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Abstract

Emerging from the pairwise attention in conventional
Transformers, there is a growing interest in sparse attention
mechanisms that align more closely with localized, contex-
tual learning in the biological brain. Existing studies such
as the Coordination method employ iterative cross-attention
mechanisms with a bottleneck to enable the sparse associa-
tion of inputs. However, these methods are parameter inef-
ficient and fail in more complex relational reasoning tasks.
To this end, we propose Associative Transformer (AiT) to
enhance the association among sparsely attended input to-
kens, improving parameter efficiency and performance in
various vision tasks such as classification and relational
reasoning. AiT leverages a learnable explicit memory com-
prising specialized priors that guide bottleneck attentions to
facilitate the extraction of diverse localized tokens. More-
over, AiT employs an associative memory-based token re-
construction using a Hopfield energy function. The exten-
sive empirical experiments demonstrate that AiT requires
significantly fewer parameters and attention layers outper-
forming a broad range of sparse Transformer models. Ad-
ditionally, AiT outperforms the SOTA sparse Transformer
models including the Coordination method on the Sort-of-
CLEVR dataset.

1. Introduction
Transformer models use pairwise attention to establish cor-
relations among disparate segments of input information
[1, 2]. Emerging from the pair-wise attention, there is a
growing interest in leveraging sparse interactions for local-
ized, contextual learning. This sparsity attribute has demon-
strated advantages in enhancing learning performance and
efficiency [3, 4]. Sparse knowledge association can find
resonance with the neuroscientific grounding of the Global
Workspace Theory (GWT) [5–8]. GWT explains a funda-
mental cognitive architecture for working memory where
diverse specialized modules compete to write information
into a shared workspace through a communication bottle-
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neck. The bottleneck facilitates the processing of content-
addressable information using attention guided by contents
in the shared workspace [9, 10].

A bottleneck guides models to generalize in a manner
consistent with the underlying data distribution through in-
ductive biases of sparsity [11, 12], resulting in superior per-
formance. In this regard, the Coordination method [13] is
an initial attempt to assess the effectiveness of such a bot-
tleneck in Transformers. Unfortunately, its design is param-
eter inefficient and often fails in more complex relational
reasoning tasks [14–20]. In this work, we aim to enhance
sparse attention capability of Transformers by leveraging
low-rank explicit memory to learn a diverse set of priors to
guide the attention. Furthermore, drawing inspiration from
associative memory based on Hebbian learning, we utilize
continuous Hopfield networks [21, 22] to reconstruct input
tokens from the explicit memory. The associative memory
enhances the effective association of sparsely attended his-
torical inputs.

To this end, we propose Associative Transformer (AiT),
a sparse representation learner. AiT learns explicit mem-
ory for each attention layer to facilitate the extraction of lo-
calized features at different abstraction levels. The explicit
memory evolves into specialized priors through the bottle-
neck attention, with each focusing on a specific spatial rela-
tion of input tokens. We further propose a bottleneck atten-
tion balance loss to encourage diversity among the learned
priors. Furthermore, the acquired priors function as distinct
attractors within the associative memory of Hopfield net-
works, facilitating token reconstruction from memory. Ex-
tensive empirical results demonstrate that the emerging spe-
cialization of priors and the reconstruction within associa-
tive memory in AiT could significantly enhance parameter
efficiency and model performance across a broad spectrum
of tasks.

Overall, our main contributions are three-fold:
1) We propose the Associative Transformer (AiT) to

tackle inefficient sparse attention mechanisms in conven-
tional Transformers, leveraging emerging specialized pri-
ors for guided bottleneck attention and token reconstruction
within associative memory (Section 3.3).

2) The learned priors function as attractors of Hopfield
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networks, facilitating information correlation and retrieval
from historical inputs. To the best of our knowledge, this is
the first study on consolidating Hopfield networks with the
sparse attention mechanism (Section 3.4).

3) Extensive experiments including an ablation study
demonstrate enhanced parameter efficiency of AiT in var-
ious classification and relational reasoning tasks, outper-
forming the Coordination method (Section 4).

2. Related work

This section provides a summary of the most relevant recent
work on sparse attention, latent memory-enabled Trans-
formers, and external memory mechanisms. We investigate
the relatedness of these studies to various properties of the
Global Workspace Theory (GWT) in Appendix B.

