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Abstract

Large language models (LLMs) demonstrate an impressive ability to utilise information
within the context of their input sequences to appropriately respond to data unseen by
the LLM during its training procedure. This ability is known as in-context learning (ICL).
Humans and non-human animals demonstrate similar abilities, however their neural archi-
tectures differ substantially from LLMs. Despite this, a critical component within LLMs,
the attention mechanism, resembles modern associative memory models, widely used in
and influenced by the computational neuroscience community to model biological memory
systems. Using this connection, we introduce an associative memory model capable of per-
forming ICL. We use this as inspiration for a novel residual stream architecture which allows
information to directly flow between attention heads. We test this architecture during train-
ing within a two-layer Transformer and show its ICL abilities manifest more quickly than
without this modification. We then apply our architecture in small language models with 8
million parameters, focusing on attention head values, with results also indicating improved
ICL performance at this larger and more naturalistic scale.

1 Introduction

Transformers (Vaswani et al., |2017) are a popular and performant class of artificial neural networks. Large
Language Models (LLMs), decorated exemplars of Transformers, have demonstrated impressive capabilities
in a wide array of natural language tasks (Brown et al.,2020). One particularly notable capability, known as
in-context learning (ICL), has gained significant attention. ICL, as witnessed in LLMs, occurs when a model
appropriately adapts to tasks or patterns in the post-training input data which was not provided during
the model’s training procedure (Lynch & Sermanet| 2021; Mirchandani et al., [2023; [Duan et al.l 2023).
This ability to immediately learn and generalise from new information, especially with only a single or few
exposures to new information, is a hallmark of sophisticated cognitive abilities seen in biological systems;
human and non-human animals are capable of rapidly adapting their behaviour in changing contexts to
achieve novel goals (Miller & Cohen, 2001; Ranganath & Knight), 2002; Boorman et all, 2021} Rosenberg
et al|, [2021)), and can infer and apply previously-unseen, and even arbitrary rules without significant learning
periods (Goel & Dolan) 2000; Rougier et al., 2005; Mansouri et al., [2020; [Levi et al.l |2024). Developing
models which connect our understanding of common mechanisms underlying these related phenomena in
both artificial and natural intelligence may provide valuable insights for developing more adaptive and
versatile language models, in addition to helping us more deeply understand the brain.

While various explanations have been proposed for how LLMs learn to perform ICL (Olsson et al., |2022;
Von Oswald et al.,[2023; |Li et al.,|2023; |Reddy} [2024), there has been little work to develop explanations which
also offer neurobiologically-plausible models of similar abilities seen in humans and non-human animals. One
exception to this is the recent work of|Ji-An et al.| (2024), which illustrates a connection between ICL in LLMs
and the contextual maintenance and retrieval model of human episodic memory from psychology. This model
proposes that memory items are stored as a contextual composition of stimulus- and source-related content
available during, and near-in-time, to a memory item’s presentation. The model comports with several
reported psychological phenomena in humans (Lohnas et al., [2015; |Cohen & Kahana) 2022, |Zhou et al.
2023)), and can be constructed using a Hebbian learning rule (Howard et al.l [2005). Hebbian learning (Hebb),
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1949), that neurons which ‘fire together, wire together’, is foundational to the theoretical underpinnings of
associative memory models (Nakano, [1972; |Amari, [1972; |Little, 1974} [Hopfield, 1982), which propose that
memory items are stored by strengthening the connections between neurons which become activated during
and near-in-time to the stimulus corresponding to memory items’ presentations. How associative memory is
neurophysiologically implemented is well-studied (Amit), [1990; Buzséki, 2010; Khona & Fietel 2022 [Burns
et al, 2022), and this is complemented by a well-developed theoretical literature, including work noting the
close resemblance to a core ingredient of LLMs, the attention mechanisms of Transformers (Ramsauer et al.,
2021} Bricken & Pehlevan| 2021; Kozachkov et al., [2022; |Burns & Fukail, |2023; [Burns), [2024]).

Given these existing links, further developing connections between the framework of associative memory and
ICL may offer deeper insights or improvements. In the following sections, we:

e introduce a one-layer associative memory model which can perform ICL on a classification task, and
which analogously allows attention values to directly represent input data;

e using the same task, and inspired by our explicit associative memory model, show how creating
a residual stream of attention values between attention heads in a two-layer Transformer speeds-
up ICL during training (compared to the vanilla Transformer and applying the same technique to
queries or keys); and

o demonstrate that naively applying the same idea in small language models (LMs) indicates ICL
performance improvements scale to larger models and more naturalistic data.

