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Abstract—Autoregressive decoder-only transformers have be-
come key components for scalable sequence processing and
generation models. However, the transformer’s self-attention
mechanism requires transferring prior token projections from
the main memory at each time step (token), thus severely
limiting their performance on conventional processors. Self-
attention can be viewed as a dynamic feed-forward layer, whose
matrix is input sequence-dependent similarly to the result of local
synaptic plasticity. Using this insight, we present a neuromorphic
decoder-only transformer model that utilizes an on-chip plasticity
processor to compute self-attention. Interestingly, the training of
transformers enables them to “learn” the input context during
inference. We demonstrate this in-context learning ability of
transformers on the Loihi 2 processor by solving a few-shot
classification problem. With this we emphasize the importance
of pretrained models especially their ability to find simple, local,
backpropagation free, learning rules enabling on-chip learning
and adaptation in a hardware friendly manner.

I. INTRODUCTION

Recurrent Neural Networks (RNNs) and in particular trans-
formers have become essential components for a wide variety
of scalable sequence processing models [3], [11], [12], [31],
[37]. Transformers and their RNN-based variants have drawn
significant attention thanks to their ability to be massively
scaled [14], [15] and their ability to be used as foundation
models [5]. Their emergent ability to learn new input-output
functions during inference, also called in-context learning, is
believed to be at the heart of their performance capabilities
[34].

During inference, the self-attention mechanism of trans-
formers requires loading prior token caches from memory,
scaling poorly with the sequence length and leading to very
low arithmetic intensity (i.e. few compute per memory oper-
ations) [17]. Thus, there is a growing interest in designing
dedicated in and near-memory processors to accelerate trans-
former models [18], [20], [29], [35].

Transformer models consist almost exclusively of operations
that are easily realizable on neuromorphic substrates in a
local fashion. Specifically, they do not require weight sharing
or non-linearities except for the normalization and softmax
operation and activation functions.

Chips designed for in- and near-memory processing enable
the local storage of token caches, specifically the key and
value representations. This allows for immediate reuse of those
representations as weight matrices during subsequent token

processing steps, eliminating the need to transfer them to other
parts of the chip or retrieve them from external memory. Ad-
ditionally, autoregressive inference avoids the instantiation of
a full attention mask, which typically scales quadratically with
sequence length, thereby significantly reducing peak memory
requirements. These advantages underscore the potential of
in- and near-memory processing for autoregressive transformer
inference, while also introducing the need for dynamic weight-
memory adjustment mechanisms.

Furthermore, several studies have demonstrated activation
sparsity that naturally arises from softmax and rectified linear
unit (ReLU) activation functions [2], [22], [24], [27] which
can be leveraged for more efficient processing in event-based
architectures.

Transformers’ emergent ability to learn new input-output
functions during inference, also called in-context learning, is
believed to be at the heart of their performance. Analyzing a
linearized self-attention mechanism [1], [33] showed that they
have the capability of performing gradient descent on least
squares problems [10]. This line of work further demonstrated
that attention weight updates are indeed aligned with such
gradients, and can be generalized to more than one layer [34].

If inference in transformers is a learning process, then the
training of transformers is a meta-learning process that can
solve few-shot learning problems [6]. Interpreting transformer
training and inference as a meta-learning setup reveals the
simplicity of the learned inference rule, which reduces to
straightforward row-wise updates of weight matrices via linear
projections of the current representation. Crucially, this rule
operates without the need for backpropagation, loss-projection
layers, or other external mechanisms, while still allowing
weight updates across all layers, even in deep networks.

In summary, the transformer’s inference rule acts as a fully
local plasticity mechanism with minimal hardware require-
ments. Using this understanding, we implemented autoregres-
sive transformers on Loihi 2 [8], a digital neuromorphic near-
memory computing chip with event-based communication
and processing, by leveraging its local learning engine. We
demonstrate the transformer’s meta- and few-shot learning
capabilities, along with its potential for on-chip learning,
by solving a standard few-shot learning task based on the
Omniglot dataset [19].
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Fig. 1. Illustration of an Autoregressive Decoder-Only Transformer layer.