Sparse Transformers Studies on sparse Transformers
have explored consolidating latent memory to extract lo-
calized, contextual representations from inputs [13, 23–27].
For example, Perceiver [26, 27] utilized iterative cross-
attention with a latent array and transformation to capture
dependencies across input tokens. Set Transformer [23] and
Linear Unified Nested Attention [25] also employed iter-
ative cross-attention but without the latent transformation.
Other methods, like Blockwise Self-Attention, relied on a
strong assumption of predefined modularization for atten-
tion specialization [28]. In contrast, our method learns such
modularization and attention specialization through end-to-
end training. Unlike the vast majority of methods that em-
ploy latent memory, our proposed method leverages both
explicit memory and associative memory for enhanced con-
textual learning capability.

In a similar approach to constructing sparse Transform-
ers based on GWT, the Coordination method [13] intro-
duced a bottleneck into cross-attention mechanisms to en-
courage neural module specialization. The results indicated
that the competition via the bottleneck could contribute to
a small set of specialized priors in latent memory to facili-
tate relational learning. However, the number of priors was
limited to fewer than 10, all with the same dimension as
the input representation. By contrary, our method employs
low-rank explicit memory to learn a significantly richer set
of priors (up to 128 priors learned from a pool of 32.8k to-
kens). Moreover, the Coordination method relies on itera-
tive cross-attentions, while our work focuses on novel asso-
ciative memory-enabled sparse attention.

This work is also related to modular neural networks and
mixture of experts [29, 30] in terms of competition in the
shared workspace. Separating the information processing
within Transformers into distinct components, depending
on the input, has shown more flexibility in data processing.

Memory mechanisms External memory such as tape
storage and associative memory, has been employed in deep
neural networks [31–33], with recent studies exploring the
potential use of Hopfield networks and their modern vari-
ants [21, 22, 34]. In this work, we incorporate Hopfield net-
works as an integral element in the sparse attention mech-
anism of the proposed Associative Transformer. This ap-
proach is fundamentally different from the previous studies
such as Energy Transformer [35] that mainly focused on
utilizing Hopfield networks independently of the attention
mechanism.

3. Associative Transformer
This section discusses the key technical underpinnings of
the Associative Transformer (AiT), focusing on the newly
devised Global Workspace Layer (GWL). The GWL inte-
grates three main elements: low-rank explicit memory, bot-
tleneck attention, and associative memory (Figure 1). It
facilitates efficient writing and reading in explicit mem-
ory by promoting competition among input tokens through
a specialized top-k bottleneck attention mechanism that
limits cross-attention capacity. Two techniques are em-
ployed to maintain balanced information writing: Exponen-
tial Weighted Moving Average (EWMA), which stabilizes
memory updates by combining old and new information,
and a novel bottleneck attention balance loss, which en-
courages diverse token selection and counteracts the loss of
specificity across layers. After writing, the explicit memory
contents are broadcast back to the input tokens for retrieval
within a Hopfield network-based associative memory, re-
constructing the tokens into more globally meaningful rep-
resentations that serve as the output of the GWL. In prac-
tice, the GWL can be integrated with conventional atten-
tion layers to enhance the efficiency of Transformer mod-
els, boosting their ability to learn abstract spatial relations
across samples and time steps.

3.1. Vision Transformers for classification tasks
Vision Transformers (ViT) tackle image classification tasks
by processing sequences of image patches. The pre-
processing layer partitions an image into non-overlapping
patches. Let x 2 RH⇥W⇥C be an input from the dataset
X , where (H, W ) is the resolution of the image and C is
the number of channels. x is separated into a sequence
of patches xp 2 RN⇥(P 2·C), where (P, P ) is the reso-
lution of each image patch and N = HW

P 2 is the num-
ber of patches. These patches are mapped to embeddings
vp 2 RN⇥E with the linear projection. ViT leverages
self-attention to map a query and a set of key-value pairs
to an output. The patch embeddings are used to obtain
the query, key, and value based on linear transformations
W