A central theme in our innovation is a focus on the role of values in the attention mechanism, and archi-
tecting a simple ‘look-back’ method in the form a residual connection of values. Residual connections, also
known as ‘skip’ or ‘shortcut’ connections, can be described as those which connect neurons which are other-
wise indirectly connected through a more prominent pathway. First identified in experimental neuroscience
(Lorente de N¢| [1938) and considered since the dawn of theoretical neuroscience and artificial neural net-
works (McCulloch & Pitts, [1943; Rosenblatt, |1961)), researchers continue to find residual connections useful
in modern applications (Dalmaz et al.| |2022; [Huang et al.| |2023; [Zhang et al., |2024). A noticeable feature
of Transformers is its use of the so-called residual stream, wherein data, once processed by the attention
and feedforward layers, is added back to itself. What can therefore be considered a ‘cognitive workspace’
(Juliani et al., [2022) has been shown to contain rich structure, amendable to popular (Elhage et al.l 2021)
and emerging (Shai et al., 2024)) interpretability methods. Our work illustrates that specific additional resid-
ual connections can lead to enhanced performance in ICL tasks, and we speculate it may also aid in future
interpretability efforts.

2 ICL classification with a one-layer associative memory network

Let X € R’ be the input sequence data, where e is the dimension of each token embedded within a suitable
latent space, and 4 is the number of tokens in the sequenceﬂ Each token is considered either an object, o,
or label, I. Input X consists of a sequence of multiple pairs of objects and labels. We say a pair of tokens is
a contiguous sub-sequence of two column vectors from within X, consisting of one object token followed by
one label token. For example, the j-th pair X’ € R°*? consists of one object token o/ € R¢ followed by one
label token I/ € R¢. Our input sequence X will therefore consist of multiple pairs, and each pair may appear
more than once. The final token of a sequence, denoted as z,, corresponds to the label token of the last pair,
which itself has appeared at least once prior to this final instance in X. However, the true label token data
of this final label token is replaced with the zero vector, and the network’s task is to correctly predict this
true label token given the previous in-context instance of the tokens’ data (as illustrated in Figure [Th).

The token embeddings, representing objects and labels, follows [Reddy| (2024), where all token embeddings
are drawn from similar statistical distributions. For every instance of a pair, label token embeddings comes
from fixed vectors, whereas object token embeddings are constructed from combinations of fixed and random

1We provide notation tables in Appendix
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vectors. Each label token [’ is an e-dimensional vector p;:, whose components are i.i.d. sampled from a
normal distribution having mean zero and variance 1/e. Each object token embedding, o*, is given by

i Mot En

o": ,
V1+e?

where p,i, which is fixed across all instances in X of the pair, and 1, which is drawn randomly for each
instance in X of the pair, are e-dimensional vectors whose components, like i, are i.i.d. sampled from a
normal distribution having mean zero and variance 1/e. The variable & controls the inter-instance variability
of objects and, in the following, is set to 0.1 unless otherwise stated. This means that the final, tested
instance of a pair has, as its object token, a slightly different appearance than the previous instance(s) seen
in X and is not a perfect match, where p,: provides the commonality between these variations. Adding
these variations makes the task less trivial and slightly more naturalistic.

We now show it is possible to perform ICL with such pairs in a single forward step of a one-layer associative
memory network, written in the language of a single Transformer attention head (Vaswani et al.| |2017)). To
show this, and for the benefit of subsequent sections, we briefly summarize the vanilla Transformer set-up.
In Transformers, each attention head consists of learnt parameters — weight matrices W2, W* e Rf*¢ and
W?v € R**¢ — with which, when taken together with the input data sequence X, we calculate the queries @,
keys K, and values V matrices using

Q=WIiX, K=WFX, and V=W'X.

The values £ and ¢ are the reduced embedding dimensions for the attention operation (i.e., to facilitate
multi-headed attention, etc.). Here we use £ = 0. As in the input data, e is the dimension of the unreduced
embedding space of the tokens.

