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Part I
Animal navigation

‘Optimal switching strategies for navigation in
stochastic settings.”

FM, L. Mahadevan. N
arXiv preprint arXiv:2311.18813

L. Mahadevan
(Harvard)




Navigation in noisy environments
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Credit: MdeVicente CCO 1.0 Universal
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Navigation in noisy environments
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Y A P

Synthetic data
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Switching behaviour in navigation

Intermittent search
strategies

state2 V J o r P

Search P , W e }

State 1 ta rget | i Su_rge__, { Female moth
. i Cast

Trailing Zigzagging vs casting

Wind direction

Male moth

mg/ E. Balkovsky, and B. |. Shraiman.
PNAS 99, 12589 (2002).

L.L. Lopez, et al. IntechOpen, 2011.

Thesen, Aud, Johan B. Steen, and Kjell B. Dgving.
Journal of Experimental Biology 180.1 (1993):

247-251. A. G. Khan, M. Sarangi, and U. S. Bhalla, Nature

communications 3, 703 (2012). G. Reddy, V. N. Murthy, and M

Vergassola. Ann. Rev. Cond. Matt.
Phys. 13 (2022): 191-213.

O. Bénichou, C. Loverdo, M. Moreau, and R.

Voituriez, Rev. Mod. Phys. 83, 81 G. Reddy, B. I. Shraiman, and M. Vergassola,

PNAS 119(1), €2107431118 (2022).
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Egocentric vs geocentric strategies
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Human with a
map

R
b s .

O. Peleg and L. Mahadevan. Royal Society open science 3.7, 160128 (2016).
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Model

GOAL
Active Brownian motion Maximise the displacement in the x
x(t) = vy cos[0(1)], direction (keep 6@ close to zero)
V(1) = vy sin[0(1)],
0(1) = (1) " 0

(n(@) =0
(n(On()) = 2Do(t — 1)
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Model

0),430)23D)

AL
Active Brownian motion GO
with corrections Maximise the displacement in the x

direction (keep @ close to zero)

o+ dny = 3 0O+ V2Ddm(t)  ifs(0,1) =0,
0 if s(0,7)=1.

\

Correction
policy
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Optimal control

0),430)23D)

Active Brownian motion
with corrections

Reward o a0 L51 = { Vo J | cos(0(7))dr — x (N(t) — N(1p))

function
’

Reward Cost
e = Time horizon

N(t) = number of reorientation events up to time ¢
x. = (Cost per reorientation
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Optimal control

0),430)23D)

[

f
Eﬁ“’(‘:’gﬁ' F o [s1 = (v, L dr cos(0(1)) — x,(N(t;) — N(1y)))
Optimal Maximisation over all
reward possible strategies
Optimal e
strategy S *(0,1) = argmax  F [s
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Previous works

UNIVERSITY OF

0),430)23D)
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Cite this article: Peleg 0, Mahadevan L. 2016 3Department of Organismic and Evolutionary Biology, Kavli Institute for NanoBio E . : 55
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Dynamic programming

0),430)23D)

R. Bellman, R. W. Kalaba, et al., Dynamic programming and modern control theory (1965)
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Bellman equation

B. De Bruyne
(QRT)

Optimal
reward

—0,J(0,1) = DozJ(0,1) + vycos(@), 60 € Q(1),
Qt) = {0:JO,0) > JO,1) — x,.}

Optimal k() 1) — 1 ?f 0 & Q(1),
strategy 0 1feeQ,

B. De Bruyne and FM, Physical Review Research 5, 013122 (2023).
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Optimal reorientation policy

0),430)23D)

XV

[
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Infinite time horizon limit

0),430)23D)

—0,J(0,1) = DA5J(0,1) + vycos(@), 0 € Q(1), 01
Q) = {0: JO,1) > JO,0) — x.)

