Nesting. We only employ the former three
combinations in our experiments, since the latter two are not suitable for our mutual task info setting.
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Category In-context Examples Test Case

Primitive Substitution

input:shark
output:NONE(SHARK,NONE,NONE)

input:A girl grew the boy.
output:DRAW(Girl,BOY,NONE)

input:The shark drew a boy.
output:DRAW(SHARK,BOY,NONE)

Primitive Structural Alternation

input:The goose baked.
output:BAKE(GOOSE,NONE,NONE)

input:A teachernoticed a chicken.
output:NOTICE(TEACHER,CHICKEN,NONE)

input:A teacherbaked the chicken.
output:BAKE(TEACHER,CHICKEN,NONE)

Phrase Recombination

input:Logan mailed Stella the cake in the pile.
output:MAIL(LOGAN,IN,STELLA)

input: The goose rolled a baby in a room.
output:ROLL(GOOSE,IN,NONE)

input:A visitor in the pile rolled a resident.
output:ROLL(IN,RESIDENT,NONE)

Table 5: *
Examples of data in CoFE.

Some data examples are given in Table 5. The three combination categories( or main tasks) refer to
different forms of language composition, while the output are corresponding primitives like subject,
verb or object. For each main task, four types of primitives are predicted, and can be split into four
sub tasks, resulting in 12 different tasks.The model is trained to predict 4 types of primitives for
each combination category, resulting in 12 tasks. In our experiment, the training set consists of 4
randomly selected tasks, covering all 4 types of target primitives and all 3 combination categories.
The test set consists of the remaining 8 tasks.

We design three settings of task description containing different amount of information. All task
information are given in Full Task Info experiment. In Part Task Info experiment, we only imply
the combination category of the task in task description, but leave out the type info of the target
primitive. In No Task Info experiment, no task description is added. We experiment on all three
info settings under different numbers of in-context examples. In task description, the combination
categories are tokenized as 1,2,3 and the target primitive type are denoted as 11-14. All words in
CoFE are tokenized starting from 100 to avoid messing up with task description.
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