It is then useful to define the SOFTMAX function for matrix arguments. For a matrix M € R°**, we write
t; := M]Ji,:] € R* for the i-th row and t; := M][:, j] € R¢ for the j-th column. Then, we define the SOFTMAX

function for a matrix M as SOFTMAX(M)[t;, t;] == %,
t X ot

indices. We use this to compute attention-based embeddings of the data X, denoted by X, as

where 7 and j are the vector component

- 1
X = SOFTMAX (\/EK Q) Vv, (1)

in which we refer to the term K7 Q as the scores S € R***. In Transformers and Transformer-based models
such as LLMs, this new data X is then recombined with data from other attention heads, before passing
through a multi-layer perceptron. Layers of attention heads and multi-layer perceptrons are stacked atop
one-another to perform increasingly sophisticated computations.

In our associative memory model, which we call Associative Memory for ICL (AMICL), we take inspiration
from the transformations applied to the input data X to create the basis of what can be considered (Ramsauer
et al., |2021) as an associative memory update step in Equation [1} Instead of using parameterised values, we
use a simple set of assignments for each token’s key, query, and value vectors. For all embedded tokens i < 4,
we set k; = ¢q; = % as the keys and queries, where lowercase Latin letters denote indexed column
vectors, taken from the matrices that are denoted with uppercase Latin letters. For simplicity, we wrap the
indices along the token sequence such that the first token, x1, and the last token, x,, are used to generate
the sub-sequence (z,, 1), i.e., we assign token index 0 to s. For token 4, with z, as the token column vector,
we set g, = az’a‘flfx‘ as the query and k, as the zero vector, which acts as its key. For all tokens, the values
column vector is equal to the token column vector, i.e., v; = x;. The value of a can be any arbitrary positive

real value, but, after testing within the range [0, 2], is set as a = 2.

We then perform next token prediction using the universal associative memory framework (Millidge et al.)
2022), which can be interpreted as a generalisation of Equation|l] In particular, Equation|l|in the universal
associative memory framework has the form PROJECTION(SEPARATION(SIMILARITY(K,Q)), V), where the
SIMILARITY function is chosen as a scaled dot product, the SEPARATION function is chosen as a SOFTMAX,
and the PROJECTION function is chosen as a product.
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Intuitively, AMICL can be thought of as implementing the algorithm illustrated in Figure First, we
identify the final pair, where the final token, z,, which should be a label token, has been set to the zero
vector (Figure , where ‘? represents the unknown token data and other tokens’ data are shown); second,
we consider all possible contiguous pairs in the context, e.g., (z3,x4), (24, 25), . .., without knowledge of their
data, which we as designers know will correspond to pairs like, e.g., (02,12), (I%,0%),... (Figure [Ib, where
each contiguous pair is enclosed by a yellow rectangle); third, we compare all of the contiguous pairs in the
second step with the final pair identified in the first step (which we are attempting to ‘pattern complete’),
and, upon seeing which context pair is most similar in final pair (in this example, (o!,!)), complete the
pattern appropriately by setting x, = I* (Figure )

mE]

Figure 1: Depiction of the AMICL algorithm on label-object pairs, consisting of three steps: (a) consider the
penultimate and final tokens as a ‘local pattern’ which has been ‘partially corrupted’ by the missing data in
the final token, illustrated by the black rectangle enclosing this final pair; (b) search for matching, ‘complete
local patterns’ by grouping all previous contiguous token pairs in the context, with each pair illustrated by a
yellow rectangle enclosing the tokens; and (c¢) complete the final, corrupted local pattern based on matching
to the nearest complete in-context pair, which in this case is (o','), so the final token data is assigned .

While setting a = 2 and PROJECTION = IDENTITY, we tested all combinations of:

e SIMILARITY € {DOT PRODUCT, PEARSON’S CORRELATION, MANHATTAN DISTANCE,
EUCLIDEAN DISTANCE}; with

e SEPARATION € {IDENTITY, SOFTMAX, ARGMAX}.

Manual inspection of the resulting attention matrices indicated that the DOT PRODUCT and
PEARSON’S CORRELATION similarity functions combined with the ARGMAX separation function provided
the cleanest ICL (see Figure [4 in Appendix |A| for an example). Varying the parameter a between 0 and
2 for both combinations showed that using the DOT PRODUCT similarity with ARGMAX separation function
resulted in practically perfect ICL ability at a > 1.5 whereas using PEARSON’S CORRELATION similarity with
ARGMAX separation function saturated at a performance level of ~ 85% accuracy for the ICL pairs task (see
Figure [5] in Appendix [A). Varying the token sequence length s between 10 and 1,000 shows no variation in
performance; varying the embedding dimension of the tokens e between 10 and 1,000 showed that for e > 50,
the ICL task performance was practically perfect (see Figure |§| in Appendix [A)).