1 . Dx,
—sin(6,)0, + cos(0,) = 1 .
2 Vo
sin(@,)
vE =y,
0,
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Infinite time horizon limit

0),430)23D)

1
5 Sin(6’a)6’a + COS(Ha) — 1 — ¢ . V>I< — VO

Dx i:/ Vo
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Time between reorientations

0),430)23D)
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Measurement noise

0),430)23D)

0 = real angle 6, = measurement noise
x(t) = vycos|O(1)], | |
V(1) = v, sin[0(1)], 0 = n(1) 0. =n (1)
0, =00 +0,0)  nOn)) = 2Dt 1) (1, (D, (1)) = 2D,6(t = 1)
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Measurement noise

0),430)23D)

x(t) = vycos|O(r)],

¥(#) = vy sin[0(1)]
0,(1) = 0(1) + 0,(1)

961
” cos (57
v= 21+ 10| 1 -z~ -

) 0+/1/7
a a
cosh 1+ 1/r
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Measurement noise

0),430)23D)

1.0
IJQVATS

0.5-

0.0-
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Conclusions and perspectives o

 Minimal model of animal navigation inspired by the
dung beetle

* Applications other systems: olfactory navigation,
search processes,...

* Experimental verification (Lund Vision Group)
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Part 11
Multi-task learning

‘Optimal protocols for continual learing via
statistical pnysics and control theory”

FM, Stefano Sarao Mannelli, Francesca Mignacco

arXiv preprint arXiv:2409.18061

Francesca Mignacco Stefano Sarao Mannelli
Princeton and CUNY Chalmers University



Learning protocols

0),430)23D)

Architecture

Structured
Data / Task

Optimization
Algorithm
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Learning protocols

Architecture

Structured
Data / Task

0),430)23D)

Hyper-parameter schedules:

Optimization
Algorithm

Regular

Optimal strategies in navigation and learning: statistical physics meets control theory

_earning rate
Momen
Batch si

um
76
Ization




Learning protocols

0),430)23D)

Model optimization:

: ® Pruning
Architecture e Knowledge distillation
® Dropout

Structured
Data / Task

Hyper-parameter schedules:

® | carning rate
® Momentum
Optimization e Batch size
Algorithm ® Regularization
®
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Learning protocols

0),430)23D)

Model optimization:

: ® Pruning
Architecture e Knowledge distillation
® Dropout

Structured
Data / Task

Dynamic data / task selection: |
. . Hyper-parameter schedules:
® Active learning .

® | carning rate

o Algorithm

e Curriculum learning e Momentum

® [ransfer learning .- : .'

® Multi-task learning Optlmlzatlon : iggcuﬁai'igtion
. .
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Learning protocols

OXFORD
Goals: Model optimization:
® Speed-up convergence : ® Pruning
® Guide the training towards better regions of Architecture e Knowledge distillation
parameters space ® Dropout

From smoother landscape to the target

Structured
Data / Task

Dynamic data / task selection:

. . Hyper-parameter schedules:
® Active learning

® Curriculum learning : \_Aec?r;nel?wguﬁte

: Iﬂraﬂz; f ?;Qiﬂ?ng Optimization e Batch size

o Algorithm ® Regularization
. "
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Learning protocols

OXFORD
Goals: Model optimization:
® Speed-up convergence : ® Pruning
® Guide the training towards better regions of Architecture e Knowledge distillation
parameters space ® Dropout

From smoother landscape to the target

Structured
Data / Task

In this talk:

Dynamic data / task selection:

. . Hyper-parameter schedules:
® Active learning

e Curriculum learning : \_Aec?r;nel?wguﬁte

. [ | | m [ )

¢ Mt task loaring Optimization e Batcn size

o Algorithm ® Regularization
. .
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Model-based approaches to data / task selection

UNIVERSITY OF

0),430)23D)

(Non-exhaustive list)

® Curriculum learning [Wel

® Active learning [Cui et al. (2020); ...]
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Model-based approaches to data / task selection

UNIVERSITY OF

0),430)23D)

(Non-exhaustive list)

e Curriculum learning [Wei

® Active learning [Cui et al. (2020); ...]
° ...

Can we compute the optimal™ strategy ?