A. Related Work

Prior work [30] demonstrated few-shot learning of visual
patterns on the Intel Loihi 1 chip using Model Agnostic
Meta Learning (MAML) on spike-based convolutional net-
works. MAML computes the gradients of a local plasticity
rule on a training task set and optimizes the network for
one-shot learning. [13] demonstrate a related few-shot on-
line continual learning approach that learns new categories
by adding prototypes. In contrast to the above work, our
approach uses a transformer network and in principle being
generalizable to any sequence learning problem, whereas prior
work on the Intel Loihi chip were limited to classification
problems. Beyond digital architectures, several works [16],
[21], [26] explored the applicability of emerging memories
for Associative Memories (AMs) and Content Addressable
Memories (CAMs) to enable few-shot learning and adaptation
via Memory augmented neural networks (MANNs). Contrary
to MANNs, the transformer architecture has been demon-
strated to be predictably scalable [14], [15] achieving greater
performance at larger scale, while serving the same promise
of a few-shot, in-context adaptable architecture.

II. METHODS

A. Autoregressive Decoder-Only Transformer Inference

In this work, we focus on decoder-only transformer architec-
tures with a causal attention mask (Fig. 1). Each transformer
layer, connected via residual connections, consists of a self-
attention block and an multilayer perceptron (MLP) block.

Fig. 2. Illustration of the problem setup for the N -way K-shot few-shot
learning experiment. Following prior work [32], a support set of N image
samples is associated with K arbitrary labels. In our experiments, we used
the Omniglot dataset [19] instead of dog breeds.

The operations of a single-head attention block (H = 1)
with embedding dimension D at time t ≤ T are described
in Equations 1-6:

x⃗′
t = RMSNorm (x⃗t) ∈ RD, (1)[

q⃗t, k⃗t, v⃗t

]
= [Wq,WkWv] x⃗

′
t ∈ R3D, (2)

a⃗t = q⃗t

[
k⃗0, k⃗1, . . . , k⃗t

]T
= q⃗t K[0:t] ∈ Rt, (3)

p⃗t = softmax (⃗at) ∈ Rt, (4)

y⃗t = p⃗t [v⃗0, v⃗1, . . . , v⃗t] = p⃗t V[0:t] ∈ RD, (5)

z⃗t = Wo y⃗t + b⃗o ∈ RD, (6)

where the key and value matrices, K[0:t] and V[0:t], from the
so called KV-cache. Equations 7-9 describe the typical two-
layer MLP block with a ReLU as activation function:

x⃗′
t = RMSNorm (x⃗t) ∈ RD, (7)

y⃗t = ReLU (W1 x⃗′
t) ∈ R4D, (8)

z⃗t = W2 y⃗t + b⃗2 ∈ RD. (9)

Transformer variants with both LayerNorm and RMSNorm
exist. We chose to use the RMSNorm for it’s simplicity.
For training, the input sequence is processed in parallel
with a causal attention mask, leading to an attention matrix
A ∈ RT×T×H that scales quadratically in sequence length.
During inference, the sequence can be processed in a token-by-
token autoregressive manner without ever instantiating the full
attention matrix. Thereby, autoregressive transformer inference
resembles the inference mode of a recurrent neural network
with a matrix state, the KV-cache.

We implemented the transformer layer as described by
Equations 1-9, including support for multiple attention heads,
on Intel’s Loihi 2 chip [8]. The KV-cache and corresponding



Fig. 3. Illustration demonstrating the interpretation of the self-attention mechanism as local plasticity rule.

dynamic Vector Matrix Multiplications (VMMs) are imple-
mented as described in Sec. II-B. The normalization, softmax
and ReLU operation are implemented with custom neurons
that handle division and exponential operations written in
Lava-Loihi’s microcode.