3 Residual attention streams in a two-layer Transformer

Following the path of information from the input to the queries, keys, and values in the AMICL model (Figure
), we can see that the queries @ and keys K flow from a shared function f of the input X. Whereas, the
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values V are given directly by the input X. Seen through the lens of the traditional self-attention mechanism,
construction of the AMICL model in Section [2| can be interpreted as implying that creating the values V in
a way which more explicitly retains the prior input X can facilitate ICL. Inspired by this, we introduce a
residual connection between the values data of successive layers in the Transformer, which we call a residual
values stream and, more generally, a residual attention stream applied to values (Figure )

b)
Xn—l
a)
X Qn—l Kn—l Vn—l
I_ v v v
| Poi
Q K v Xn
Qn Kn Vn

Figure 2: Partial diagrams of (a) the AMICL model and (b) our residual attention stream architecture with
two Transformer layers, n and n — 1, shown here implemented for values (the added residual is shown in
green). Boxes represent variables. Full arrows represent functions, with overlaid circles indicating relevant
variables or functions (no circle is used for the identity function). Dotted arrows represent functions and
variables omitted in the diagram for space.

As an alternative source of intuition, one can consider the informal interpretation of self-attention as con-
sisting of: queries ‘asking each token a question about other tokens’; keys ‘responding to each token with
the answer to the queries’ questions’, i.e., they align with or ‘attend to’ the queries; and values giving the
(weighted) answers to those questions, which are operationalised as small additions to the current token
vectors. Within this informal conceptual model, we can consider our residual attention streams as retaining
additional ‘look-back’ information in the answers.

Our residual attention stream also generates additional gradient signals during training, which could them-
selves be beneficial for the network to develop ICL capabilities. We therefore also test the same residual
stream architecture, separately, for queries and keys. In principle, it is also possible to apply the residual
stream architecture to combinations of queries, keys, and values. But, to maintain a stronger connection to
the AMICL model, we focus on testing the residual value stream separately, as well as the keys and queries,
again separately, for comparison.

We train classic and modified versions of a two-layer Transformer on the same task described in Section
Following Reddy]| (2024])), the common architectural features between the two versions consist of two single-
head attention layers followed by a three-layer multi-layer perceptron with 128 ReLLU neurons followed by a
softmax layer to give probabilities over the (' labels. The network is trained with the same task as the AMICL
model, using the cross-entropy loss between the predicted and actual final label in token z,. Within the
modified architecture, we add the first attention head’s queries, keys, or values to the second attention head’s
queries, keys, or values, respectively. More formally, in our modified version of the Transformer architecture,
we calculate the first attention layer as

Qi =W!X, K =WFX, and V;=W/X,
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and then, in the second attention layer, for a residual queries stream we calculate
Qo =WiX +Q, Ky=WFX, and V,=WlX,
or for a residual keys stream we calculate
Qo =WiX, Ky=WFIX+K,, and Vo=W}X,
or for a residual values stream (shown in Figure 2p) we calculate

Q:=WIX, Ky=WFX, and Vo=WIX+VW.

As in [Reddy| (2024)), while we train on the originally-described ICL task, we create supplemental tasks
which are not used for training but rather act as proxy measurements of progress for different computational
strategies for completing the task: training data memorisation and ICL capability generalisation. Namely,
these supplemental tasks are:

o In-weights (IW): a series of object—label pairs is presented where the final pair is not found within
the prior context but is present in the training data;

o In-context (IC): a series of novel object—label pairs, not seen in the training data (i.e., an entirely
re-drawn set of p,: and gy values) but following exactly the same statistical structure, is presented,;
and

o In-context 2 (IC2): a series of object—label pairs are presented, where the objects are found in the
training data but have been assigned new labels (i.e., the objects retain their p,: values but the
labels have their u;: values re-drawn).

The reduced embedding dimensions of the attention operation are both set to 128, i.e., £,0 = 128. Each
network architecture was trained on four random seeds, with a batch size of 128, vanilla stochastic gradient
descent, and a learning rate of 0.01.

Figure 3| shows the accuracies for the task being trained (Test) and the three supplemental tasks (IW, IC,
and 1C2) for each architecture. It also shows the Test loss for all architectures and all loses for the values
residual stream architecture. For our residual attention stream modifications, we observe a general leftward
shift in all but the IW task, with the value residual stream architecture showing the largest shift. The
IW task also shows a slower learning rate, which can be attributed to the relative difficulty of the network
memorising the training data.