* In terms of the final performance
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Supervised learning - general setup

0),430)23D)

Dataset with labels Neural Network

D = {x,y;}ie; Y = Jw(x)

A\

-Xample: y = €I‘f(WTX)

—rror (aka loss) Stochastic gradient descent
1 )
Ezz(y—y) wHtl = wH — y V ¥
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Dimensionality reduction + optimal control

IIIIIIIII )

0),430)23D)

network
weights

time

witl = wH — pV ¥

High-dimensional
complex dynamics

Control theory is
computationally
demanding
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UNIVERSITY OF

0),430)23D)

Dimensionality reduction + optimal control

VAT, N A

X= o S

=D S ©

-|—’q) |\, S

), O M

C§ : O >
time time

W//H_1 =wH —nVZLH o . — control
1 Statistical physics Q=/Qu) Jaies
High-dimensional > Low-dimensional

complex dynamics effective description

[ Saad & Solla (1995); Biehl & Schwarze
(1995); Riegler & Biehl (1995); Goldt et al
(2019); Refinetti (2020); Veiga et al (2022);
Arnaboldi et al (2023); ... Agoritsas et al
' (2018): Mignacco et al (2020): Mannelli et
COntrol theory 1S (2018); Wﬂt\dﬂ CCO et al P49740) » Mannelli et COntro| theory can be
tati | al (2021); Bonnaire et al (2023); ... |
computationally applied
demanding
[ Pontryagin (1962), Bellman (19695); Saad &

O ©

997), Sivak & Crooks (2012); ... |

Rattray(1
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Continual learning & catastrophic forgetting

0),430)23D)

Task 1 D
Task 2 D

Performance

epochs
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Continual learning & catastrophic forgetting

0

0),430)23D)

Task 1 D
Task 2 D

Performance

Train on Task 1 epochs
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Continual learning & catastrophic forgetting

Fgho  Hh

0),430)23D)

Task 1 D
Task 2

Performance

Train on Task 1 Train on Task 2 epochs
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Continual learning & catastrophic forgetting

Fgho  Fh

0),430)23D)

Task

O
= Catastrophic
_\ E forgetting
Task 2 D % of Task 1 !l
ol

Train on Task 1 Train on Task 2 epochs
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Continual learning & catastrophic forgetting

0),430)23D)

Task 1

Catastrophic
forgetting

Task 2 of Task 1 Il

Performance

Train on Task 1 Train on Task 2 epochs

Humans & Animals ML (empirical): ML (theory):

can learn sequentially without Neural networks suffer from Key role of width, depth
interference problems catastrophic forgetting and task similarity

IMcClelland et al (1995); Barnett & Ceci (2002); [@OGJ‘fCJHNv’ et al (2014); Ruder & Planck (2014); [Mirzadeh et al (2021); Lee et al. (2021,
Calvert et al., (2004); Mareschal et al (2007); Nguyen e )19); Parisi et al (2019); Mirzadeh 2022); f Asanuma et al (2021); Doan et
Pallier et al (2003); ... Flesch et al (2018); Cichon et al (2020); w eyshabur et al (2020)] al (2021); Shan et al (2024)]
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A teacher-student model of (supervised)continual learning

Introduced in: Lee, Goldt, & Saxe (ICML 2021)

0),430)23D)

Task T

_ (1) L,(1)
21 =155 X~ /0.1 € RV

N> 1
Task 2

D, = {x,y?}
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A teacher-student model of continual learning

Introduced in: Lee, Goldt, & Saxe (ICML 2021)

0),430)23D)

Teacher 1 Student

(multi-head)

Teacher 2

Task 2

X
y? = g, (w*.

VN
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A teacher-student model of continual learning

Introduced in: Lee, Goldt, & Saxe (ICML 2021)

0),430)23D)

Teacher 1 Student

(multi-head)

K=2 N
~(1 1
y()zzvlg)g Wy, -
k=1

JN
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A teacher-student model of continual learning

Introduced in: Lee, Goldt, & Saxe (ICML 2021)

0),430)23D)

Teacher 1 Training Student
phase 1 (multi-head)
S0 Learned

K=2 N
~(1 1
y()zzvlg)g Wy, -
k=1

JN
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A teacher-student model of continual learning

Introduced in: Lee, Goldt, & Saxe (ICML 2021)

0),430)23D)

Teacher 1 Training Student
phase 1 (multi-head)
Learned v

Training
Task 2 phase 2
K=2 . ( X )
5 — Z:
T | Yy = Vi | Wk
v = g, o be learned - VN

without forgetting !!
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A teacher-student model of continual learning

