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Abstract

Recently, large language models (LLMs) have made remarkable progress in natural language
processing. The most representative ability of LLMs is in-context learning (ICL), which enables
LLMs to learn patterns from in-context exemplars without training. The performance of ICL
greatly depends on the exemplars used. However, how to choose exemplars remains unclear due
to the lack of understanding of how in-context learning works. In this paper, we present a novel
perspective on ICL by conceptualizing it as contextual retrieval from a model of associative
memory. We establish a theoretical framework of ICL based on Hopfield Networks. Based on our
framework, we look into how in-context exemplars influence the performance of ICL and propose
more efficient active exemplar selection. Our study sheds new light on the mechanism of ICL by
connecting it to memory retrieval, with potential implications for advancing the understanding
of LLMs.

1 Introduction

In recent years, large language models (LLMs) have garnered significant attention due to their
ability to revolutionize natural language processing (NLP) by demonstrating impressive language
understanding and reasoning capabilities (6; 5; 43; 54; 42). LLMs are first pretrained on extensive
data using the language modeling technique where the model predicts the next token given a context.
Without finetuning on task-specific data, LLMs leverage in-context learning (ICL), also referred to
as few-shot prompting, to make predictions. Through ICL, LLMs can find underlying patterns of
the input query through given in-context exemplars, such as a set of input/output pairs, and use
them to complete the response.

However, the effects of in-context exemplars on downstream performance via ICL and guidelines
for formulating those exemplars (e.g., how to select exemplars and how many exemplars to use) remain
unclear. Because the understanding of how ICL works is currently intuitive and lacks theoretical
foundation. Past works to understand ICL mainly focus on empirical investigation (30; 13; 26; 57).
Therefore, this work are motivated to build a theoretical framework to analyze ICL and then to
provide implications to formulating in-context exemplars for stronger performance. More specifically,
we adopt a novel and distinct perspective by conceptually reframing ICL as contextual retrieval
rather than a learning problem (9; 51; 11), as there is no actual weight update involved. We
conceptualize LLM as a biologically plausible model of associative memory (17), also known as
content-addressable memory. In psychology, associative memory refers to the aptitude for linking
and recollecting numerous sets of unconnected items, also known as memories. If furnished with
a subset of items derived from a specific memory, an organism possessing associative memory can

1



retrieve the remaining items associated with that particular memory. Such memory retrieval in
human brains is also triggered by cue/ prompt. Contextual cues are essential to successful memory
recall in brain and increase the accessibility of memory (49).

In the realm of machine learning, memory models (17; 22; 46; 21; 35; 23) have been widely
studied for a long time. Two fundamental models are Hopfield Network (17) and its extension,
sparse distributed memory (22). Generally, the memory retrieval process in these models is executed
by updating neuron configurations through a predetermined rule to minimize the network’s energy.
This retrieval process can also be viewed as pattern recognition (23). An input is perceived as a
query related to patterns stored in the model’s memory, and the model generates a prediction by
recalling its memory based on the query.

Through the lens of memory models, we demonstrate that ICL with self-attention (50) in LLMs
can be interpreted as retrieving patterns from associative memory of Hopfield Networks with context.
Correspondingly, we establish a theoretical framework and analyze retrieval error, i.e., downstream
performance via ICL. Within our contextual retrieval framework, we look into the influence of
in-context exemplars on performance of ICL both theoretically and empirically. We justify why
randomly choosing exemplars can work especially given enough exemplars. Our analysis also suggests
that different from supervised learning, ICL will not necessarily have better performance with more
exemplars, which depends on the chosen exemplars. Moreover, we further propose efficient Active
Exemplar Selection which achieves better performance with much fewer exemplars than random
selection.