To quantify these shifts, we report statistics in Table [I| of when the first training snapshots we recorded
reached an accuracy threshold of > 0.95. We find the values stream networks perform best, reaching the
same level of accuracy as the classic (unmodified) networks with ~ 24% fewer training steps. The same result
is also seen at lower thresholds (see Tables[3|and |4|in Appendix |B|for thresholds of 0.5 and 0.9, respectively).
We also performed t-tests at the 0.95 accuracy threshold, which showed significant differences between the
performance of the classic (unmodified) network and the residual queries and values stream networks on
the IC and IC2 tasks (p < 0.01, t < —3.9), but not between the classic and residual keys stream networks
(p > 0.39, t > —1.0). The residual values stream networks also perform significantly better (p < 0.03,
t < —3.0) than all other networks on both the IC and IC2 task, except the residual queries stream network
for the IC task (p = 0.06, t = —2.33).

4 Residual value streams in a small language model

To provide an initial indication as to whether the benefit for ICL performance seen in Section [3] scales to
larger models and naturalistic data, we also test the residual value stream architecture by training small
LMs. The Transformer-based model contains approximately 8 million parameters spread over eight layers,
each with 16 attention heads. The context window is 256 tokens long and dimension of the model is 256.
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Figure 3: Accuracies and losses for the Test, IW, IC, and IC2 tasks over training time for the classic
(unmodified) network and residual queries, keys, and values stream networks. Dark lines represent means,
light lines represent individual trials.

Table 1: Mean + standard deviation of training snapshot number where accuracy first exceeded 0.95 for the
IC and IC2 tasks in the classic (unmodified), and residual queries, keys, and values stream networks. Fastest
training times are bolded.

Classic Queries (ours) | Keys (ours) | Values (ours)
IC | 64.5 £ 5.12 52.5 £ 1.5 61.75 + 0.83 49.0 £+ 2.12
IC2 | 63.25 £ 4.15 | 51.75 £1.92 | 61.25 £ 0.83 47.75 + 1.3

Next-token prediction is trained for three epochs on the Tiny Stories dataset, such that they can generate
simple and short children’s stories (Eldan & Li, [2023). Each network architecture was trained in three
separate instances, using different random seeds for each instance but controlling for randomness between
architectures by re-using the same set of seeds for the two architectures.

We implement the residual value stream in a naive way: in each but the first layer, the values of each
attention head receives an additional input of the values from the attention head with the same index in the
previous layeIEl Although there are alternative implementations of such residual streams, we chose a naive
and straightforward approach to provide an initial indication of the potential scalability of this architectural
change and to not alter the number of learnt parameters between the networks.

The residual values stream networks achieved 1.6540.05 training loss and 1.5540.01 validation loss, slightly
lower than the training and validation losses for the classic networks, which were 1.67 £0.05 and 1.56 £ 0.01,
respectively. Measured by wall clock computation tim(ﬂ the residual values stream networks also took

2Principally, the choice of which attention heads form the residual values stream is arbitrary given the independent nature of
each head. However, when implemented with multi-head attention, it is preferable to use the same head index for computational
convenience.

3Using a PC equipped with an AMD Ryzen Threadripper PRO 3975WX 32-Cores CPU, 130GB of RAM, and 4x NVIDIA
RTX A4000 GPUs.
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slightly longer to train, 30.18 £ 0.49 hours compared to 29.12 4+ 0.40 hours for the classic networks. This
additional computation time is attributable to the additional gradient computations required by the 16
additional residual streams connecting the attention head values at each but the first layer.

As a proxy evaluation of the ICL ability of each model in natural language, we utilise a simple indirect object
identification (IOI) task. In natural language, a direct object is the noun that receives the action of the verb
and an indirect object is a noun which receives the direct object, e.g., in the sentence “A passed B the ball”:
“passed” is the verb; “A” is the subject; “the ball” is the direct object; and “B” is the indirect object. In
the TIOI task, we test for correct completion of sentences like “When A and B were playing with a ball, A
passed the ball to”, where “ B” is the indirect object and is considered the correct completion.

GPT-2 Small can perform instances of the IOI task, and the circuit responsible for this ability has been
identified (Wang et al., [2023]). As shown in this section, our small LMs have some measurable ability to
complete instances of this task, and so we use this to compare the performance of the classic (unmodified)
and residual value stream architectures.

For the IOI task, we tested the following sentences:

1. “When John and Mary went to the shops, * gave the bag to”, where * was either “John” or “Mary”,
with correct completions “ Mary” and “ John”, respectively.