Introduced in: Lee, Goldt, & Saxe (ICML 2021)

0),430)23D)

Teacher 1 Training Student
phase 1 (multi-head)
Learned v

Training
Task 2 phase 2
K=2 . ( X )
5 — Z:
T | Yy = Vi | Wk
v = g, o be learned - VN

without forgetting !!
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1. The error depends only on the order params

0),430)23D)

(Generalization error on task 7 :

I 2 v = g (Wt* - )
et (W, V,W,) = 5 = [(y(t) _ A(t)) ] N

Saad & Solla (1995); Biehl & Schwarze (1995);
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1. The error depends only on the order params

0),430)23D)

(Generalization error on task 7 :

Et (W, V, W*) — % a [(y(t) _ "(0)2]
1
2

. _ _
0 0 Eax, [9(%)9()] + SEa, |g:(A)?
) i _

o Z vl(ct) 43)\)\* Q(Ak)g* ()\it))

(7)
Wy - X wi - x
. and A =

VN VN

Saad & Solla (1995); Biehl & Schwarze (1995);

Pre-activations: 4, =
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1. The error depends only on the order params

0),430)23D)

Generalization error on task 7 ;
o (W, V,W.) = E | (A, ) |

Wk - X (f) Wﬂ(f) * X i
and A7 = are jointly Gaussian.

VN VN

Pre-activations: 4, =

Saad & Solla (1995); Biehl & Schwarze (1995);
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1. The error depends only on the order params

0),430)23D)

(Generalization error on task 7 :

1 1
P(A ) = ——(A ) TCTH A, )
AX) = e o (~5(AA)TCT AN
(W, V. W.) = E, [f(A, )] c- (3 M)
_ _ Wk - X (t) Wg) * X o _
Pre-activations: 4, = and A7 = are jointly Gaussian.
VN VN
[y @] L Wk wf)
Mkt pp— 44:13 )\k)\* — N ]
The second moments are given by R\, ] = Wk Wh
the order parameters Qrn = Ea [AeAn N
o Loy ws) - wl
Sipr = Egp | A’ A 7| = N

Saad & Solla (1995); Biehl & Schwarze (1995);

21stNov 2024 Optimal strategies in navigation and learning: statistical physics meets control theory



2. Exact ODEs for the order parameters

0),430)23D)

u=1,..., P = training epoch

Online SGD: witl = wh — v L* L =

1
5 (y(t) _ A(t))

Saad & Solla (1995); Biehl & Schwarze (1995);
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2. Exact ODEs for the order parameters

0),430)23D)

u=1,..., P = training epoch

Online SGD:
kK = Yk k k \/N )
K
ADE = O _ o Op — Z () (AH) g*()\f.f)“)
k=1
xt - wl’“ rH . w(t)
Pre-activations: A = k- AWK i
VN VN

Saad & Solla (1995); Biehl & Schwarze (1995);
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2. Exact ODEs for the order parameters

0),430)23D)

u=1,..., P = training epoch

7}
| | putl o t)p . (t)w 1 oypy L
) (t) wy; - wg)
—xample derivation: ODE for the “magnetization” Mg :=Eg |AgAs’| = N
+1 (%) (t)
’w;: XTIN 'w;:.'w* _ 77“A(tc)“v(tC)“g’()\“))\(t)“
N N N : S

Saad & Solla (1995); Biehl & Schwarze (1995);
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2. Exact ODEs for the order parameters

u=1,..., P = training epoch

7}
| | putl o t)p . (t)w 1 oypy L
) (t) wy; - wg)
—xample derivation: ODE for the “magnetization” Mg :=Eg |AgAs’| = N
+1 (%) (t)
'w;: XTIN w,‘j.w* _ 77#A(tc)“v(tC)“g’(A“))\(t)“
N N N : S

a = u/N = training “time”, high-dimensional limit with P/N = O,(1) :

dM . :
Wit () Ea, [Ag AY] = far

Saad & Solla (1995); Biehl & Schwarze (1995);

0),430)23D)
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2. Exact ODEs for the order parameters