B. Self-Attention as Local Plasticity Rules

In this section, we reformulate the dynamic self-attention
operation, specifically the construction of the KV-cache, as a
local plasticity rule for weight matrices. This approach reveals
the similarity between plasticity rules and the self-attention
mechanism, highlighting the local nature of the emerging
meta-learned learning rule. Figure 3 (left) shows that for
queries q⃗t and attention weights p⃗t, the KV caches, K[0:t] and
V[0:t], act as standard weight matrices for VMMs (Eq. 3, 5).
According the the input-output relation described in Equations
3 and 5 we define pre- and post-synaptic terms. For the Keys-
VMM (Eq. 3), q⃗t and k⃗t represent the pre-synaptic partner’s
activations, a⃗t the post-synaptic partner’s state. During the
plasticity process, this translates to k⃗t representing a pre-
synaptic trace x1, whereas the corresponding neurons a⃗i can
send a post-synaptic spike y0 to trigger the learning process
of it’s synapses. Similarily, for the Values-VMM (Eq. 5) we
can define p⃗ as pre-synaptic neurons and y⃗ as post-synaptic
neuron activations. Here, the values to be learned, v⃗, are sent
to the post-synaptic neurons and enter the plasticity rule as
a secondary, external factor y2. The corresponding neuron p⃗i
sends a pre-synaptic spike x0 to trigger the weight update.

Summarizing, we formulate the Key-learning rule as a two
factor learning rule with a pre-synaptic trace variable x1 and
a post-synaptic spike trigger y0, and the Value-learning rule
as a three factor learning rule with pre-synaptic spike trigger
x0 and post-synaptic external trace variable y2, allowing for
synapse local weight updates.

To demonstrate the applicability and usefulness of the pre-
sented local plasticity formulation we implement self-attention
on Loihi 2 [8] using it’s learning rule engine with aforemen-

tioned local plasticity formulation. Loihi 2 is a digital near-
memory computing chip with event based communication and
processing capabilities. Network architectures can be created
by connecting “Connection” and “Neuron” processes with
each other. It contains a programmable learning rule engine,
which supports local plasticity rules based on pre-and post-
synaptic spikes and trace values that can be combine in a
sum-of-product form. All projection layers are implemented
as Dense connection process, that operates as matrix for
VMMs. Listing 1 shows the setup of learning rules and
connection processes related to the dynamic part of the self-
attention operation. For the plastic key and value matrices we
instantiate LearningDense processes. The keys-connection
is equipped with a GradedSpikeCfg.OVERWRITE con-
figuration in order to write the the pre-synaptic k⃗t events
into the pre-synaptic traces x1. The keys- and values-learning
rule, lr_keys and lr_values, implement the operations
described above, adjusted for Loihi’s constraint of unsigned
traces. The addition of the terms “- y0 * w” and “- x0 *
y1 * w” allows for the implementation of sliding window
attention [4], where previous keys and values are overwritten
with a first-in first-out mechanism.

C. Meta-Learning with Transformers Setup

We demonstrate our model on a N-Way K-shot classification
problem, where the model is trained on K samples, or shots, of
N categories, out of all of the available samples and classes in
a dataset. The goal of this few-shot learning method is to train
a model that can classify new categories using K samples. The
experimental design of the N-way K-Shot learning problem
follows [32], where a support set consisting of K shots of
N categories is presented, followed by a query image and
constant “query” token. A similar setup was used in [7], except
here that images and labels are concatenated into the same
token as depicted in Figure 2.

We use a simple setup with a single hidden layer and
normalization to encode the input (a concatenation of the



1 # keys learning rule
2 lr_keys = Loihi2FLearningRule(
3 dw="2 * y0 * (x1 - 64) - y0 * w", ...)
4

5 # keys cache connection process
6 conn_keys = LearningDense(
7 weights=inital_keys, graded_spike_cfg=

GradedSpikeCfg.OVERWRITE,
8 learning_rule=lr_keys, ...)
9

10 # values learning rule
11 lr_values = Loihi3FLearningRule(
12 dw="x0 * y2 - x0 * y3 - x0 * y1 * w", ...)
13

14 # values cache connection process
15 conn_values = LearningDense(
16 weights=inital_values,
17 learning_rule=lr_values, ...)

Code Listing 1. Implementation of the learning connection processes for the
KV-caches of self-attention in the programming framework Lava for Loihi 2.

flattened image and label) into an embedded token. This token
is then passed through a multi-layer decoder-only transformer.
A linear projection generates the output of dimension N ,
and class probabilities are obtained by applying a softmax
operation on the final representation during training.