2 Brief Review of Hopfield Networks

Hopfield Networks (HNs) (17) were introduced to store and retrieve information. The standard
HN (17) consists of a neural network of N neurons that can in total store M binary patterns of
dimension D. Memory ξ is denoted as an array of stored pattern vectors, i.e., ξ = [m1, ...,mM ],
where ξ ∈ RM×D. During the retrieval process, the configuration of neurons is fixed to the query
pattern (e.g., incomplete mi), and an update rule f for σ is defined to retrieve the similar or the
same pattern to the query. Each update lowers the energy function E of the network, which belongs
to the Ising spin-glass model (41) in physics. The energy is expected to converge to an attractor
state (local minimum) through repeated updates. Eventually, HNs will return the pattern from its
memory that is the most similar to the input. Additionally, HNs are similar to humans’ memory
system. The neuron’s state corresponds to the firing rate or activity level of biological neurons. The
weights of the network correspond to the strength of the synaptic connections between neurons in the
brain. Similar to HNs, memories in brains are stored in a distributed manner across many regions
and neurons. There are associative areas storing relations between features. Complex memories can
then be recalled to generate predictions based on partial cues or associations (3; 2) just like HNs.

3 ICL as Contextual Retrieval

This section presents a formulation of ICL as pattern retrieval based on context from memories of
modern Hopfield Networks (MHNs)(35; 23; 29). Brief overview of Hopfield Networks is provided in
Appendix 2. In this section, we first give a formal setup of ICL. For a pre-trained language model
whose parameters are denoted as θ, given an input x, the model will predict ỹ for ground truth by
conditioning on the query and a context sequence containing K exemplars that are drawn from an
accessible labeled dataset D(x,y) (each exemplar ei = (xi, yi)). Formally, we denote the sequence of
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all K in-context exemplars e, i.e., e = e1, ..., eK . We can then have

ỹ = argmaxyP (y|e,x, θ). (1)

From the perspective of HNs, the input string [e,x] is a cue to the associative memory. The
feed-forwarding process in the language model is to reconstruct the completion ỹ of x that aligns with
patterns of context e by recalling information stored into the model’s memory during pretraining.
For LLM, the pretraining is implemented as predicting masked/ next tokens of sentences, which is
essentially teaching the model to reconstruct completion based on context like HNs.

To demonstrate the close relation between ICL and retrieving from HNs, we first extend the
model definitions discussed by Ramsauer et al. (35); Millidge et al. (29) to construct a Hopfield
Network with Context (HN-C). We then show that contextual retrieval from HN-C is equivalent to
self-attention in LLMs. To incorporate context in HNs, we consider stored patterns in memory as
applying a linear transformation to raw vectors with a memory matrix, which is different from past
frameworks (35; 23; 29) that assume a static array of stored patterns. Thus, in our case, context
patterns are dynamically defined depending on the input context. It is also important to note that
retrieval does not necessarily mean extracting the exact stored patterns in memory without loss,
but rather involves the induction of completion based on the input patterns that are typically not
fully identical to the stored memories (23). Actually, contextual retrieval setting is indeed how the
human brain retrieves episodic memory (36).

Formally, we denote some underlying query vector of input strings by σ ∈ Rdm . We define
there are M context vectors λi ∈ Rdm which are represented by a matrix Λ ∈ Rdm×M . We define
memory matrix ξQ ∈ Rdm×dq and ξK ∈ Rdm×dq respectively for query vector σ and context vector
λ. We further define Z := ξTKΛ and each column vector z is context pattern. Accordingly, we
have u := σξQ as query pattern. We then define the update rule for u of the model based on the
Universal Hopfield Network (29) as follows:

unew = sep(γ sim(u, Z))ΛT ξK , (2)

where γ is a scalar value, sim is a similarity function and sep is a separation function. We set sim
as dot production and sep as softmax function. Then the update rule can be further specified as
Eq. 4.

unew = softmax(γ uZ)ΛT ξK (3)

= softmax(γ σξQξ
T
KΛ)ΛT ξK (4)

This formulation can be converted to self-attention by applying a linear transformation to unew, i.e.,
unewWv = softmax(γQKT )V, where we write σξQ = Q, ξTKΛ = KT and ΛT ξKWv = V. Therefore,
the update rule for contextual retrieval from HNs can be equivalent to self-attention through simple
conversion. For self-attention, query pattern is Q and the context pattern is namely K.

