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Outline

Inspired by continuous neural resource allocation (Ma
et al., 2014), we propose a continuous-time memory
mechanism for modern Hopfield networks (MHNs),
replacing discrete memories with compressed continuous
representations.
Modifies MHNs’ energy function (Ramsauer et al., 2020)
for compressed memory storage.
Leverages a probability density function (PDF), recovering
Martins et al. (2022)’s∞-memory attention.
Maintains retrieval performance with smaller memory.
Validated on synthetic and video datasets for efficient
associative retrieval.

Modern Hopfield Networks (Ramsauer et al., 2020)

Memory patterns x1, . . . , xN , forming a matrix X ∈ RL×D ,
query q.
Energy function:

E (q) = −1
β

log
L∑

i=1

exp(βx⊤
i q) +

1
2
∥q∥2 + const.

Update rule (via CCCP): qt+1 = X⊤softmax(βXqt).

Continuous Attention (Martins et al., 2020)

Traditional attention: operates on discrete data (e.g.,
words, pixels).
Continuous attention: handles inherently continuous
signals (e.g., speech, video).
Attention defined over continuous-time signal x̄(t),
evolving smoothly:

c = Ep[v (t)] =
∫

p(t)v (t) dt.

v (t): continuous value function.
p(t): PDF instead of probability mass function .
For p(t), Martins et al. (2022): N(t;µ, σ2), where µ, σ2

are input-dependent.

Ours: Continuous-Time Memory Hopfield Networks

We model sequences X = [x⊤
1 , . . . , x

⊤
L ] ∈ RL×D as

samples from a smooth function x(t), reconstructed using
basis functions ψ(t) ∈ RN and learned coefficients
B ∈ RN×D:

x̄(t) = B⊤ψ(t).

Coefficients B are obtained via ridge regression:

B⊤ = X⊤F⊤(FF⊤ + λI )−1,

where F = [ψ(t1), . . . ,ψ(tL)] evaluates basis functions at
assigned time points t1, . . . , tL ∈ [0, 1].

This provides a compressed representation with N ≪ L.

Ours: Continuous Hopfield Energy and Update

Define the energy over queries q ∈ RD:

E (q) = −1
β

log
∫ 1

0
exp(βx̄(t)⊤q)dt +

1
2
∥q∥2 + const.

Minimizing this energy yields the update with Gibbs PDF:

q(i+1) = B⊤
∫ 1

0
p(t)ψ(t) dt with p(t) =

eβx̄(t)⊤q(i)∫ 1
0 eβx̄(t ′)⊤q(i)dt ′

.

Experiments
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Fig. 1: Optimization trajectories and energy contours for
Hopfield networks with discrete (top) and continuous
memories (bottom). Green illustrates the continuous
function shaped by discrete memory points, while darker
shades of blue indicate lower energy regions.
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Fig. 2: Video embedding retrieval performance across
different numbers of basis functions. Plotted are the
cosine similarity means and standard deviations across
videos.
Our method achieves competitive retrieval performance
while using smaller compressed memories!
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