0),430)23D)

ODEs for the order parameters: d(@(a)

% = o (@), u(@))

Q = (vee(Q), vec(M), vec(V)) a € (0ar \
Control

» Jask
» Learning rate

Saad & Solla (1995); Biehl & Schwarze (1995);
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3. Meta-optimization

0),430)23D)

ODEs for the order parameters: d(@(oz)
3 — f@ ( (Ck), U(CV)) Forward dynamics
Q = (Vec(Q),Vec(M),Vec(V))T &
a € (0, ap]
Cost functional: F[Q,Q,u] = A (Q(ar)) + /O " da @(a)T[ d%((f‘) - fo (Q(a), u(e))

Optimization objective: Pontryagin (1962)]

h(Q(ar)) = Z cte¢(Qlar))

t=1

T
with ¢; > 0 and th =1
t=1
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3. Meta-optimization

0),430)23D)

ODEs for the order parameters: d (a)
q = fo (Q(a), u(a)) Forward dynamics
Q = (VGC(Q),VGC(M),VGC(V))T .
a € (0, ap]
Cost functional: FIQ,Q,u] = & (Q(ar)) + / " da @(a)T[ d%((f) - fo (Qa), u(w))
Optimization objective: Pontryagin (1962)] "
T
p— - —l_ A
h(Q(ar)) t:ZlCt et(Q(ar)) d 504) _ Q(a)TVQfQ (Q(a),u(cr)) Backwards dynamics
. o
with ¢; > 0 and thzl A
= Q(ar) = Voh(Q(ar))
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3. Meta-optimization

0),430)23D)

ODEs for the order parameters: dQ(«a)
e fo (Q(a), u(a)) Forward dynamics
Q = (vec(Q), vec(M), Vec(V))T &
a € (0,ap]
Cost functional: F[Q,Q,u] =k (Q(ar)) + / " da @(a)T[ d%((f) - fo (Qa), u(a))
Optimization objective: [Pontryagin (1962)] :
T
p— . —l_ A
h(Q(aF)) t:Zl Ct E¢ (Q(CVF)) d éa) __ Q(Q)TvaQ (Q(CV), U(CV)) Backwards dynamiCS
- o
with ¢; > 0 and thzl A
= Q(ar) = Voh(Q(ar))

Optimal protocol: u™*(a) = argmin,, {@(Q)Tf@ (@(06), u) }
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Training only on the new task

OXFORD

Control: u = task

o = epochs / input dimension=25.0

e No replay (n=1)

4 x 1072 -
Task 2

L. 3x1072
O
-
-
)
I

2 x 1072
d

—
o = epochs / input dimension

. . . Intermediate task similarity
0.0 0.2 O 4 O 6 0.8 .
Task similarity vy leads to the worst forgetting.

wh
O
W
D
(>
®
o
™
O
S,
CD
Z
(@)
C
<
®
D
®
l:
TG
.:1
©

| = Mori, S. Sarao Mannell, FM, in preparation |
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The impact of replay on the performance

0),430)23D)

Control: u = task

o = epochs / input dimension=25.0

Task 2

vy=0.5 /
il

o = epochs / input dimension

Test error

e Noreplay (n=1)
o Optimal replay (n=1)

0.0 0.2 0.4 0.6 0.8

Task similarity vy

L

on |

1]

/

A}

| = Morl, S. Sarao Mannelll, FM, in prepar
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The impact of replay on the performance

0),430)23D)

Control: u = task
o = epochs / input dimension=25.0

y=0.5

—_—
107 a = epochs / input dimension

Test error

e Noreplay (n=1)

»  Optimal replay (n=1) Order matters!
e Shuffled replay (n=1)

0.0 0.2 0.4 0.6 0.8

Task similarity vy

| = Mori, S. Sarao Mannell, FM, in preparation |
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Optimizing replay + learning rate schedule

0),430)23D)

Control: u = task

o = epochs / input dimension=25.0

O _ -_—>
O 10-:- o = epochs / input dimension
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e Shuffled replay (n=1) ©
e Optimal replay + learning rate I |
107> | | l l l % 6 1
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Task similarity y + K
2 - — ————
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o = epochs / input dimension

| = Mori, S. Sarao Mannell, FM, in preparation |
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Results: optimal strategy vs benchmarks
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Results: optimal strategy vs benchmarks
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a) a = epoch / input dimension b) a c) a