Pattern Retrieval From the perspective of memory models, ICL can be reinterpreted as retrieving
underlying patterns of input based on context vectors λ following the update rule. This interpretation
is focused on the association among neurons in some middle layer of the model, where the hidden
states at each token position may encode some unique information (1). Query and context are
thus assumed to be encoded into separate vectors. The retrieval process consists of the following
stages. (1) Query vector σ and context vectors λ are mapped to the associative space through linear
transformation with ξQ and ξK to reveal underlying patterns. (2) Then a similarity score between
u and z is computed to measure their mutual closeness in the associative space. Dot product is
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considered as the similarity function for self-attention. (3) An exponential separation function,
i.e., Softmax is computed to stress the prominent context patterns that have higher similarity
scores. (4) After separation, unew is computed as a weighted sum of context patterns. There can be
repetition in context patterns (which means some zi = zj). So more frequent context patterns might
thus have a larger contribution to the weighted summation.

Definition 1 (Query-Context Separation) For zi, δ := uzi − uzj , where zj ̸= {zi|i ∈ [1,M ]} and
i, j ∈ [1,M ].

We then establish the distinction in similarity scores between context patterns and query patterns
as a metric for evaluating the degree of separation between two context patterns with respect to
the query pattern. The larger δ is between zi and some other patterns zj , the easier it will be
for zi to be matched by the query pattern u. Moreover, we define the pattern retrieval error as
∥f(u)−u⋆∥, where f is the update rule for the query pattern and u⋆ is the corresponding underlying
ground-truth pattern of y in the same associative space to u. It is assumed that both the query
vectors and context vectors follow some distribution within the pre-trained model, allowing the
model to effectively capture and represent their patterns. Different from the defined error of HNs in
(35), we consider a general case where uT is not necessarily in {zi|i ∈ [1,M ]}.

3.1 Prompting Performance as Retrieval Error

Theorem 1 (Retrieval Error) For some zi that has t instances, i.e., t =
∑M

j=1 1{zj = zi}.
The ground-truth pattern u⋆ = (zi + ∆z)T . We define c := exp(−γ(uzi − maxzi ̸=zjuzj)) =
exp(−γδmin), and zmax = max(z1, ..., zM ). The retrieval error ϵ := ∥f(u)− u⋆∥ is then bounded by

[0, ∥∆z∥+ β∥zmax∥], where β =

(
1−

(
1 + c(M−t)

t

)−1
+ c(M − t)

)
and β ∝ cMt

The proof is displayed in Appendix A. We can see the upper bound consists of two parts,
i.e., ∥∆z∥ and β∥zmax∥. We name ∥∆z∥ as Instance Error which directly reflects the match
between a context pattern zi and the target pattern u⋆. On the other hand, β∥zmax∥ is named as
Contextual Error that mainly indicates the separation of zi from other context patterns (remind
that β ∝ cMt = exp(−γδmin)

M
t ), i.e., how easy for the model to rely on zi more for the retrieval.

Additionally, when t = 1 and ||∆z|| = 0, we are directly retrieving the pattern from context patterns
stored in the HN. We next discuss two primary questions on ICL, utilizing our retrieval framework
as a foundation, and offer some theoretical predictions.

How does the relation among context patterns influence retrieval error? We first assume
the instance error is already acceptably small, otherwise the decrease of the contextual error in the
upper bound can be trivial to the total error. Then from Theorem 1, given the ∥zmax∥, the contextual
error is proportionate to cMt . Recall that c = exp(−γ(uzi − maxzi ̸=zjuzj)) = exp(−γδmin). When
δmin is larger, the context pattern zi is well separated from other distinct context patterns for the
query pattern u. zi will be more prominent when conducting softmax in Eq. 4 and the upper bound
of ϵ will be lower, which indicates the potential of smaller error.

How does the number of context patterns influence retrieval error? With the increase
of M , M

t and c may change accordingly depending on newly introduced context patterns. Given
the instance error, this fluctuation leads to the different tendencies of the upper bound, which
means varied potential of the actual error. When context vectors are randomly sampled from the
distribution, larger M is often observed to enable generally better performance of ICL (30; 5; 56).
However, chances are that if one context pattern zi already has minimum instance error, larger M
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may lead to declined performance due to the introduced contextual error from other context patterns
(i.e., increased M

t and c). We empirically show this in Sec. 4.2. Thus, the influence of M can be
uncertain depending on chosen context patterns.

3.2 Implications on Exemplar Selection

This section analyzes the default random selection based on our retrieval framework. We first detail
the definition of exemplar selection.