Q 2 RE⇥D
, W

K 2 RE⇥D
, and, W

V 2 RE⇥D. The
output of an individual attention head is a weighted sum of
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Figure 1. The scheme of the Associative Transformer (AiT). (a) In a global workspace layer, the input RB⇥N⇥E is squashed into vectors
RBN⇥E . The squashed representations are projected to a latent space of dimension D << E and are sparsely selected to update the
explicit memory via a fixed bottleneck k << BN . The Hopfield network utilizes the memory to reconstruct the input tokens, where a
learnable linear transformation (LT) scales the memory contents back to the input dimension E. (b) The Associative Transformer block
consists of self attention, feed-forward layers, and the global workspace layer. Compared to Vision Transformer (ViT), leveraging the
global workspace layer enhances the layer efficiency. A shallower 6-layer AiT is shown to outperform a 12-layer ViT (see Table 1).
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We specifically consider supervised learning with F cat-
egories. Let y 2 {1, 2, ..., F} = Y denote a label. Given a
Transformer model f(x), the prediction is given by ŷ =
arg maxj f(x)j where f(x)j denotes the jth element of
f(x). The training is attained by minimizing the loss with
respect to the model parameter ✓:

`class(✓) = J(Y, f(X; ✓)), (1)

where J denotes the cross entropy loss.

3.2. Low-rank priors in explicit memory
To induce memory in large-scale models like Transform-
ers, we focus on learning more efficient explicit memory,
which is later consolidated with Hopfield networks. This al-
lows us to decouple the memory storage from the Hopfield
network learning, such that the memory could be gradually
updated with old and new memory using methods such as
exponentially weighted moving average (EWMA). The ex-
plicit memory is only trainable during model training and
frozen during evaluation. The proposed Global Workspace
Layer enables efficient writing and reading in the explicit
memory to learn a set of low-rank priors through a tailored
bottleneck attention mechanism.

In particular, we employ a squash layer to concatenate
patch representations within the entire batch V 2 RB⇥N⇥E

into vectors ⌅ 2 RBN⇥E , fostering association among to-
kens across samples. In practice, the number of tokens
B ⇥N varies depending on the batch size B. The attention

bottleneck with a fixed capacity k restricts the number of at-
tended tokens to a constant value. The output of the squash
layer is then attended to by the multi-head cross-attention
using the contents of the explicit memory as queries. The
explicit memory is comprised of M learnable low-rank pri-
ors � = RM⇥D where D is the dimension of the prior,
D << E. Priors are general assumptions about tokens to
guide the attention for the token selection. The priors are
utilized as various queries to compute cross-attentions that
extract various sets of tokens and update the explicit mem-
ory. We found that a rank of 32 and initialization of the pri-
ors with a Gaussian distribution works well in most cases.

We devise a tailored cross-attention mechanism to up-
date the explicit memory using the squash layer’s output
⌅ 2 RBN⇥E . Notably, in the cross-attention, the query is a
function of the current memory content � = {�i}Mi=1. The
key and value are functions of the squash layer’s output ⌅.
The attention scores Ai for head i are computed as follows
Ai(�, ⌅) = softmax(�(⌅WK

i )Tp
D

). This is the case of soft
attention without constraints on the bottleneck capacity.

3.3. Bottleneck attention with a limited capacity
We discuss the case of limiting the cross-attention capac-
ity via top-k bottleneck attention. The bottleneck atten-
tion constrains the number of tokens that can be attended
to, fostering competition among tokens and ensuring the
selection of the most relevant tokens. Notably, we select
the tokens with the top-k highest attention scores from Ai,
hi = top-k(Ai)⌅W

V . Additionally, to ensure a stable up-
date of the explicit memory across different time steps, we
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employ layer normalization and the exponentially weighted
moving average (EWMA) strategies as follows:

�̂
t+1 = (1 � ↵) · �t + ↵ · LN(Concat(h1, . . . , hS)WO),

�
t+1 =

�̂
t+1

qPM
j=1(�̂

t+1
j )2

,

(2)
where t is the batch time step, LN is the layer normaliza-
tion, S is the number of attention heads, and ↵ is a smooth-
ing factor determining the decay rate of older observations,
which is a small value such as 0.1. EWMA ensures stable
memory updates by accumulating old and new memories.
We found that different batch sizes B have little influence
on the test performance. This can be attributed to the small
decay rate that results in the stable memory update.

