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Label for Chipping Sparrow

Baselines:
random: Rand. examples with no explanations
randexp: Rand. examples with rand. explanations
STRICT: Label-based greedy approach
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Jupiter vs Mars 

Experimental Results3

Problem Formulation
Citizen science, crowdsourcing services, medical diagnosis

Illustrative Example
Field Guide for Naturalists

e.g., teaching a novice 
to classify bird images

Summary1

Existing Work

Our Approach

Interpretable Machine Teaching with Explanatory Instructions

Explanation-based Machine Teaching2

[Goldman & Kearns 1995; Zhu 2013; Singla et al. 2014; Johns et al. 2015; Chen et al. 2016; Liu et al. 2017; …]

Student's ability to learn a new concept can be greatly improved by providing 
them with clear and interpretable explanations from a knowledgeable teacher 

Explanation-based Machine Teaching

Label-based Machine Teaching

Label only based approaches may perform badly if 
hypotheses are highly structured

Teaching set  {(x, y, e)}1:m

xi ∈ 𝔛 image
yi ∈ 𝔜 label for xi 

ei ∈ 𝔹k explanation for (xi, yi): k-d Boolean vector, each eij 
indicates the importance of the jth attributes aij ∈ 𝔸.

S indices of selected teaching examples
        

Bayesian model of the learners
P(f), P(g)
P(ei | f, xi) = 𝑣fi if f(xi) ≠ ei

P(yi  | ei, g, xi) = 𝑣gi if g ◦ f*(ei) ≠ yi

Motivating Applications

Teaching image set {(x, y, e)}1:m;  hyp. {h(x):=g ◦ f(x)}; 
 noise params {𝑣f, 𝑣g}1:m; prior P(f), P(g); tolerance 𝜖

Input

Selected images to teach, SOutput

Start S ← ∅;

i*= argmin i r(S ∪ {i});
S ← S ∪ {i};
r(S) ⩽ P(f∗)P(g∗) 𝜖

Loop

Until

Near-Optimal Teaching via Explanatory Sets (NOTES)

Thm The worst-case cost of NOTES achieving error 
𝜖 is within a logarithmic factor of the worst-
case cost of the optimal algorithm achieving 
error of at least P(f*)P(g*)𝜖/2

With explanation-based machine teaching, 
learners achieve
• Better accuracy 
• Faster question answering at test time

Hypothesis H
Each h = g ◦ f:  𝔛 → 𝔜 is a 
composite of the attention 
function and decision function

Chipping Sparrow

Baird Sparrow

f⇤

g⇤

Chipping Sparrow Baird SparrowChipping SparrowBaird Sparrow

Attention model F
Each f ∈ 𝔉:  𝔛 → 𝔹k.

Decision model G
Each g ∈ 𝔊:  (𝔸 x 𝔹)k → 𝔜.

Learner’s progress measured by the expected classification error 𝔼[err(h) | S] = ∑h P(h | S) err(h)

Our goal is to find the optimal teaching set achieving expected error 𝜖 :

w({f, g}) = P(f) · P(g) · (err(g⇤ � f) + err(g � f⇤))
<latexit sha1_base64="LP55nK4yejsdoWVOnjjmN6f11EE="></latexit><latexit sha1_base64="LP55nK4yejsdoWVOnjjmN6f11EE="></latexit><latexit sha1_base64="LP55nK4yejsdoWVOnjjmN6f11EE="></latexit>

w({f, g} | S) = w({f, g})
Y

i2S
P(ei, yi | f, g)
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The NOTES Algorithm

Yi

G

F

H

Ei

Ym

EmE1

Y1 …

……

…

Bipartite graph constructed by NOTES. 
Size of nodes represents prior prob. 

Edges are drawn between f* (resp. g*) and all g’s (resp. all f’s).

Surrogate objective function: 
 remaining weight of the bipartite graph upon 

observing set S:

error induced by 
following attention f

error induced by 
making decision g

Vespula vs Weevil

Datasets

Caltech-UCSD Birds (CUB) dataset 
• CUB-1: Western Gull vs Heermann Gull
• CUB-2: Baird Sparrow vs Chipping Sparrow 
• CUB-3: Song Sparrow vs Northern Waterthrush
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(a) Mars 1 (b) Mars 2 (c) Jupiter 1 (d) Jupiter 2 (e) Weevil (f) Vespula 1 (g) Vespula 2

Figure 5: Sample images from the JM and VW datasets. For JM, objects from Mars must have blue color, grey
square shape, and thick size on the three dimensions highlighted by the arrows, from top to bottom - otherwise they
are from Jupiter. For VW, the Weevil has a mid-sized body and mid-sized head, while the Vespula does not.

6 Experiments
In this section, we present experimental results for both
simulated learners and real human participants from
Amazon Mechanical Turk.

Baselines. We compare NOTES against three other
baselines in our experiments: (1) random, which ran-
domly selects a sequence of teaching examples, and only
reveals their labels to the learners; (2) randexp, which
randomly selects a teaching example, along with a ran-
dom valid explanation to show to the learner; and (3)
STRICT (Singla et al., 2014) which selects a teaching
sequence with label-only feedback. We measure the
overall performance of the different algorithms as the
average classification error of the learners on the test set.

