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Kanerva machine & Dynamic Kanerva machine [3,4]

M~pM)=NV(U,R, C)

Memory treated as a distribution.

Writes are inference: p(M | X)
«Reads are sampling conditional: p(X | M)

[3] Wu, Yan, et al. "The Kanerva Machine: A Generative Distributed Memory." ICLR. 2018.



Heap allocator vs. Kanerva++
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sample episode:
X = {.’Bl, ...,.’BT} ~ D;
compute embedding:
E = fo.n.(Xt);
infer keys: Y; ~ ,
N(“Bkey (E)a O6eq (E)) )
write memory:
M ~ 6(fomem (E))




Generative model.

given memory: M ;
sample keys: Y; ~ P(Y3);

extract regions: M =

v {fesT(Ma ytk)}{c{:ﬁ
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decode: X; ~
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Optimization objective.

L1 = Eq,(z|x), ¢5(v|x) InPe(X|Z, M,Y)

Eq¢ (YIX)DKL [qu (Z|X)||po (Z‘Ma Y)) Deterministic memory

—— p———r X
Amortized latent variable posterior vs. learned prior M ~ { fsr ( M, Yy ) }i(zl

Dkrlgs(Y|X)|[p(Y)]
N———
Amortized key posterior vs. key prior



Results: memory conditional likelihood estimation
Inp(X|M) =2 Z;

(nats/image) image)
VMA (Bornschein, 2017) - 103.6 - - -
KM (Wu, 2018a) - < 68.3 - < 4.37 -
DNC (Graves, 2016) - < 100 - - -
DKM (Wu 2018b) < 753 < 77.2 - < 4.79 < 2.75
DKM w/ TSM (our impl) < 51.84 < 70.88 <415 < 4.31 < 292
K++ (ours) < 41.58 < 66.24 < 3.4 < 3.28 < 2.88




Inference.

through iterative

Improving generations
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DMLab maze generation.
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Memory conditional generative model
» Heap allocator inspired differentiable memory.

pl = malloc{16) 0 1 p2pIps

p2emalioel9) T T
e matonsa L]
p4 = malloc(4)
Traditional heap allocator Kanerva++
We propose

Kanerva++: a differentiable, end-to-end block
allocated episodic memory for conditional image

generation.

Contributions

* Deterministic episodic memory created through

temporal shift module encoder.

» Spatial transfomer based block allocation.

* Low dimensional sampling distribution (R?)

that indexes large memory.

* Local key perturbations produce semantically

Initial gomratk?n
BN EA,
h ERRZEN

Write model

Read model

Tost Epsode

oy Y

Model

Ev ppaqui )

. MW
] i [®
' L —_
u: Y.

I=; | "" Z| |.. o
T hecative
reading ") Episode
(and prior evaluation) DCCALINICTION
Binarized Binarized Fashion MNIST CIFARI0 DMLab mazes
MNIST | Omaigiot |~ e feim) (bits/dim) (bits/dim)
(natsfimage)| (natsfimage)
VMA (Bornschein, 2017) 103.6 -
KM (Wu, 2018a) < 683 <437
DNC (Graves, 2016) - < 100 - -
DKM (Wu 2018b) <753 <772 - <4.79 <2.75
DKM w/ TSM (our impl) | =51.84 570.88 <4.15 <4.31 5292
K++ (ours) <4158 <66.24 <3.40 <3.28 <288
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