III. RESULTS

Results of the few-shot learning experiment are shown in Ta-
ble I. We compare our results with MAML [9], an established
bi-level optimization method for few-shot learning, Matching
Nets [32] and MANN [28]. We use the standard Omniglot
dataset which contains contains 1623 categories of 28x28
pixel handwritten characters, and 20 samples for each category
written by Amazon’s Mechanical Turk participants [19]. The
Lava and Loihi results were obtained on a limited set of 32-
256 task samples and are therefore still effected by sampling
noise. Overall the results demonstrate the competitiveness of
such a simple transformer based few-shot approach compared
to gradient based approaches, specifically MAML [9]. The
results from Lava and Loihi were obtained using a limited
set of 32-256 task samples, which introduces some sampling
noise. It’s important to note that the results were not derived
from a clearly defined test set, making direct comparisons
between experiments and methods challenging. Overall, the
findings demonstrate that this simple transformer-based few-
shot approach is competitive with gradient-based methods,
particularly MAML [9].

We primarily analyze a single-head, 4-layer transformer
network with an embedding dimension of D = 128, while
also including an experiment with a slightly larger model
to explore scalability for improved task performance. We
test four model variants: a floating-point baseline, a Loihi-
compatible quantization, a fixed-point Lava implementation,
and a Loihi deployment, where 2 consecutive layers are
executed on Loihi and two on a CPU. The Loihi-compatible
quantized networks perform almost on par with the floating-
point baseline. Although the fixed-point Lava simulations and
the Loihi-deployed models show slight accuracy degradation,

TABLE I
FEW-SHOT CLASSIFICATION ON HELD-OUT OMNIGLOT CHARACTERS FOR
ARCHITECTURES WITHOUT (TOP) AND WITH (BOTTOM) CONVOLUTIONS.

RESULTS SHOW A FLOATING POINT BASELINE (FLOAT), LOIHI
COMPATIBLE QUANTIZATION (QUANT), FIXED POINT LAVA

IMPLEMENTATION (LAVA) AND THE LOIHI 2 IMPLEMENTATION (LOIHI).

5-way Accuracy 20-way Accuracy
Omniglot [19] 1-shot 5-shot 1-shot 5-shot

MANN, no conv [28] 82.8% 94.9% – –
MAML, no conv [9] 89.7% 97.5% – –
Transformer-tinya (Loihi) 86.1% 96.3% 60.9% 83.4%
Transformer-tinya (Lava) 90.2% 94.1% 68.4% 86.6%
Transformer-tinya (Quant) 90.3% 97.1% 76.7% 88.4%
Transformer-tinya (Float) 93.1% 97.3% 77.7% 89.2%
Transformer-smallb (Float) 95.8% 98.3% 82.8% 94.2%

Matching Nets [32] 98.1% 98.9% 93.8% 98.5%
MAML [9] 98.7% 99.9% 95.8% 98.9%

a 4 transformer layers, embed dim 128, 1 head
b 6 transformer layers, embed dim 256, 8 heads

particularly on the more complex 20-way task, they still
demonstrate competitive performance or even outperform non-
convolutional network approaches. The accuracy drop does
not indicate a fundamental disadvantage but rather underscores
the need for careful deployment, potentially through improved
quantization-aware pretraining methods or scaling. Notably,
several studies have shown that inference at very low precision
is feasible for large-scale networks and large language models
(LLMs) [23], [25], [36], [38].

IV. DISCUSSION

Large-scale pretrained models, which exhibit in-context
learning behaviors, are effectively meta-trained to use a simple
learning rule that can be formulated as a local plasticity
process and efficiently implemented on neuromorphic plat-
forms. We leverage Loihi 2’s learning engine to achieve
this kind of inference-time learning, showcasing the duality
between inference and learning. Importantly, the transformer
architecture has been shown to be a salable architecture with
predictable performance improvements as a function of param-
eter count and training data [14], [15]. Hardware development
can greatly benefit from such a model’s capabilities as well
as their modularity and scalability. In conclusion, we advocate
for the benefits of a symbiotic relationship between scalable
neural network architectures, particularly the autoregressive
transformer architecture, and neuromorphic hardware as a step
towards lifelong on-device learning.
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