Definition 2 (Exemplar Selection) For an input query x and output y sampled from distribution
p(Dte) of task T , a set of K exemplars Scontext is selected from training data Dtr

(x,y) to minimize
ℓ(y, ỹ), where ỹ = argmaxyP (y|e1, ..., eK ,x), ei = (xei , yei), ei ∈ Scontext.

We assume p(Dte) ≈ p(Dtr
(x,y)) ≈ p∗ that is the population distribution. We also regard patterns

as latent variables that underlie string sequences.

Random Selection. Random selection is the default method (5) that can be considered as
sampling exemplars from p(Dtr

(x,y)). When K is large enough, we assume p(Scontext) ≈ p(Dtr
(x,y)) ≈ p∗.

Accordingly, the mode of context patterns, i.e., argmaxz
∑M

j=1 1{zj = z} may approximate the mode
(denoted by ẑ) of the pattern distribution of samples from p∗. Then for the upper bound of retrieval
error ϵ with zi = argmaxz

∑M
j=1 1{zj = z}, the instance error can be approximated to the error

given by ẑ, i.e., ∥∆z∥ ≈ ∥ẑ − (u∗)T ∥. Because ẑ may more or less be relevant to (u∗)T when they
follow the same pattern distribution, with sufficiently large K, random selection may give a decent
retrieval error. On the other hand, when K is small, random selection may perform poorly and have
great variance depending on sampled exemplars. We provide empirical verification of our theoretical
prediction in Fig. 1 of Sec. 4.2.

Metric-based Selection. For this approach, a metric function is employed to measure the closeness
of query x and xe that is the query in an exemplar and to choose more similar e accordingly (45;
16; 26; 40). The choice of the metric function is heuristic. One of such approaches is to measure
semantic closeness (26; 40), which assumes that semantically similar queries imply similar patterns
as well for a task T . But this assumption is likely to collapse for some tasks (see experiments in
Sec. 4.2).

3.2.1 Active Exemplar Selection

As has been discussed, the problem with random selection is its great variance, which requires
sufficiently large number of exemplars to be effective. However, the number of exemplars is constrained
by token limit of the model, making random selection fail in some cases. Thus, we are motivated to
directly sample exemplars with lower expected value of instance error to reduce the upper bound
of ϵ. Inspired by active learning (39), we propose Active Exemplar Selection that is task-agnostic,
parameter-free and fast at inference. First of all, a value function is defined for an exemplar ei from
Dtr,

v(ei) = E(x,y)∼p∗s(F (ei, x), y) (5)

s is a task-specific score function (e.g., F1 score) and F stands for LLM. The value function is meant
to measure the expected value of the instance error of patterns at the data level (i.e., assuming
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v(ei) ∝ E∥∆z∥). However, it is hard to directly compute v(ei), we then use Monte Carlo Method to
estimate it in the training dataset.

v(ei) ≈
1

N − 1

N−1∑
j=1, j ̸=i

[s(F (ei, xj), yj)], (6)

where N is the size of training data Dtr and (xj , yj) ∼ p(Dtr). Finally, K exemplars with the highest
v(ei) on Dtr are selected as the context. In this way, exemplars with high v(ei) will be directly
chosen that tend to contain the mode pattern of the distribution. Therefore, active selection can be
less noisy and require smaller K to reach ∥∆z∥ ≈ ∥ẑ− (u∗)T ∥ than random selection (see Fig. 1). To
make the algorithm more tractable when |Dtr| is very large, instead of using all data, a sufficiently
large pool of candidates for comparison can be formed by random sub-sampling of Dtr. All in all,
active exemplar selection is expected to be a more reliable replacement of default random selection.

4 Experiments

4.1 Experimental Setup

Datasets. We conduct experiments on two types of common tasks in NLP, each of which has
two different datasets. For constituency parsing, we use the Penn Treebank corpus (27) with the
standard splits (2-21) for training containing 39832 sentences, 22 for validation, 23 for test). PTB
is an often-used benchmark for constituency parsing in English. The corpus is collected from a
variety of sources including stories, news, and scientific abstracts. To evaluate our approach in a
specific domain, we employ the Colorado Richly Annotated Full-Text (CRAFT) corpus (8) that
consists of biomedical journal articles and contains 21121 sentences in total. We randomly split the
CRAFT corpus into a training set and a test set following the ratio of 6:4. For question answering,
we use challenging MedMCQA (32) and MedQA (18) that involve multiple choices on professional
biomedical knowledge. We expect those two datasets are harder for LLM to answer with zero-shot
prompting, making the effects of in-context exemplars more noticeable.