Bottleneck attention balance loss The sparsity induced
by the bottleneck attention results in the emergence of
specialized priors by attending to various tokens. How-
ever, cascading multiple bottleneck attentions across Trans-
former layers could lead to difficulty in efficiently forming
specialized priors. As information flows through multiple
bottleneck attention layers, the representations become di-
luted, necessitating a mechanism to counteract this inherent
loss of input specificity for the effective selection of mean-
ingful tokens across layers. To overcome this challenge,
we propose the bottleneck attention balance loss to en-
courage a more diverse token selection with the bottleneck
attention. The bottleneck attention balance loss `bottleneck
comprises two components, i.e., the cumulative attention
loss `importance, which computes the total assigned attention
scores for each token, and the selected instance loss `loads,
which provides an estimate of the frequency of each token
being selected. Then, the loss is computed for each token
position o 2 {1, 2, . . . , B ⇥ N} in the squash layer output.
We devise the bottleneck attention balance loss for attention
head i by measuring the normalized variances of the cumu-
lative attention loss and the selected instance loss across to-
ken positions as follows:

`importancei,o =
MX

j=1

Ai,j,o, `loadsi,o =
MX

j=1

(Ai,j,o > 0), (3)

`bottlenecki =
Var({`importancei,o}

B⇥N
o=1 )

( 1
B⇥N

PB⇥N
o=1 `importancei,o)

2 + ✏

+

Var({`loadsi,o}B⇥N
o=1 )

( 1
B⇥N

PB⇥N
o=1 `loadsi,o)

2 + ✏

,

(4)

where Ai,j,o is head i’s attention score for the jth prior at
token position o, Var(·) denotes the variance, and ✏ is a small
value to avoid division by zero.

The losses for the different heads are summed up
and added to the classification loss, ` = `class + � ·PS

i=1 `bottlenecki , where � is a coefficient to adjust the ratio
between the classification loss and the bottleneck attention
balance loss.

3.4. Information retrieval with associative memory
After writing information from the input tokens into the ex-
plicit memory, the learned priors serve as attractors for a
novel information retrieval component based on associative
memory. The aim is to reconstruct the current input tokens
towards more globally meaningful representations learned
and stored in the explicit memory for enhanced token rep-
resentations. The proposed architecture is an attractor net-
work where a token converges to one of these attractors de-
rived from the priors stored in the explicit memory, by de-
creasing its energy with respect to the explicit memory.

Attractors The learned priors in the explicit memory
function as attractors within associative memory of a Hop-
field network. Attractors have basins of attraction, and any
input that enters an attractor’s basin converges to that spe-
cific attractor. Attractors usually have the same dimen-
sion as input states. Since we employ low-rank priors
�
t+1 2 RM⇥D, a learnable linear transformation fLT(·)

projects the priors into the same dimension E as the input
tokens before utilizing them as attractors.

Energy-based retrieval The upscaled priors fLT(�t+1)
are stored within the associative memory of a continuous
Hopfield network [21, 22] as various attractors to recon-
struct the input tokens ⌅t. In particular, we employ the
Hopfield energy function to evolve the input tokens into
more globally meaningful representations with respect to
these attractors. The attractors fLT(�t+1) are shared across
instances of the input tokens ⇠

t 2 ⌅t. We reconstruct the
input tokens using the continuous Hopfield network and the
learned attractors in explicit memory as follows:

E(⌅t) = �lse(�, fLT(�t+1)⌅t) +
1

2
⌅t⌅tT+

�
�1logM +

1

2
(max

i
|fLT(�t+1

i )|)2,
(5)

⌅̂t = arg min
⌅t

E(⌅t), (6)

where t is the batch time step, � is an inverse tem-
perature variable, lse is the log-sum-exp function, and
max

i
|fLT(�t+1

i )| represents the largest norm of attractors.
We employ an iterative update procedure for a fixed num-
ber of steps. All tokens reach their minimum at the same
time in the associative memory with their global energy de-
creasing. For training efficiency, we employed a single step
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to reconstruct the tokens as suggested in [22]. Thus, the
reconstructed tokens ⌅̂t 2 R(B⇥N)⇥E are transformed into
V̂

t 2 RB⇥N⇥E as the output of the global workspace layer.
Moreover, depending on �, the reconstructed token ⌅̂t can
be either metastable states representing mixtures of attrac-
tors or fixed states represented by one of the attractors. We
discuss the tuning of � in Appendix H and demonstrate the
complete algorithm in Appendix D.

4. Experiments
In this section, we present the settings and extensive experi-
ment results for classification and relational reasoning tasks.
We compare AiT with a broad range of conventional sparse
Transformers in terms of model performance and parame-
ter efficiency. Comprehensive ablation studies demonstrate
the effectiveness of the bottleneck attention and associative
memory for enhanced model performance.

