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Introduction

Problem: Transformer-based models encounter outlier-inefficient problems.

Proposal: Outlier-Efficient Modern Hopfield Model (termed OutEffHop), a

quantization-friendly modern Hopfield model.

• Serves as an outlier-efficient alternative for vanilla attention

• Retains and improves the desirable properties of modern Hopfield model, such

as fix-point convergence and exponential memory capacity

• Outperforms across 3 large transformer-based and 1 Hopfield-based models
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Motivation: Outliers and Hopfield Model

No-Update Situation: When an input X is informative enough, the attention

mechanism (attention + residual) tends to behave like a identity map (Bondarenko

et al., 2023). → A should be a zero matrix

Attention(X ) = Softmax(QK⊺)V = A.

Output = Residual(X + A).

• Low-information tokens attract large attention probability to achieve no-update

• Causes wide range of QK⊺, namely no-op outliers

Modern Hopfield Model: An alternative to attention mechanism in Transformer.

This is an energy-based model with:

• The retrieval dynamics mirrors attention mechanism and leads to its

compatibility with deep learning architecture

• Fix-point convergence and exponential memory capacity
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Methodology: No-op Classification Mechanism

We introduce an extra dimension on query and memory patterns for outlier

classification, and propose a novel outlier-efficient Hopfield model.

If the input is a no-op query, it will converge to a no-op memory Ω instead of a

low-similarity memory pattern.
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Outlier-Efficient Modern Hopfield Model

From no-op classification mechanism, we find the corresponding Hopfield energy and

retrieval dynamics:

H(x) = −lse1(β,Ξ
⊺x)+

1

2
⟨x , x⟩+Const., lse1(β,Ξ

x) := β−1 log(
M∑
µ=1

exp(β⟨ξµ, x⟩)+1)

TOutEff(xt) := ΞSoftmax1(βΞ
⊺xt) = xt+1, Softmax1 := exp(z)/(

M∑
µ=1

exp(zµ) + 1)

1. Our model has a zero-energy point associated with exp{β⟨Ω, x⟩} = exp{0}.
2. When TOutEff is applied only once, the retrieval dynamics is equivalent to

outlier-efficient attention (Miller, 2023).
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Experimental Studies: Outlier-Efficiency and Quantization Results

Compare OutEffHop with the vanilla attention and their combination with

Clipped Softmax and Gated Attention.

Results: OutEffHop reduce 22+% in average kurtosis and 26+% in ∥x∥∞ across

four models, and the performance of models maintain the same after quantization. 6 / 12



Experimental Studies: The Changes of ∥x∥∞ during Pretraing

Results: In vanilla attention, the outliers grow during the pretraining stage, while

OutEffHop delivers significant reductions of ∥x∥∞ and improves Clipped Softmax

and Gated Attention. 7 / 12



Experimental Studies: Outlier Performance in Selected Layers.

The trend of ∥x∥∞ of FFN output in layers 3, 6, 9, and 10 of BERT model.

Results: Outliers become stronger in deeper layers of the vanilla model, but

OutEffHop maintains a consistent value of ∥x∥∞ across all layers.
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Experimental Studies: Outlier for different tensor components.

The trend of ∥x∥∞ of the tensors after attention layer, the first residual layernorm

after attention, and the first, second FFN layers within layer 10 of BERT.

Results: OutEffHop suppresses the outliers growing in both FFN layers.
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Experimental Studies: Case Study on STanHop-Net.

We test our method on STanHop-Net, a Hopfield-based time series model, and

compare it with common Hopfiled layers.

Results: OutEffHop achieves top-tier outlier-efficiency in 25 out of 30 evaluated

scenarios, ranking either first or second with marginal sacrifice of model performance.
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Summary

• Outlier-Efficient Modern Hopfield Model

◦ Manages outliers in large transformer-based models

◦ Strong physics intuition and efficient memory retrievals

• No-op classification mechanism

◦ Maps all no-op patterns into Ω

◦ Prevents no-op patterns from contributing to retrieval output

• Theoretical enhancements

◦ Improves fixed point convergence and exponential memory capacity

◦ Provides model-based interpretation for Softmax1 attention (Miller, 2023)

• Empirical performance of OutEffHop

◦ ∼22+% reduction in average kurtosis, ∼26+% reduction in ∥x∥∞, maintain

performance after quantization

◦ Top two in outlier efficiency in most settings compared to 3 variants of

Hopfield-based time series model
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