Implementation. We employ Code-Davinci-002, known as Codex (7) and GPT-3.5-turbo, i.e.,
engine for ChatGPT. For evaluating parsing tasks, in all cases, we report sentence-level unlabeled
parsing F1 that is computed separately for each sentence and then averaged across the dataset.
For question answering, we report average accuracy over all test data. In terms of configuration of
prompting, we use 20 exemplars for constituency parsing, while 5 exemplars for medical QA given
longer context and queries. We employ GPT-3.5-turbo for QA given its more updated training
data and ability of following instructions. For active exemplar selection, we randomly sample 100
cases from training data for our estimation of expectance. The score function is F1 for parsing and
accuracy for QA.

Baselines. To evaluate the effects of our proposed active exemplar selection on ICL, we consider
four baselines for comparison: (1) the default random exemplar selection (5) that randomly samples
exemplars for each test case; (2) semantics-based approach (26; 40) where the relatedness of an
exemplar to the input query is decided by computing distance between embeddings and the exemplars
with the closest embedding will be chosen; (3) language-modeling-based approach (42) that employs
probability p(u|ui) output by a large language model where u is a test input and ui is an exemplar.
At inference time, both the LM-based method requires traversing partial or all training exemplars to

6



1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Number of exemplars

30

40

50

60

70

80

F1
 (%

)

random
active
instance best

Figure 1: The relation between the performance of ICL with different exemplar selection methods
and the number of exemplars (i.e., K). Apart from random selection and proposed active selection,
we assume the oracle access to ground truth so as to select the best exemplars for each query (denoted
as “instance best”).

choose the one giving the highest probability, which can be very time-consuming. (4) BM25 (38)
that is a bag-of-words retrieval function to calculate and select exemplars more relevant to the input
query.

4.2 Results

Dataset PTB CRAFT
Model Codex Chat Codex Chat
Random 71.23 69.68 58.44 57.23
Semantic 72.11 70.02 57.36 57.11

LM 71.02 69.73 57.23 56.84
Active Selection 73.92 73.61 62.98 61.65

Table 1: F1 score on PTB and CRAFT with different methods of exemplars selection.

Downstream Performance. The results are shown in Table 1 and Table 2. Our active selection
method enables both LLMs to greatly outperform the other baselines. In Table 1, for ChatGPT, the
improvement can achieve around 4%. This demonstrates that choosing useful in-context exemplars

Method\Dataset MedQA MedMCQA
Zero-shot 43.45 41.59
Random 60.01 54.59
BM25 60.43 56.29

Semantic 60.33 56.14
Active Selection 62.51 59.86

Table 2: Accuracy on MedMCQA and MedQA with different methods of exemplars selection. For
zero-shot prompting, no exemplars are used.
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help LLM better induce patterns based on its memory. Additionally, semantic-based selection
and LM-based selection give similar performance to the random selection. The assumption of
semantic-based selection is that semantically similar data shall contain related task-specific patterns.
However, this assumption seems to fail in our evaluation on constituency parsing. In comparison,
our proposed active selection requires no such pattern-wise assumption and can directly choose
exemplars containing common patterns for a dataset. In Table 2, the performance on both datasets
can be improved by 1% to 2% compared with using random exemplars. On MedQA, BM25 and
semantic-based selection perform slightly better than random selection. Additionally, using exemplars
significantly increases the performance of zero-shot prompting. This demonstrates that LLM may
have encoded answers during training and in-context exemplars help increase the accessibility of
encoded knowledge through ICL.