4.1. Settings
Datasets We evaluate model performance based on three
different types of datasets: (1) small classification tasks
(Triangle [13], CIFAR10, and CIFAR100 [36]), (2) medium
and large-sized classification tasks (Oxford Pet [37] and Im-
ageNet100 [38]), and (3) relational reasoning tasks (Sort-of-
CLEVR [14]). We train the model on these datasets from
scratch using the training split and evaluate using the test
split. A detailed description of the datasets can be found in
Appendix A.

Model variants We investigate three different sizes of
model configurations, i.e., Small, Medium, and Base. The
Base variant setting employs 12 layers, 12 attention heads
for each layer, a hidden dimension of 768, and an MLP di-
mension of 3072. The Medium variant has 6 layers, and the
Small variant has 2 layers. In what follows, we use brief no-
tation to indicate the model size, for instance, AiT-B means
the “Base” variant of the Associative Transformer. Note
that the added Global Workspace Layer is light-weight us-
ing 0.45M parameters.

Hyperparameters The hyperparameters were chosen
based on a grid search. A batch size of 512 was employed
for the CIFAR datasets and the Triangle dataset, 128 for the
Pet dataset, and 64 for the Sort-of-CLEVR dataset. We uti-
lized the AdamW optimizer with �1 = 0.9, �2 = 0.999,
and a weight decay of 0.01. A cosine learning rate sched-
uler was implemented with an initial learning rate of 1e-
5, a warm-up phase of 5 (15) epochs within a total of 100
(300) epochs, and a minimum learning rate set to 1e-6. The
smoothing factor of the exponentially weighted moving av-
erage, the coefficient �, and the small value ✏ in the bottle-
neck balance loss were set to 0.1, 1e-2, and 1e-10, respec-

tively. We employed a bottleneck size of 512 for CIFAR
and Pet, 64 for Triangle, and 256 for Relational Reasoning.
We utilized 32 memory slots for CIFAR, Triangle, and Re-
lational Reasoning, and 128 slots for Pet. Unless otherwise
noted, we trained the model for 100 epochs and reported
the mean of three individual experiments. All experiments
were based on PyTorch and four A100 GPUs, and the code
would be made publicly available. The detailed experimen-
tal settings and hyperparameters are presented in Appendix
C.

4.2. Classification tasks
The experiments on image classification tasks include com-
parisons to a broad range of methods. We employed
the author-recommended hyperparameters to re-implement
these methods. In particular, for the Coordination method
[13], we investigated the various model configurations: (1)
Coordination consists of 4 layers with parameter sharing
among different attention layers, (2) Coordination-D is a
deeper model with 8 layers using parameter sharing, (3)
Coordination-H is a high memory model with 4 layers that
employ individual parameters, and (4) Coordination-DH is
a high memory model with 8 layers.

Table 1 demonstrates that AiT performance increased
when scaling it from Small to Base, while the Coordina-
tion method could not scale with the increasing parameter
sizes. AiT achieved better performance compared to Vision
Transformers and the other sparse Transformers includ-
ing Perceiver, Set Transformer, BRIMs, and Luna. More-
over, AiT relies on significantly fewer layers and parame-
ters while outperforming Vision Transformers. Compared
to ViT-Base using 12 layers and 85.7M parameters, AiT-
Medium has only 6 layers and 45.9M parameters. Nev-
ertheless, AiT-Medium exhibited an average performance
of 81.58%, surpassing ViT-Base’s performance of 80.46%.
Table 2 shows additional comparison between AiT and ViT
on the ImageNet100 dataset. AiT achieved superior per-
formance in the various classification tasks using a much
smaller parameter size.

Furthermore, compared to ViT-Base with 5.77⇥109

FLOPs during training, AiT-Medium utilized only
2.89⇥109 FLOPs. We compared with the other baseline
methods, where the Coordination does not scale well with
more model complexity and FLOPs, resulting in degraded
performance. In contrast, the proposed Global Workspace
Layer is a lightweight architecture, greatly enhancing the
classification task performance and parameter efficiency of
the conventional sparse Transformers.

