Neural recognition and postdiction by temporal distributed distributional code
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In sleep phase, recognition model solves

internal model: latent p(z;z;.1) and observation p(x; z;) — 3] (1)
DDC: encode Q'(Z1;t‘X1;t) < I 1= @qW(Zm)]
temporal code: ¥; = k(t.1, Z;)

Introduction
m Accurate and flexible state representation is crucial

min EP(ZH,XH) [H hW(rH ’ Xt)

m Experiments suggest optimal "cue combination” [2, 4] w

m Postdiction is common in dynamic environments [5]

W1 IS a summary statistics of Xq.;.1.

pre prlnt

m Examples: continuity illusions [1], localisation [3]

A B C Soun "7 e 1 i 2 m); = U1 + ~(2;), random but fixed temporal encoding function
O k= i sleep phase: train h(r.1, x;) — 1/; by MSE (d-rule) Y1 =v(z) + Uy(ze1) + UPy(202) + - -
stimulus | _ _ @ [ — |— o~ | wake phase: predict Jq[wt] = (rH | Xt) mh?) =W (rq0(x;)7), or hl? = Wlr.y, o(x;)], o) random but fixed
1 flexible (hon-Gaussian) g, postdictive mmin Ey||h — 1)||* < min KL[pl|q], where g = ExpFam(s, hw)
percept. — - — B E:j:“: m Possible to assume h is linear only in o (X;) and derive a formal solution,

zong 124 Cm

albeit with complicated neural implementation

Key results

Bimodal filtering

Internal and inferential model

m If the state-space model is stationary, W should converge

m Independent noise in v;, o and r; averages out for large population

Internal model: internal (generative) inferential - - -

llaten’;(cau?ef . —>Lt 4—>Z—> =Tt 1 I exact posterior (Dootstrap particle filter) gltrue 2 m Adaptation: follow gradient of variational objective VoJFg(Z, X)
Zy — I'\Zt-1 z \L /I\

m observation X1 it X1 it | % { I Additional results
X = 91z) +. . arbitrary q(2) " %ﬂ Occluded tracking with DDC

m No assumptions on ( / — ) N — -

—= §(z PF bilin lin EP observations
inferential mode
mencode q(Zy.r|Xi.1) Wr(z), K=12 ' T ticle filter, R2=0.546
mby r; = Eqlt) (2] \ P :

(DDC [6]) \ . j "
A
mo = k(ther, 2) | R | 1
mirain W- PF bilin lin EP

MSE
hw(ri1, X;) — 1y

outputs E,[1);]

W assess by max ent

Auditory continuity illusion

Postdictive filtering
A tone = noise B

Learning to infer

g At each time t, have:
Fi1, Zr1, and 1)y 1

A sample z;, x; ~ p

sampling learning to infer

freq amp

P, bl t
@ compute v, = k(11 1, 2) - ‘Z : A _ _ ~
| update W to minimise: ; AW 1 - — —
2 Z,  —>»7 D - — ==
”hW(rt-11Xf) _thZ t-1 t T I
5-rule if his linear/bilinear Y1 N P e ¢ T 3
s = I I I
Afilter r; = k(l’H,Xt) A o 4- - _
. T —— Smoothing flash-lag effect
6| readout: find o c:; I
V(zt-’t:t) ~ 04T¢t Y ; 6 _--==== e A human data B observations € DDC:t;=3,7=3D DDC:t;=3,7=0
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