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Introduction Proposed Method: ReclLag

Background- Modern Hopfield Networks (MHNSs)
MHNs are energy-based models that can retrieve a semantically

Probability-Density Aware MHNs

We optimize ¢ to express joint prob. of v & the row index k as: p(v, k) x ePk:Y o softmax(f<™v)y

relevant data for a given query data. ici - =
g query Step 1) Unrolling RNN visible hidden visible N

Issue of MHN The attractor

For an out-of-distribution (OOD) query, MHN inevitably associates an SV k~softmax(Bh) dynamics is virtually

inappropriate in-distribution (ID) data. (% > h sampling k from Sk, chuired when the
Contributions categorical distribution nputis reconstructed)
 To address this, we propose Rectified Lagrangian (RegLag) that explicitly L " ¥ l_[ l_[ -

. ’ . . . . . Step 2) Opt babilistic AE = arg max N(V|v;; 1

incorporates OOD queries with a specially designed attractor in the ep 2) Optimizing probabilistic J gg ( ‘ / MXM)

€D P~
dynamical system of MHNs. v;€D o~p(v)

N
* Reclag-based MHNs yield higher OOD detection performance over

existing energy-based methods on average using nine image datasets.

Now, log-sum-exp is
connected to p(v).

NH
The probability density for v is given by: logp(v) = logz ePSkV + const
k=1 y

hidden-layer Lagrangian Ly

Modified Update Rule

§Tsoftmax(Bév), Ly (h) = B~ tlogy

La rge-Memory MHNS 0 kotows, 1c182021; . widrchs, Neurips2021 Rectifed Lagrangian Containing a Trivial Attractor

We replace the hidden-layer Lagrangian with:

General Formulation of Energy Function

VDV <
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E:(v,h) = . y >0 0, Ly(h) < B *logy
. oLy, (v) Energy associated visible hidden attractor absorbing OOD queries
v ov Ly (U) with visible layer ) rECtlflcatIODO 00D query falls into the
N created attractor
0L (h) Energy associated Ny |12 E ). hl Ny
+hT o Ly (h) with hidden layer \ E /
- \ =5.0
T nteraction energy — — Z
.. O T
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dh dv nidden Iaye IS ) Energy Iandscapeqi?}vith attractors An OOD query is associated with the created attractor.
Large-Memory Lagrangian Functions .
5 y ~agrang Evaluation
1 Ny , 1 Ny on Proven that log-sum-exp A Outline Table: OOD detection performance as FPR95(%) {
L — - U L — lO e k ' - . . Method SVHN LSUN-C LSUN-R iISUN  Places DTD TIN SUN  iNaturalist | Average
7 9 Z l =g 5 z : assures exponentially-orderea OOD detection performance is
=1 1 memory capacity. . . MSP 76.34 27.52 36.54 3484 2055  30.65 4582  22.89 12.62 34.19
) evaluated against 5 baselines * Energy | 56.05 8.10 11.60 9.10 3.18 1698 2547 3.27 3.47 15.25
(8 > 0) . B ReAct 59.47 7.57 1252 10.13 2.93 16.86  27.61 3.27 3.80 16.02
d | using 9 datasets. 2 MHE 17.59 9.20 768 474 033 896 1586  0.00 2.35 7.41
Discrete Up ate Ru e R o2 SHE 17.45 9.22 7.69 4.77 0.33 8.99 15.84 0.00 2.38 7.41
esult RecLag | 18.12 6.40 4.60 2.67 0.28 682  12.09 0.00 1.68 5.85
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Energy landscape with attractors  Issue: An OOD query is associated with an irrelevant attractor. Y. Sun, NeurlPS2021; ) Zhangs, ICLR2023) 1012 1018 1017 41015 L1005 1010 L034 009 1005 | +085
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‘Modern Hopfield Networks (MHNs) Formulation 8: real hyperparameter, g an attractor of ar
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en out-of-distribution (OOD) query, MHN does retrieve a memory data,
totally irrelevant.

yutions

dress this, we propose the rectified Lagrangian ( ReglLag), a new
angian for memory neurons that explicitly incorporates an attractor for
) samples in the dynamical system of MHNSs.

demonstrate outperformance RecLag-based MHNs over energy-based
) detection methods, including state-of-the-art Hopfield Energy, on nine
e datasets.

, Modern Hopfield Network (MHN)

lation [D. Krotov+ 2021, Widrich et al. 2021 ]
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Ly(h) = max kélog k;Z‘ ePhu ), O)

Update rule
pitl = & (G(vk)) = Tsoftmax(BZ v")
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Y € R.q: Real hyperparameter

Probability-based learning

y
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D vigiw) — Ly(w) + 2 hufu(R) = Ly (v) = £ ()T Eg(v)
1=1 Inference network

tion functions Memory neurons

OLy(h) () = Sr @) . - '
~ 9h IW) =50 hﬁO O O O O
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h _ 2
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te Update rule Feature neurons

ptl = ETsoftmax(BEv™)

= RMV: visible layer neuron h € RM® : hidden layer neuron, f: real hyperparameter,
£ € RVEXNV: matrix parameter, &,: p-th column vector component of a matrix =

W is determined through optimization to satisfy the following probability equ:

@ach neuron in the hidden laye

corresponds to the probability
u-th memory
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B, v qhe Lagrangian of the hidden .
log(p(v)) — log 2 e”>k” | = const ||corresponds to the probability

u=1 relative to the memory's parer
Z € R : normalized coefficient distribution.

BEV ~softmax(u)
V| |——Uu| -~ ~—— |U —>€M W =arnginN(U\€M;

Sampling from

categorical distribution
N multivariate normal distribution I;«5: M-dimensional identity matrix
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