We extended the evaluation to the Oxford Pet dataset
[37]. We trained the model from scratch for 300 epochs.
Figure 2 demonstrates that AiT-Small with only additional
0.9M parameters (two Global Workspace Layers) increased
ViT-Small’s performance by 13%. Although ViT-Base is a
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Methods CIFAR10 (%) CIFAR100 (%) Triangle (%) Average (%) Size (M) #FLOPs
AiT-Base 85.44 ± 0.31 60.78 ± 0.25 99.64 ± 0.14 81.95 91.0 5.77⇥109

AiT-Medium 84.59 ± 0.27 60.58 ± 0.32 99.57 ± 0.16 81.58 45.9 2.89⇥109

AiT-Small 83.34 ± 0.44 56.30 ± 0.38 99.47 ± 0.09 79.70 15.8 9.64⇥108

Coordination [13] 75.31 ± 0.72 43.90 ± 0.21 91.66 ± 0.56 70.29 2.2 1.46⇥108

Coordination-DH [13] 72.49 ± 0.61 51.70 ± 0.75 81.78 ± 0.59 68.66 16.6 3.15⇥108

Coordination-D [13] 74.50 ± 0.68 40.69 ± 0.39 86.28 ± 0.73 67.16 2.2 2.91⇥108

Coordination-H [13] 78.51 ± 0.58 48.59 ± 0.72 72.53 ± 0.35 66.54 8.4 1.59⇥108

ViT-Base [2] 83.82 ± 0.17 57.92 ± 0.40 99.63 ± 0.15 80.46 85.7 5.60⇥109

ViT-Medium [2] 82.41 ± 0.11 55.78 ± 0.09 99.62 ± 0.04 79.27 42.7 2.81⇥109

ViT-Small [2] 79.53 ± 0.36 53.19 ± 0.37 99.47 ± 0.07 77.40 14.9 9.36⇥108

Perceiver [26] 82.52 ± 0.82 52.64 ± 0.44 96.78 ± 0.32 77.31 44.9 2.37⇥109

Set Transformer [23] 73.42 ± 0.43 40.19 ± 0.53 60.31 ± 0.29 57.97 2.2 1.11⇥108

BRIMs [39] 60.10 ± 0.50 31.75 ± 0.28 58.34 ± 0.43 50.06 4.4 1.43⇥108

Luna [25] 47.86 ± 0.53 23.38 ± 0.06 57.26 ± 0.19 42.83 77.6 5.08⇥109

Table 1. Performance comparison in the classification tasks.

Methods Test Accuracy (%) Size (M)
AiT-Medium 36.72 45.9
AiT-Small 33.84 15.8
ViT-Base 34.62 85.7
ViT-Medium 31.72 42.7
ViT-Small 28.16 14.9

Table 2. Performance comparison between AiT and ViT on the
ImageNet100 dataset.

Figure 2. Comparison on the Pet dataset. AiT-Medium demon-
strated a stable increase in performance outperforming the ViT-
Base.

much larger model with 85.7M parameters with the opti-
mized model regularizations, its accuracy quickly dropped
after 50 epochs. In contrast, AiT-Medium with 45.9M pa-
rameters demonstrated a stable increase in performance and
outperformed the ViT-Base model.

4.3. Ablation study
A comprehensive ablation study is aimed to acquire insights
into the functionalities of different components in AiT. In

particular, we conducted the following ablations:

• Reset Memory: The priors in the explicit memory are ini-
tialized every epoch.

• W/O Hopfield: The Hopfield network is removed and re-
placed with cross-attention that shares the same architec-
ture as the multi-head cross-attention in Figure 1.a. The
cross-attention takes the input ⌅t as the query and the up-
scaled priors fLT(�t+1) as the key and value to compute
the output ⌅̂t = MHA(⌅t

, fLT(�t+1)). The rationale be-
hind this ablation is grounded in studies that relied on it-
erative cross-attentions, such as Set Transformer.

• W/O Memory: The global workspace layer is removed.
• W/O Attention Balance Loss: The bottleneck is imple-

mented without the attention balance loss.
• W/O Bottleneck: The top-k bottleneck attention is re-

placed with dense pair-wise attention.
• W/O SA: The self-attention in Figure 1.b is removed.