Effects of K. We conduct experiments with different number of in-context exemplars. The results
are shown in Fig. 1. The performance of ICL increases with more exemplars for random selection
and active selection. Recall in our theory in Sec. 3.2, we consider the drawback of random selection
is it needs larger K to reach an optimal status where the mode of exemplars approximates the major
patterns of the population. Fig. 1 verifies our reasoning and demonstrates the random selection can
achieve a decent performance when K is large enough. In comparison, our proposed active selection
gives much better results even with smaller K. This verifies our thoery that active selection can
directly capture exemplars that may contain the common patterns. Active selection is thus especially
helpful to cases where a large amount of labeled data are available, while the toke limit only allows
a few exemplars to be fed to LLM.

Comparison with oracle exemplars. For each query instance, we also assume the access to
ground truth and rank training data that can give the best performance when used as the only
exemplar for the query. We report the average result in Fig. 1. When K = 1, such oracle method
gives the best result, while the performance drops immediately with additional exemplars and starts
to stagnate. This can be due to the increased contextual error. Including more optimal exemplars
turns out to give similar performance to random selection and active selection. Therefore, different
from supervised tuning, for ICL more exemplars do not always guarantee a better performance,
which depends on added exemplars. Additionally, the observation indicates when knowing the
optimal exemplar for a query (which is likely to be impossible in practice), we do not need many-shot
prompting. However, for cases with no access to such information, simply increasing K may actually
be a good strategy for better performance.

5 Biological Plausibility of ICL as Memory Retrieval

The process of ICL in LLMs exhibits similarities to the memory retrieval process in the human
brain, both of which involves the use of prompts or cues related to targeted information to retrieve.
This section shows some phenomenon-level biological plausibility of ICL. Similar to LLMs, human
memory retrieval also heavily depends on contextual cues for successful recall (49; 12; 15; 44).

Human’s memories can actually exist in a state of being available but inaccessible (48) (compare
performance of “Zero-shot” with other methods in Table 2). When some information cannot be
recalled with internal cues (i.e., without external hints), such as in free recall tasks, it is considered
inaccessible. However, external cues, e.g., category cues related to the target items to recall, can
greatly increase the accessibility of memory. Likewise, LLMs can provide answers to questions that
they initially fail in zero-shot prompting scenarios when given related in-context exemplars. The
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query together with in-context exemplars can also be viewed as partial information cues for memory
retrieval, providing incomplete or fragmented versions of the target (20; 19). Additionally, the
cue-to-target similarity, also known as encoding specificity, is critical to the likelihood of successful
recall for human brain (49; 31). Similarly, LLMs that are trained through language modeling may
exhibit such requirements for in-context exemplars (52).

For humans, prompts are typically extralist cues, originating from a different list of stored
memories to be retrieved. But extralist cues can still be effective if they are relevant to the
target (49; 31). Similarly, in the case of ICL, it is uncommon to encounter context and target output
that exactly match the training data. However, by providing relevant exemplars, LLMs may still
capture underlying patterns of query with the guide of in-context demonstrations and generalize to
unseen cases.

6 Related Work

Associative Memory Models. Models of associative memory have the capability of recalling its
learnt patterns stored in memory for an incomplete input and then recovering it. Hopfield Network
(HN) (17) was the first introduced type of artificial neural network used for associative memory.
It consists of one neural network layer and has binary memories. Memory retrieval is performed
through a forward pass following an update rule, which can decrease the energy of the network. An
extension of HN is Sparse Distributed Memory (SDM) (22), which stores memories in an ’Address’
matrix and a ’Pattern’ matrix as well. Self-attention of Transformer (50) is shown to work similarly
to SDM (4). Recently, the memory capacity and capabilities of memory models have been raised to
a new level. Krotov and Hopfield (23) developed Dense Associative Memory for pattern recognition
and showed the duality between the associative memory model and a feedforward neural network.
Ramsauer et al. (35) generalized HNs to continus inputs, whose model is known as Modern Hopfield
Network (MHN). Ramsauer et al. (35) demonstrates retrieving patterns from MHN is the same as a
feed-forward pass in self-attention (50).

In-Context Learning. In-Contex Learning (ICL) is the ability of language models to induce
answers from given demonstrations without weights updating in supervised tuning. ICL is shown to
exist in both small language models (e.g., a vanilla Transformer) (13) and large language models (5).
Explaining how ICL works for LLM is a fundamental while challenging topic. Currently, there is
still no consensus on the mechanism of ICL despite the popularity of LLM in applications. Some of
past works (51; 9) propose that ICI is doing implicit gradient descent and theoretically showing that
the hidden states of some neurons can be approximately the same as gradients in back-propagation
during training. Pan (33) empirically investigates ICL by disentangling it into task recognition and
task learning. Some other works cast ICL to Bayesian Inference (55). But those works are mainly
tested on a small language model with simple regression tasks, which might not work for LLMs.