Does the order of replayed episodes matter?
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Learning the new vs Replaying the old
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o = epochs / input dimension=25.0
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t 103 E
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e Shuffled replay (n=1)
o] ® Optimal replay + learning rate Order does not matter
| > Plateau + Shuffled (n=1) after the no-replay phase!
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| = Mori, S. Sarao Mannell, FM, in preparation |
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Experiments on Fashion MNIST
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Conclusions & Perspectives

0),430)23D)

In summary:

e Optimal control of effective learning dynamics reveals nontrivial training protocols.

e Continual learning: non-homogeneous replay avoids forgetting.

Many open directions!

® Experiments beyond toy models: incorporate models of structured data;

® Batch learning;

e Other learning paradigms : shaping, transfer learning, active learning, ...
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Thank you!



Bonus Slides




Curriculum learning

(IN progress)




Curriculum learning
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O O O Model

Data
small & easy
subset
Q4 Curriculum

——
Training process

Image from: Wang, Xin, Yudong Chen, and Wenwu Zhu. IEEE transactions on pattern analysis and machine intelligence 44.9 (2021):4555-4576.
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Curriculum learning
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Image from: Wang, Xin, Yudong Chen, and Wenwu Zhu. IEEE transactions on pattern analysis and machine intelligence 44.9 (2021):4555-4576.
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Curriculum learning
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2 O Curriculum

Training process

Image from: Wang, Xin, Yudong Chen, and Wenwu Zhu. IEEE transactions on pattern analysis and machine intelligence 44.9 (2021):4555-4576.
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Curriculum learning

OXFORD
Animals: Humans:
e Conditional reflexes (dogs) [Paviov (1927)] e Discrimination along a continuum [Baker, Stanley (1954)]
e Shaping (rats, pigeons) [Skinner (1938)] e Past tense [Plunkett et al (1990; 1991)]
e Discrimination along a continuum (rats) e Fading with auditory and visual stimuli |
[Lawrence (1952)] ® Eureka effect [Ahissar, Hochstein (1997)]

e Cross-species auditory identification (rats,
humans) [Liu et al. (2008)]
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Curriculum learning

OXFORD

Animals: Humans:
e Conditional reflexes (dogs) [Paviov (1927)] e Discrimination along a continuum [Baker, Stanley (1954)]
e Shaping (rats, pigeons) [Skinner (1938)] ® Past tense [Plunkett et al (1990; 1991)]
e Discrimination along a continuum (rats) e Fading with auditory and visual stimuli |

ILawrence (1952)] e Eureka effect [Ahissar, Hochstein (1997)]
e Cross-species auditory identification (rats,

humans) [Liu et al. (2008)]

ML (empirical): ML (theory):
C jio et al (2008 O Single-update advantage of easy samples
C [Weinshall et al (2020)]

| ® Speed beneflt but limited performance upgrade in convex
e No effect of CL in vision benchmarks problems [Saglietti et al (2021); Lee et al. (2024)]
Wu et al (2020)] e Computational benefit in parity machines [Abbe et al. (2023);

e Convincing results for LLMs and RL Cornacchia et al (2023)}

e Asymptotic benefit in non-convex models [V

[Brown et al (2020); Narvekar et al (2020)]
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A teacher-student model of curriculum learning

Introduced in: Bengio, et al. ICML 2009), Saglietti, et al. (NeurlPS 2022)
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Input: x = (x.,Xx;) € R"
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g O N

2 O x € R

o

= Q Unit variance
O

- O

% 2 1—p)N

< O

= O  Variance A
O
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A teacher-student model of curriculum learning

Introduced in: Bengio, et al. ICML 2009), Saglietti, et al. (NeurlPS 2022)
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Input: x = (X,,Xx;) € RY Teacher

O

% 8 y = sign(w* - X,)

N

2 O x €’

o -

= O  Unit variance
O

- O

S 3 (1=p)N

s © x, e RV

o O

E O Variance A
O

21stNov 2024 Optimal strategies in navigation and learning: statistical physics meets control theory