2. “When Tom and James went to the park, x gave the ball to”, where * was either “Tom” or “James”,
with correct completions “ James” and “ Tom”, respectively.

3. “When Dan and Emily went to the shops, * gave an apple to”, where x was either “Dan” or “Emily”,
with correct completions “ Emily” and “ Dan”, respectively.

4. “After Sam and Amy went to the park, * gave a drink to”, where x was either “Sam” or “Amy”,
with correct completions “ Amy” and ¢ Sam”, respectively.

For each sentence and variation thereof (swapping the identities of the subject and indirect object, as indi-
cated by the * symbol above), we recorded the next token probabilities of the correct and incorrect names.
As summarised in Table[2] we find the classic networks are much less capable than the residual values stream
networks — across the four sentences, the classic networks correctly identify the indirect object with a prob-
ability of ~ 7% while the residual values stream networks do so with a probability of ~ 41%, a ~ 590%
improvement. Similarly, the classic networks more regularly mistake the subject for the indirect object with
a probability of ~ 5% while the residual values stream networks do so with a probability of ~ 3%, a ~ 60%
reduction.

Table 2: Mean + standard deviation probabilities (%) of correct and incorrect responses to each sentence
for the IOI task for the classic (unmodified) and residual values stream networks. Best scores are bolded.

Classic Sentence 1 Sentence 2 Sentence 3 Sentence 4

Correct (higher is better) 11.73 + 15.62 11.88 = 9.09 3.83 £+ 6.09 1.54 £ 2.31
Incorrect (lower is better) 6.93 £ 5.70 7.99 £ 9.52 0.51 £+ 0.66 4.86 + 8.35
Residual values stream (ours) Sentence 1 Sentence 2 Sentence 3 Sentence 4
Correct (higher is better) 42.89 + 10.58 | 43.44 + 14.45 | 49.24 £ 9.89 | 28.56 £+ 5.92
Incorrect (lower is better) 5.68 £ 3.76 6.8 + 10.40 0.03 = 0.03 | 0.18 £ 0.15

5 Discussion

Our study builds upon the understanding of ICL in Transformer models by exploring connections to asso-
ciative memory models from computational neuroscience. We introduced AMICL, an associative memory
model that performs ICL using an approach akin to a single-layer Transformer attention head but with an
implied residual stream from the inputs to the values. This itself is notable given ICL is not typically seen in
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single-layer Transformers (Olsson et al., [2022). Inspired by this, we proposed a novel residual stream archi-
tecture in Transformers, where information flows directly between attention heads. We demonstrate this in
a two-layer Transformer, showing increased efficiency in learning on an ICL classification task. Moreover, by
extrapolating this architecture to a small Transformer-based LM, we illustrated enhanced ICL capabilities
are possible on a larger and more naturalistic scale.

Our results offer potential insights for neural network design and our understanding of biological cognition:

e Neural network architecture. The simplicity of our biologically-inspired architectural modi-
fication, attention residual streams, provides a promising extension for designing more adaptive
Transformer models. Given one can interpret this change as providing additional shared workspaces
across model layers (in the form of the additional residual streams), our results can also be viewed
as supporting cognitive functional specialisation and modularisation as being both natural and com-
monplace in neural systems (Kaiser & Hilgetag, |2006; |Chen et al.,2013]), which is also seen in cases of
highly distributed representations (Voitov & Mrsic-Flogel, [2022), of which natural language appears
no exception (Mikolov et al.| [2013; [Hernandez et al.,|2024]).

« Biological cognition. Drawing parallels between artificial networks and cognitive neuroscience
theories contributes to a deeper understanding of memory systems in biological entities. As we
have shown by our AMICL model, the associative memory framework is capable of ICL in a single
layer, with an implied ‘skip connection’ present between the input and the values. This suggests that
similar types of connections may analogously exist in biological networks to adapt and generalize from
limited exposure. For instance, associative memory is often related to the hippocampal formation
(Amit} [1989)), an area in the brain important for memory and learning. An open question in this
area of neuroscience is what the computational role of observed skip connections are. In particular,
while some information in the hippocampus goes directly from area CA3 to CAl, another area —
CA2 — is often skipped, but does receive input from CA3, which it then passes on to CAl (Cui
et al.l [2013]). This is interesting not just anatomically, but also functionally, since CA2 is considered
responsible for specialised tasks and context-switching (Dudek et al., [2016; Robert et al., |2018)).
Whether our AMICL model or residual attention stream modification can be considered analogous
to skip connections witnessed in the hippocampus remains to be studied. However, it offers a
promising window, e.g., one could now study the effects of changing the number and quality of
residual attention streams, to test whether connection types or relative proportions similar to that
seen in the hippocampus also show improved performance (for some types of data or tasks).

