ldentifying three-factor learning rules that support common neuroscience task aquisition

Which plasticity rules promote task acquisition and which solutions do they learn?

Task-trained recurrent networks optimized with standard methods (BPTT, FORCE) often converge onto similar
solutions, although multiple alternatives could perform equally well. Yet, this "simplicity bias" may be a
property of the learning rule rather that the task itself. We therefore ask here: how does the plasticity rule
variant shape the resulting solution space, and do different biologically plausible rules converge to
different solution classes? We first introduce a framework that discovers local three-factor plasticity rules
to identify rules that reliably support task acquisition. We then probe the dynamical landscape and
emerging representations to characterize systemtic learning rule-solution biases.

Discovering plasticity rules Meta-optimization discovers task-learning rules
delayed o s gz: | | : oy 1.0 -
reward g 1012 §0.6- . 40eopi sssss o0 E 0.5 0.25
00000 o i e !
: o 1 2 3T % 5 o 1 &3 1 3 " 5007 & 5 —0.5 ‘ :0:75
plasticity-rule coefficients o%tri'rj-isifld orgtriwré].iiid _1'81.0post—sc;)/.nsapti Coff?uctuac;ifzn N 1.0
learned © e
z 1.0 1 &r
: 0 1 i!ié % . _IO'SI
£in (Ax)! =0 1.0
o learne d plasticity kerne _1.0 +— : ,
= ht — He(AX, 1) 1o Ho — He, -1.0 -0.5 .0.0 0..5 1.0
g I dXt t t t % :’vaecllite szj — 77 63; (R — R) . . ok : r . postsynaptic fluctuation Ax
— = x'+ W) + Wiput  E ST :
g dt ¢( ) ln 2 ‘ ‘ ‘ .:_,g_ % 0.0 g 0.0 0.0 % ' P’ 0.74 _,cz_,)
; % j [ % Cos % - % - £ / 0.72 %
S . 8 | eligibility ot . — 0, (rt e (7t — 2t)! T ok ) c 8 -
§, r' = ¢(x")=tanh (x") Y trace W 2k ’“”(_ﬂ) (#: — ) e Wartiton i s
| e pre syn. post syn. .-
rate fluctuations | | | | | 0.62;*5
o 1l WAL AR N dn! - - - -g= :
g‘ L ﬂ _—— e . [ «Miconi  Common rules are a Characterizing identified rules and solutions
] \ . . \ 3 ; . . . o« o
g ERER DL | o ead-g--F-% HEDDIAN  pojint in this plasticity
2 ) O s O M-.|| I"*BCM-like
£ b G2 .2 O space . . .
: ‘ e i Characterize the dynamical structure of networks trained
5 §--1==1== :
= R with eachrule
I Maximize objective
g /\+1 /\+1 ) (1) 8
2 gl g TP L aq —e@p-— trial1 W o e
N h p(h = | 3 - :
E J(@):Z@ R( )>8 H R o~ —— o B
3 h 2| £ Fa@- 0 | Fre@-C trialh W , , ,
I g E v o~ N © . B o : 1o °,
2 —a@p- —<@dp- trial H W (&) Emﬂ sl\/\w/
(0] 2 2
: 0J S 07 ow™ WMW \
s 8@ aW ( h) a@ 0 150 200 °0 80 o 160
GEJ h episodes P
E 2:2;‘;:%3' Spelﬂglt’llci/l;[ty Different rules result in different representational
y y geometries, while the underlying dynamical landscape might
| o be qualitatively similar
Define sensitivity parameters that we propagate throughout
learning Tangent propagation through learnin . . . .
J 9 P ptf t tg " g o - We introduce a differentiable scalar behavioral proxy that
state tangent Xt = Xt o = xite + WO (diag(¢/(x") - Xt o) + UL ) correlates with task performance, and use its gradient as a
trace tangent Pt =Pl + (1—an) X' tractable proxy for how recurrent weight changes affect the
Z,ﬁ}l _ le,e +dt (AxN) @ (rt)k ObjeCtlve
eligibility tangent rary [Qm (A (@, — X © ()" W o
.Y 0X,., Or., 0y,
k—1 . /
+ 0/4;,)\ (Axt)A X K (I‘t) (dlag(¢ (Xt)) . X?{j,ﬂ)] "; . _|_ 5W ﬁ ﬁ 5S
> i . = . L
E weight tangent Ul = Ul %‘g;j § stimulus condition
§ " i g A small recurrent weight perturbation changes the
2 T s 001 . £o0.0030- 3 condition-dependent trajectories
= D 3° = O
@ S trial w Q Q _ t .t
3 5 0.0 1§ 000; & 0.0015«* " t S(W) <yA yB>t€7'dec
5 250 - o t
£ | 500 § 2 _ o y 4 yA . !
: e oo 1 % o oo 80T e e proxy for behavioral sensitivity M
N x1079 ical aradient 9aw" trial num. : :
numerical gradientdAd—‘e’)Vh numerical gracient "o | [ I Ay
s random projections in the plasticity Gs(W) = 05 _ 0J N PUPE L
parameter space reduce the computational 5 oW — oW ot :
cost of maintaining an extra 4 state system YB | |
for every parameter 0 3., =3 u{) xu.e ' —
. time