A teacher-student model of curriculum learning

Introduced in: Bengio, et al. ICML 2009), Saglietti, et al. (NeurlPS 2022)

0),430)23D)

Input: x = (X,,Xx;) € RY Teacher
O
= O
—_— 1 =
§ O N y = sign(w xr ) Ridge-regularized MSE loss:
[ O X, € R7 |
o - _ A2 2
' O  Unitvariance 7= E(y — )7+ Al
O Student
= O :
g S (1-p)N
o O X, € RV P C (WX)
o O oy =erf
= 8 Variance A C \/5
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UNIVERSITY OF
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An Analytical Theory of Curriculum Learning in
Teacher-Student Networks

Luca Saglietti’-*, Stefano Sarao Mannelli*-*, and Andrew Saxe??

The evolution of the dynamics can be tracked using four order parameters:

1 1
_ S w.. R=—W, W
Qr NW’I‘ Wra N T
1 1 .
QZ:NVVZVV“ T:NWT°WT7
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An Analytical Theory of Curriculum Learning in
Teacher-Student Networks

Luca Saglietti’-*, Stefano Sarao Mannelli*-*, and Andrew Saxe??

The evolution of the dynamics can be tracked using four order parameters:

1 1
_ = . R=—W, - Wrp,
Q= W, W, N T
1 1 .
QZ:NVVZVV“ T:NWT°WT7
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o
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)i 3

N

Online learning: [Biehl & Schwarze (1

Qr A f@r(Q’invRv T)
Qz’ N sz(Qra Qi? R7 T)
R <+ fR(QraQiaRa T)

(D
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A teacher-student model of curriculum learning

OXFORD
An Analytical Theory of Curriculum Learning in
Teacher-Student Networks
70 -
Luca Saglietti’-*, Stefano Sarao Mannelli*-*, and Andrew Saxe??
The evolution of the dynamics can be tracked using four order parameters: -
X
! Re—W.. W g
- _— . ©
QT—NWT-WT, N T, 360
Q) ! W, W, T ! Wp - Wr; “’
L —_— - e . _— — T * T 9
(/ N 1 19 N 55 -
s CUrriculum
ms - gNti-curriculum
N . 50 == O CUrricula
Online learning: [Bieh Saad & Solla (1995); ...] | | | | .
0.0 0.2 0.4 0.6 0.8 1.0
epoch / input dimension

Q?‘ A er (Q’M Qi? R? T) Curriculum: Anti-curriculum:

0, « sz(Q Q R T) Easy Hard Hard Easy
i I I

R % fR(QT»7 QZ’ R’ T) a=epOChS/input dimension = epochs / input dimension

— —
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Optimal curriculum protocol
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_ _ Control: U = A
® Easy-to-hard curriculum is often suboptimal. p =095, 1 =258

1.8x 1071 -

e Curriculum
+ Anti-Curriculum
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1.5%x 1071 -

Final error

1.4x 1071 ;

1.3x 1071 -
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| = Mori, FM, in preparation |
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Optimal curriculum protocol
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- _ Control: U = A
® Easy-to-hard curriculum is often suboptimal. p=0.55,1=2.58
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Optimal curriculum protocol

0),430)28D)
_ _ Control: U = A
® Easy-to-hard curriculum is often suboptimal. p=0.55 1 =258
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e Curriculum / curriculum is optimal:
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Optimal curriculum protocol
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- _ Control: U = A
® Easy-to-hard curriculum is often suboptimal. p=0.55,1=2.58
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Optimal curriculum protocol
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- _ Control: U = A
® Easy-to-hard curriculum is often suboptimal. p=0.55,1=2.58
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Optimal curriculum protocol

UNIVERSITY OF
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® Fasy-to-hard curriculum becomes optimal if we also optimize over the learning rate schedule.
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Optimal curriculum protocol
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® Fasy-to-hard curriculum becomes optimal if we also optimize over the learning rate schedule.
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Optimal curriculum protocol
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® Fasy-to-hard curriculum becomes optimal if we also optimize over the learning rate schedule.
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