Table 3 demonstrates that the bottleneck plays a significant
role in enhancing performance, where its absence led to
a sizable decrease in accuracy. The ‘W/O Attention Bal-
ance Loss’ablation presents the effectiveness of the pro-
posed bottleneck attention balance loss. Ablating the other
components, such as the Hopfield networks and the explicit
memory, while not as impactful, still resulted in degraded
accuracy. Consequently, the complete model with all the
components achieved the best performance. Additionally,
for the ‘W/O Hopfield’ablation, Table 4 demonstrates the
training time #FLOPs of the Hopfield network compared to
the cross-attention component. The Hopfield network is a
lightweight component utilizing less than 0.84% FLOPs of
the proposed AiT model.
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Models CIFAR10 (%) CIFAR100 (%) Triangle (%) Average (%)
AiT 83.34 ± 0.44 56.30 ± 0.38 99.47 ± 0.09 79.70
Reset Memory 81.94 ± 0.41 55.96 ± 0.39 99.46 ± 0.04 79.12
W/O Attention Balance Loss 81.89 ± 0.39 54.72 ± 0.33 99.44 ± 0.08 78.68
W/O Hopfield 81.03 ± 0.45 54.96 ± 0.28 99.44 ± 0.03 78.48
W/O Memory 79.53 ± 0.36 53.19 ± 0.37 99.47 ± 0.07 77.40
W/O Bottleneck 75.40 ± 0.48 46.53 ± 0.41 93.33 ± 0.15 73.75
W/O SA 72.72 ± 0.57 47.75 ± 0.31 99.46 ± 0.04 73.31

Table 3. The ablation study demonstrated that leveraging all the components resulted in the best performance.

Models #FLOPs
AiT 9.64⇥108

Hopfield network component 8.02⇥106

W/O Hopfield (replaced with cross-attention) 1.19⇥109

Table 4. Hopfield network FLOPs.

Initialization Accuracy (%)
Gaussian distribution 83.34 ± 0.44
Uniform distribution [31] 81.92 ± 0.17
Identity distribution [13] 78.56 ± 0.29

Table 5. Memory initialization methods.

4.4. Explicit memory initialization
In the explicit memory, we initialized priors with values
drawn from a specific distribution, including the Gaussian
distribution, the uniform distribution [31], and the identity
distribution [13]. In particular, the Gaussian distribution
generates random values with a mean of zero and a variance
of one. The uniform distribution utilizes an upper bound of

1p
M+D

, where M denotes the number of priors, and D is
the dimension of a prior. The identity distribution assigns
ones on the diagonal and zeros elsewhere. Table 5 indi-
cates that the Gaussian distribution resulted in the best per-
formance, which potentially prevents specific priors from
dominating the learning process, for a more balanced mem-
ory update in the early training stages.

4.5. Parameter efficiency
Benefits of incorporating the Global Workspace Layer in-
clude enhanced model performance and parameter effi-
ciency. We conducted extensive experiments on AiT’s pa-
rameter efficiency by measuring the model size and test
accuracy in CIFAR-10. In particular, we compared a sin-
gle AiT block to a Coordination block that consists of two
multi-head cross-attention components. We explored vari-
ous configurations by replacing the cross-attention compo-
nents in the Coordination with the proposed low-rank mem-
ory and Hopfield network in AiT.

(AiT)

Figure 3. Model size vs. test accuracy for various model config-
urations. Consolidating all the components in the Coordination
block resulted in the best performance of 71.49% maintaining a
compact model size of 1.0M.

In Figure 3, ‘C’ denotes the default Coordination block,
‘LM’ denotes replacing the first cross-attention in the
Coordination block with the low-rank explicit memory,
‘HN’ denotes replacing the second cross-attention with the
Hopfield network, and ‘SA’ denotes the self-attention com-
ponent. Compared to the Coordination (C) which achieved
an accuracy of 60.41% with a model size of 2.2M, integrat-
ing the low-rank memory (C+LM) significantly improved
accuracy while reducing the model size to 1M. Moreover,
the Hopfield network (HN) achieved competitive perfor-
mance in C+SA+HN and C+LM+HN+SA configurations
for enhanced parameter efficiency. In addition, HN ap-
peared to be effective only when the LM or SA compo-
nent was employed. This is attributed to the retrieval within
the associative memory of the Hopfield network relying on
learning a diverse set of priors, which are learned based on
the low-rank memory and the self-attention components.
Removing these components decreases the model’s abil-
ity to learn meaningful priors. Consequently, consolidat-
ing all the three components in the Coordination block
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Methods Relational (%) Non-relational (%)
Transformer based models
AiT-Base 80.03 99.98
AiT-Medium 78.14 99.75
AiT-Small 76.82 99.85
Coordination [13] 73.43 96.31
ViT-Base 63.35 99.73
ViT-Medium 54.71 99.70
ViT-Small 51.75 98.80
Set Transformer [23] 47.63 57.65
Non-Transformer based models
CNN+LSTM [14] 60.08 99.47
Dense-Base 46.93 57.71
Dense-Small 47.28 57.68

Table 6. Relational reasoning tasks.