In establishing an additional potential mechanistic link between associative memory frameworks and ICL
tasks, this work builds upon the broader biologically-inspired interpretation of Transformer attention mech-
anisms (Ramsauer et al. [2021). Indeed, [Zhao| (2023) conjectures that LLMs performing ICL do so using
an associative memory model which performs a kind of pattern-completion using provided context tokens,
conditioned by the learnt LLM parameters. Using this perspective, |Zhao| (2023) constructs different token
sequences to be used as contexts to prepend onto the same final token sequence representing the tested task.
By actively choosing context tokens which more ‘closely’ resemble the final tokens the LLM is being tested
with, the LLM shows improved task performance, presumably by utilising the increased relevancy of the
context tokens for ICL. This perspective is further developed in |Jiang et al.[(2024]), who show how LLMs can
be ‘hijacked’ by purposeful use of contexts with particular semantics. When LLMs such as Gemma-2B-IT
and LLaMA-7B are given the context of “The Eiffel Tower is in the city of”, they successfully predict the next
token as “ Paris”. However, |Jiang et al.| (2024)) demonstrate that prepending the context with the sentence
“The Eiffel Tower is not in Chicago.” a sufficient number of times, these LLMs incorrectly predict the next
token as “ Chicago”. We may interpret these prepended data as acting (crudely) as ‘distractors’, and in the
associative memory sense as causing an over-activation of competing memory items which interferes with
accurate task performance.

Beyond associative memory, we also note potential connections with other computational neuroscience mod-
els. In particular, we observe that our model, AMICL, has some connection to successor representation,
particularly y—models, where the parameter a is somewhat similar to the « parameter (Janner et al., |2020)).
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Interestingly, a variant of the temporal context model, which was recently compared to ICL in LLMs (Ji-An
et all [2024), can be considered equivalent (Gershman et al., [2012) to estimating the successor representa-
tion using the temporal difference method from reinforcement learning (Sutton, [1988]). This suggests that
parametrising our residual stream architecture, e.g., by providing weighted sums of previous-layer values
(where the weights act like 7 variables) across multiple attention heads instead of the data from a single
attention head with the same index, and training these parameters using a reinforcement learning algorithm,
could provide further enhancements.

Future work may seek to more deeply understand our results in the context of varying the structure and
order of context tokens — in associative memory networks, and during inference and training of LLMs. Along
these lines, Russin et al.| (2024) recently showed that LLMs and Transformers exhibit similar improvements
as seen in humans on tasks with and without rule-like structures, depending on the order and organisation
of context and training tokens. In particular, ICL performance improved when context tokens appeared in
semantically-relevant ‘chunks’ or ‘blocks’, as seen in humans when completing tasks with rule-like structures.
Whereas, when training samples were interleaved, Transformers saw performance improvements (as measured
by the extent to which the network rote-learnt training examples), similar to humans completing tasks lacking
rule-like structures.

The performance improvements from introducing a residual values stream suggests that ICL can be thought
of as an associative process where continuous information reinforcement enhances model memory, efficiency,
and prediction accuracy on novel data. Nonetheless, this raises several questions. Firstly, more comprehen-
sive testing on varied datasets and different scales of language models can address whether the improvements
we observed generalise beyond our specific tasks and data setups. Further, it remains to be clarified whether
similar benefits manifest when dealing with other natural language processing tasks, such as sentiment anal-
ysis or translation, or whether there exist any trade-offs between ICL and other abilities. Additionally,
while these initial results present a compelling case for testing attention residual streams in larger models,
further exploration of optimisation parameter settings for such architectures would strengthen understand-
ing. Quantitative studies on computation cost versus accuracy improvements will also better-inform model
architecture design and selection for deployment in real-world scenarios, as well as potential competition
between learning flexibility and task accuracy.