Language Models as Memory Networks. Language Models (LMs) have been shown to encode
extensive knowledge in their weights (34; 28; 37) through pretraining and can answer factual questions
with zero shots or few shots (25; 43). The output of feed-forward layer in Transformer is demonstrated
to consist of its stored memories (14). There are works (53; 47) that leverage LM for Information
Retrieval (IR) by mapping IR tasks to sequence-to-sequence generation tasks and can obtain superior
performance. There are also works (24; 10) that construct memory networks for natural language
processing tasks and achieve decent performance as well.
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7 Conclusion

In this work, we investigate the influence of in-context exemplars on ICL via viewing in-context
learning (ICL) of large language models through the lens of models of associative memory. We
have shown that in-context learning can be theoretically equivalent to contextual retrieval from
a Hopfield Network. We then give theoretical and empirical analysis of formulating exemplars
for better downstream performance via ICL and propose more efficient Active Exemplar Selection
approach. All in all, our work interprets ICL as contextual retrieval from memory which enables
the theoretical analysis of correlation between exemplars and performance of ICL. By linking recent
LLMs to biologically plausible Hopfield Networks, our work may shed new light on understanding
LLMs.

8 Limitations

Although we show some convergences between ICL and HNs, our theoretical framework exhibits a
high level of abstraction, primarily focusing on a single layer of self-attention and neglecting the
influence of order of exemplars. The connection between our theory and proposals may not be strong
enough. We aim to provide more theoretical and empirical evidence in linking ICL and HN as our
future work. This work aims to provide explanations rather than precise predictions regarding the
impact of context in ICL and may serve as a framework to conceptually analyze in-context learning
of LLMs.
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A Proof of Theorem 1

Proof :

∥f(u)− u⋆∥ = ∥∆z + zi − t[softmax(γ u,Z)]izi −
M∑

j, zj ̸=zi

[softmax(γuZ)]jzj∥

= ∥∆z +

(
1− t

exp(γuzi)∑M
j exp(γuzj)

)
zi −

M∑
j, zj ̸=zi

exp(γuzj)∑M
k exp(γuzk)

zj∥

= ∥∆z +

(
1− t

1 +
∑M

j, j ̸=i exp(γ(uzj − uzi))

)
zi −

M∑
j, zj ̸=zi

exp(γ(uzj − uzi))

1 +
∑M

k, k ̸=i exp(γ(uzk − uzi))
zj∥

For zi, δmin = uzi − maxzi ̸=zj (uzj) and recall t =
∑M

j=1 1{zj = zi}, so we can get,

1− t

1 +
∑M

j, j ̸=i exp(γ(uzj − uzi))
≤ 1− t

t+ (M − t)exp(−γδmin)
= 1− 1

1 + M−t
t exp(−γδmin)

.

For zj and zj ̸= zi,

exp(γ(uzj − uzi))

1 +
∑M

k, k ̸=i exp(γ(uzk − uzi))
≤ 1

exp(γδmin)
= exp(−γδmin).

Then, for the retrieval error, we can have,

ϵ ≤ ∥∆z∥+

(
1− 1

1 + M−t
t exp(−γδmin)

)
∥zi∥+ exp(−γδmin)

M∑
j, zj ̸=zi

∥zj∥.

Let c := exp(−γδmin) and zmax = max(z1, ..., zM ). Then,

ϵ ≤ ∥∆z∥+

(
1− 1

1 + c(M−t)
t

+ c(M − t)

)
∥zmax∥.

Furthermore, − 1

1 + c(M−t)
t

+ c(M − t) ∝ c

(
M

t
+ (M − t)

)
,

Therefore, ϵ ∝ c
M

t
, given ∥∆z∥ and ∥zmax∥.

Thus, we have proved the upper bound of the retrieval error. For the lower bound, if u⋆ is
retrieved without loss, the error will be naturally zero.
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