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A. Appendix
A.1. Proof of Corollary 1

Proof Under the optimal student assumption, the predictor
learned by the student at iteration ¢ is

S bif(a):

ft = argmin R :[f] = arg min
f
(zi,y:)€LY

(30)
If the teacher selects at least one new example per iteration,
Lt increases with ¢, i.e. £!=1 C L£*. Since D has finite size
n, 3k < nst. LF = D. It follows that, if ¢ > |D|, the
student will eventually learn from L£*. From (30) and (1) it
follows that f* = f*. |

A.2. Proof of Lemma 1

Proof Assume without loss of generality
that A = {(z1,11), .- (@Tm,ym)} and B =

{(@m+1,Ym+1)s - (Tnyyn)} for any 1 < m < n.
Then, it follows from (10) that

vg(D)RD(f) = (wla--'awmvwm+17~-~awn)T (€2
= (Vi RAW. Vi Bs() ()
= (V:‘;(A)RA(f)? 0) + (0’ Vg(B)RB(f))
(33)
= Vo Ralf) + V) Rs(f) (34)
and (18) follows from (8). |}
A.3. Proof of Lemma 2

Proof Assume, without loss of generality, that L1 con-
tains examples {x;}_, and D'~! examples {z;}1",  ,, for
some 1 < k& < n. Then

v€(D)RL‘*1 (ft) = (Vg(ﬁt—l)R5t71 (ft),
Vi Reer (1)

= (Vi Rea(£9,0) . @6)

(35)
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Since the student is optimal, (30) holds and, using (13),
V\p(ﬁt—l)Rﬁt—l(ft) = 0. Hence, V\I/('D)Rﬁt—l(ft) =0
and, from (8), Oy Rpt—1 (f*) = 0. Since, from Lemma 1,

OgRp(f') = 0gRre-1(f') + 0y Rpe-1(f1), 37)
(19) follows. |

A 4. Proof of Theorem 1

Proof Forany g = > _paid(x — ), [|g|] = 1if and
only if ||a|| = 1 and, from (8),

dyRp(f") = (Ve Ro(f'), a) >

~[IVy@) Bo(f)|l ]l = =[[Vem@) BEp ()]
(38)

Since equality is achieved when « is the direction

1
e~ Ve Ro(fh), 39
a Voo B (F] wo)Rp(f°) (39)

the steepest descent solution of (15) is

g = Z afd(x — x;) (40)
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Similarly, the steepest descent direction of (17) is

h(L) = > vid(z —x:) @)
;€L
with
1
= R o Re ), @2
' Ve Re(FO]] Y5 (., @)

Assuming, without loss of generality, that 3% such that z; €
L for i < k, then

h(L) =Y Bro(x —x:) (43)
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where we have used the fact that

Voo Bo(f) = (Vi) Re(f), Vi) Ro-c(f1))

49)
It follows that the solution of (16) is
Nt = arg max Vo) Ree—1on (f)]2 (50
= arg max {IVe@)Ree— (fOIP+IVwo) Bar ()17}
(51)
= arg max ||Vyp) R (/)] (52)
= arg max ||V R (f)[* (53)

where we have used the fact that, from Lemma 2,
Vo) Ree ()P =0. 1

B. Other implementation details

Both datasets were subject to standard normalizations.
Training images were first randomly resized to 224 x 224
and then randomly flipped, whereas testing images were
first resized to 256 x 256 and then center-cropped to
224 x 224. All images were also first converted to [0.0, 1.0]
from [0, 255] and then normalized by subtracting the mean
[0.485,0.456, 0.406] and dividing by the standard deviation
[0.229,0.224,0.225] of each RGB color channel. On both
datasets, we use the train-test split of [2]. The data is accessi-
ble in [1]. The 512-D output of global average pooling of the
ResNet-18 is used for the output of f(z) on the multiclass
case. More details are available in our attached code. In real
learner evaluation, we require that workers be masters to do
our tasks. Additionally, we require non-Chinese speaker on
Chinese Characters dataset experiments. Each turker is paid
$1 for the teaching task.

C. Selected teaching examples

We show the selected teaching images of MaxGrad on
both datasets in Figure | and 2. Also, Figure 3 shows his-
tograms of test time accuracy, at the end of the training.
MaxGrad is clearly more effective than RANDOM overall.
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Figure 1: Selected teaching images on Butterflies

. 3y i B B X
7% & 4 f;“?"'%’?\j?

Grass Grass Stem Mound Mound Mound Stem Stem
-+ < A7
; §7
T | P ' T

Grass Mound Mound Mound Grass Stem Stem Mound

Figure 2: Selected teaching images on Chinese Characters
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Figure 3: Test performance for human learners: learners binned

by test accuracy. Left: Butterflies. Right: Chines chars.