In conclusion, this research demonstrates potential conceptual and practical advancements in enhancing
Transformers’ adaptive capabilities through a biologically-inspired mechanism. By bridging neural compu-
tational principles with associative memory insights, we offer new directions for research into more intelligent
and dynamic models, with potential improvements for LLMs. Our associative memory model and Trans-
former architecture not only bolsters existing computational frameworks, but also offers fertile ground for
computational neuroscientists to analyse the computational role of skip connections in memory systems. As
we progress, these interdisciplinary approaches may ultimately yield richer cognitive models that parallel, or
even emulate, biological intelligence.
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Appendix

A Extended figures
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Figure 4: Attention matrices for label-object pairs in AMICL, using different similarity and separation
functions with a = 2.
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Figure 5: Proportion of correct trials, tested over 1,000 trials for values between a = 0 and a = 2 in AMICL
for label-object pairs using the DOT PRODUCT (left) and PEARSON’S CORRELATION (left) similarity with the
ARGMAX separation function.
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Figure 6: Proportion of correct trials, tested over 1,000 trials for varying the values of the sequence length
(3, left) and token dimensions (e, right) between 10 and 1,000 in AMICL for label-object pairs using a = 2
with the DOT PRODUCT similarity function and ARGMAX separation function.

B Extended tables

Table 3: Mean + standard deviation of training snapshot number where accuracy first exceeded 0.5 for the
IC and IC2 tasks in the classic (unmodified), and residual queries, keys, and values stream networks.

Classic Queries (ours) | Keys (ours) | Values (ours)
IC | 51.0 £ 4.24 41.5 £ 2.29 49.75 £ 043 | 32.75 + 0.83
IC2 | 51.5 + 4.39 41.5 + 1.66 49.25 +£ 0.83 | 33.25 + 1.09
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Table 4: Mean =+ standard deviation of training snapshot number where accuracy first exceeded 0.9 for the
IC and IC2 tasks in the classic (unmodified), and residual queries, keys, and values stream networks.
Classic Queries (ours) | Keys (ours) | Values (ours)
IC | 59.25 £ 4.49 | 48.25 £ 1.48 57.5+ 0.5 42.25 + 1.3
IC2 | 59.0 + 4.53 48.0 £ 1.87 57.25 4+ 0.83 42.0 £ 0.71

C Notation and abbreviations tables

A comprehensive list of all notations and abbreviations used in this paper is provided in the tables below.

Abbreviations
LLMs large language models
ICL in-context learning
LMs langauge models
ii.d. independent and identically distributed
w in-weight
1C in-context
1C2 in-context 2
101 indirect object identification

CA1, CA2, CA3 cornu Ammonis 1, 2, 3
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Variables

The input sequence data X; € R°*’, with s column vectors, corresponding to the token embeddings,
each of dimension e. Where the subscript i is present, this denotes the data is taken from the i—th
Transformer layer, i.e., the residual stream data.

A token embedding z; € R°, where the subscript ¢ denotes the column position in the input sequence
X.

The token embedding z; € R’ of the final column, i.e., the final token, in the input sequence X.
An object token embedding o* € R?, where the superscript i identifies the object-label identity.
A label token embedding I* € R°, where the superscript i identifies the object-label identity.

A vector u; € R® whose components are i.i.d. sampled from a normal distribution having mean zero and
variance 1/ e. Used for constructing the token embeddings of object or label i, where for each object, o,
and label, I", the vector u; is fixed.

A fixed real number ¢ € R which controls the inter-instance variability of objects, and is set to 0.1 unless
stated otherwise.

A vector n € R whose components are i.i.d. sampled from a normal distribution having mean zero and
variance 1/e. Redrawn and used for adding inter-instance variability in the construction of each object
token embedding.

Query and key weight matrices W9, W* € R, respectively, of the i-th Transformer layer.
Value weight matrix W" € R**¢ of the i—th Transformer layer.

Queries matrix Q € R*** of the i~th Transformer layer, calculated using Wi and X;.

Keys matrix K € R**? of the i—th Transformer layer, calculated using W} and X;.

Values matrix V € R"*’ of the i—th Transformer layer, calculated using W} and X;.

The scores matrix, S; € R”**, which is equal to KT Q;.

A queries column vector, ¢; € R*, where the subscript ¢ denotes the column position in the queries
matrix Q.

A keys column vector, k; € R®, where the subscript i denotes the column position in the keys matrix
K.

A values column vector, v; € R", where the subscript ¢ denotes the column position in the values matrix
V.

Dimensions
Dimensionality ¢ € N* of each token embedding.
Number of tokens s € NT in the input sequence data X.
Reduced token embedding dimension £ € NT for keys and queries in the attention operation.
Reduced token embedding dimension ¢ € NT for values in the attention operation.

Number of unique labels £ € NT in the input sequence data X.
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