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MHN & TranSfOrmer[Ramsauer et al, 2020], [Krotov&Hopfield, 2020]

hidden neurons h Update Rule
dax

’TUE — f(h)WlT — &,
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hidden neurons h Update Rule
da
Ty = f(h) W, —=x,

visible neurons «x



Background

MHN & TranSfOrmer[Ramsauer et al, 2020], [Krotov&Hopfield, 2020]
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h

hidden neurons

Modern Hopfield Network Transformer
[Krotov&Hopfield , 2020]
OCOO0000O (o )
No hidden
state update

visible neurons
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Token Uniformity/Rank collapse

diverse tokens
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Token Uniformity/Rank collapse

diverse tokens

Res(X) =X — 1z for * = arg ming | X — 1z ||

gugggss - —

token uniformity

double- exponentlal decay

" Theorem [Dong et al., 2021] / \ N
XL |[Res (AttnNet (X)) [|1,00 < (TC') " |Res (X) [[§5,
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Modern Hopfield Attention(MHA) Hidden state’s stream esidual stream
MHA operates through the following steps: = ™
—1 n
]
( Linear )
1. Compute attention logit Y o
A QKT @ Jpclfv -
al__)® C\I’MaE;HUI )
2. Add hidden state to the attention logit o 9k ¢
-« M > X X o

A =dH, 1+ (1—-a)A,, S, =softmax(A))

n

3. Update hidden state with the moving average €Ty
( Matmul )<—‘
H.n_ = A;l -«
+ )e

4. Apply the weighted residual connection H,
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Modern Hopfield Attention(MHA)

hidden state’s stream residual stream
MHA operates through the following steps: ~ L
|
| | ( Linear )
1. Compute attention logit 7T
Qn Kn Vn_‘

A, =Q.K,

n n
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Modern Hopfield Attention(MHA)

hidden state’s stream residual stream
MHA operates through the following steps: = |
—1
a'——>® —
_ . . Q.K,
2. Add hidden state to the attention logit o
— N > X

A =dH, 1+ (1—-a)A,, S, =softmax(A))

n

( softmax )
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Modern Hopfield Attention(MHA)
MHA operates through the following steps:

hidden state’s stream residual stream

3. Update hidden state with the moving average
H,=A]
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Modern Hopfield Attention(MHA)

hidden state’s stream residual stream
MHA operates through the following steps:
e
( Matmul )<—‘
1—a
: : : W)
4. Apply the weighted residual connection
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Pre-train
Vision Tasks(acc)
model size model type CIFAR10 CIFAR100 ImageNet-1k
ViT-Base(86M) | self-attention 96.190 75.360 76.074
MHA (a = 0.5) 96.175 76.215 76.434
MHA (e = 0.7) | 96.490 75.590 77.058

Language Tasks(ppl)

model size

model type WikiText-103 DailyMail BoocCorpus

MiniLlama(43M) | self-attention

MHA (o = 0.5) 14.29

19.36 23.76
18.97 23.50




Experimental Result

Downstream
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Vision Tasks(acc)

model size

model type

Flower102 Foodl01 stanford dogs Stanford cars

ViT-Base(86M)

self-attention

MHA (o = 0.7)

81.15 74.51 95.00 51.54
93.85 87.99 83.64 87.54




Rank collapse Analysis

Self Attention

_ Modern Hopfield Attention(a = 0.5)

_ Modern Hopfield Attention(a =0.7)

Mode: 1.00 Mode: 0.93 Mode: 0.92
Median: 0.19 Median: 0.95 Median: 0.95
Mean: 0.25 Mean: 0.95 Mean: 0.95
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Ttoken-similarity for ViT-B training with CIFR100
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__—diverse distribution
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Self Attention Modern Hopfield Attention(a = 0.5) Modern Hopfield Attention(a =0.7)
Mode: 1.00 Mode: 093 Mode: 0.92
Mecin: 045 [ Wedanross Meann 005 |
e 025 Hean 09 % o095 1\
! I

layer_1
|

| Hf

-1.0 -05 0.0 0.5 1.0-1.0 -0.5 0.0 0.5 1.0-1.0 -0.5 0.0 0.5 1.0

Mode: 1.00 Mode: 0.67 Mode: 0.67
Median: 0.17 | Median: 0.84 r| Median: 0.84 H
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layer_3
i}
it

! !

-1.0 -05 0.0 0.5 1.0-10 -0.5 0.0 0.5 1.0-1.0 -0.5 0.0 0.5 1.0

Mode: 1.00 Mode: -0.05 Mode: -0.05
Median: 0.17 | Median: 0,54 Median: 0.55
Mean: 0.22 Mean: 0.51 Mean: 0.51

layer_6

-10 -0.5 0.0 0.5 1.0-1.0 -0.5 0.0 0.5 1.0-1.0 -0.5 0.0 0.5 1.0

Mode: 1.00 Mode: 0.10 Mode: 0,10
Median: 0.15 | Median: 0.55 Median: 0.56
Mean: 0.19 Mean: 0.40 Mean: 0.40

layer 9
|

-10 =05 0.0 0.5 1.0-1.0 =05 0.0 0.5 1.0-1.0 =05 0.0 0.5 1.0
Mode: 1.00 Mode: .0.11 Mode: -0.11
Median: 0.21 | Median: 0.50 Median: 0.49
Mean: 0.25 Mean: 0.40 Mean: 0,39

layer_12

-1.0 =05 0.0 0.5 1.0-1.0 -0.5 0.0 0.5 1.0-1.0 -0.5 0.0 0.5 1.0

Theorem: upper bound of MHA
|Res (AttnNet(X))||1,00 < maxZ_o (r(1 — o/)Cy)

m = 0 term mitigates collapse
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