(C+LM+HN+SA), i.e., an AiT block, resulted in the best
performance of 71.49% maintaining a compact size of
1.0M. AiT is a sparse representation learner, surpassing the
Coordination method in terms of parameter efficiency.

4.6. Prior specialization
The bottleneck attention balance loss encourages competi-
tion facilitating the selection of diverse tokens through the
bottleneck. We aim to investigate whether the bottleneck
attention could contribute to specialized priors that guide
attention to various localized features for long-range asso-
ciation. To quantitatively measure the diversity of the se-
lected tokens, we computed the ratio of distinct instances
in the selected tokens. Notably, for each prior in the ex-
plicit memory, we visualized its attention scores computed
by Equation 2 over the different input token positions. Fig-
ure 7 presents the corresponding image patches for the se-
lected tokens, with an apparent increase in the patches’ di-
versity as training progresses. Additionally, Figure 8 high-
lights these attended patches in the image samples where the
learned priors demonstrated emergent spatial specialization,
dividing labor by focusing on various aspects of the images.

4.7. Relational reasoning tasks
The specialization in the spatial attention allocation of pri-
ors results in AiT’s enhanced performance in relational rea-
soning tasks. The aim is to answer questions about the
properties and relations of various objects in a given image.
We evaluated AiT’s performance in the Sort-of-CLEVR
dataset [14] for the relational reasoning tasks, which com-
prises both non-relational and relational tasks. In the non-
relational tasks, the question involves the attributes of a spe-
cific object, whereas in the relational tasks, the question fo-
cuses on the relations between different objects.

To tackle the Sort-of-CLEVR task, we embedded a ques-
tion using a learnable linear projection, with layer normal-

ization employed before and after the embedding. Then,
the question embedding was concatenated to the image
patch embeddings as the input to AiT. We compared to
both Transformer-based models including Set Transformer
and Coordination, and other non-Transformer based mod-
els including CNN+LSTM [14] and Dense networks. In
CNN+LSTM, images were processed with a CNN to pro-
duce a set of objects, and questions were processed with an
LSTM to generate a question embedding. Then, an MLP
combined the image and question embeddings to predict
the answer of the question. Dense-Small and Dense-Base
are two fully-connected models derived from AiT-Small
and AiT-Base. Table 6 demonstrates AiT’s superior perfor-
mance in the relational and non-relational tasks compared
to the Coordination and Set Transformer, achieving a com-
petitive accuracy of 80.03% in the relational tasks. In addi-
tion, AiT outperformed the non-Transformer CNN+LSTM
model, which relied on a stronger assumption of the input
data, i.e., employing the CNN and LSTM for the images
and questions, respectively. By contrast, AiT utilized the
concatenated tokens of images and questions for the same
operations in the proposed Global Workspace Layer.

5. Conclusions

We proposed the Associative Transformer (AiT) based
on the bottleneck attention in the explicit memory and
the token reconstruction within associative memory to en-
hance long-range associations of sparsely attended tokens
in sparse Transformers. The extensive experiment results
demonstrated AiT’s enhanced performance and parameter
efficiency in the various classification and relational reason-
ing tasks, surpassing the Vision Transformers and conven-
tional sparse Transformers. We are excited about induc-
ing associative memory for localized contextual learning in
sparse Transformers through the set of diverse priors and
the continuous Hopfield networks for various tasks.

Limitations Scaling AiT to larger dataset training with-
out fine-tuning the Global Workspace Layer’s hyperparam-
eters such as the Hopfield inverse temperature remains a
challenge. Implementing a mechanism to adjust adaptively
could enhance model performance as it scales. We aim to
investigate the countermeasure for more complex tasks, in-
cluding the CLEVER [40] and bAbI [41] datasets in the fu-
ture. AiT enables more accessible and cost-effective Trans-
former model training, showing promise for applications in
other domains, such as audio and video. However, potential
risks include susceptibility to targeted adversarial attacks,
such as Trojan samples exploiting the sparse bottleneck at-
tention mechanism. Exploring potential countermeasures is
crucial for its safe deployment in real-world applications.
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