Datasets. We employed five different image datasets in
our experiments - two synthetic and three real datasets.
These datasets were selected with varying characteristics
so that they reflect a wide range of practical scenarios.
Our synthetic datasets, namely (1) “Jupiter vs Mars”
(JM), and (2) “Vespula vs Weevil” (VW), each contains
two groups of hypothetical alien objects with different
features. We visualize these datasets by assembling
meaningful visual parts defined by their feature values.
Sample images of the two synthetic datasets are shown
in Fig. 5. The JM dataset contains 128 images, each
with 8 parts. Every part may have different color and
shape, which gives us a 10-D binary feature vector (some
parts share). The VW dataset was created based on the
2-D dataset shown in Fig. 4. The 2-D features are visual-
ized as the head and body size of the hypothetical bugs
(Vespula and Weevil), along with two non-informative
dimensions - tail length and texture. This dataset is
an extended version of a similar dataset proposed by
(Singla et al., 2014). Unlike Singla et al. (2014), we use
a non-linear decision rule to distinguish the two groups.
This simulated data gives us full control over the gener-
ating distribution and the hypothesis space, and allows
us to demonstrate the algorithms’ teaching ability when
we have full knowledge of the learners’ hypotheses distri-
bution. We further study three real bird species classifi-
cation tasks in images. We select three pairs of visually
similar species from the CUB dataset (Wah et al., 2011)
- “Heermann Gull vs Western Gull ” (CUB-1), “Baird

Sparrow and Chipping Sparrow ” (CUB-2), and “Song
Sparrow vs Northern Waterthrush” (CUB-3). Each in-
dividual species consists of 60 images and we use all the
visual attributes that have a corresponding part location
in the images as our feature representation (237 out of
312). After grouping the attributes based on part loca-
tions, we are left with a 22-D categorical feature vector.

Hypothesis class. Unlike the simulated learners, for
the CUB datasets, we do not have an estimate of the prior
over the real learners’ attention and decision functions.
Therefore, we estimate the learner’s hypothesis with a
simple heuristic. Novices may make the wrong predic-
tion of the bird species, but their mistakes are usually
systematically consistent. Therefore for each dataset,
we first divide it into six clusters and then randomly
pick three clusters and assign them the same label - with
the opposite label for the remaining three. This gives
us

�6
3

�
= 20 possible noisy label assignments for each

dataset. We fit LIME to the perturbed datasets and gen-
erate 20 sparse linear classifiers for each of the perturbed
label assignments. We further generate 20 hypotheses
from the original dataset, where one of the hypotheses is
the ensemble of all the sparse linear classifiers generated
for each teaching example. This hypothesis is used as
the ground-truth teacher’s model for providing inter-
pretable explanations to the learners, i.e., h

⇤ :=g
⇤
�f

⇤.
To guarantee stability during teaching, we remove all
the teaching examples whose label are inconsistent with
the prediction of h

⇤. Note that we only perform this
preprocessing step for the teaching/training phase and
use the original test set for evaluation. We set ↵=1,�=1
for all experiments.

6.1 Experimental results
Simulated learners. We first conduct a study of
NOTES with simulated learners on both the synthetic
and real-world image datasets. For simulated learners,
we know their hypothesis distribution, and thus these
experiments allow us to closely inspect the behavior
of the baseline algorithms. Experimental results, aver-
aged over 30 repeats, are shown in Fig. 6. From these
results, we can see that by incorporating explanations
NOTES systematically outperforms all other baselines
for simulated learners.
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edge weight after observing S

Results
simulated and real-human learners

Explaining Teaching Examples
LIME Explainer (Ribeiro et al., 2016)

Quantifying uncertainty
 For each pair of attention/decision functions, we define edge weight
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Objects from Mars have blue top, square middle and thick base
Objects with any other combination belong to Jupiter

Weevil has a mid-sized body and head, while Vespula does not.

“X” is classified as the blue class, because its horizon axis is 
less than the threshold marked by the red line

LIME aims to reproduce the predictive results of h∗ in 
the vicinity of the input via a sparse linear classifier 

Likelihood functions for inconsistent explanations

⌫gi = expit
�
�`(h,x)(x)yi

�
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learner’s ability to 
adapt to explanations

⌫fi = 2 expit

✓
↵

✓����
f`(xi) ^ ei
f`(xi) _ ei

����� 1

◆◆
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attention function associated with 
the linear function ℓ(h,x)

ℓ(h,x) is the parse linear 
approximation of h at example x

learner’s ability to 
adapt to labels
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Figure 5: Sample images from the JM and VW datasets. For JM, objects from Mars must have blue color, grey
square shape, and thick size on the three dimensions highlighted by the arrows, from top to bottom - otherwise they
are from Jupiter. For VW, the Weevil has a mid-sized body and mid-sized head, while the Vespula does not.
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sequence with label-only feedback. We measure the
overall performance of the different algorithms as the
average classification error of the learners on the test set.
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so that they reflect a wide range of practical scenarios.
Our synthetic datasets, namely (1) “Jupiter vs Mars”
(JM), and (2) “Vespula vs Weevil” (VW), each contains
two groups of hypothetical alien objects with different
features. We visualize these datasets by assembling
meaningful visual parts defined by their feature values.
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in Fig. 5. The JM dataset contains 128 images, each
with 8 parts. Every part may have different color and
shape, which gives us a 10-D binary feature vector (some
parts share). The VW dataset was created based on the
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ized as the head and body size of the hypothetical bugs
(Vespula and Weevil), along with two non-informative
dimensions - tail length and texture. This dataset is
an extended version of a similar dataset proposed by
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a non-linear decision rule to distinguish the two groups.
This simulated data gives us full control over the gener-
ating distribution and the hypothesis space, and allows
us to demonstrate the algorithms’ teaching ability when
we have full knowledge of the learners’ hypotheses distri-
bution. We further study three real bird species classifi-
cation tasks in images. We select three pairs of visually
similar species from the CUB dataset (Wah et al., 2011)
- “Heermann Gull vs Western Gull ” (CUB-1), “Baird
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dividual species consists of 60 images and we use all the
visual attributes that have a corresponding part location
in the images as our feature representation (237 out of
312). After grouping the attributes based on part loca-
tions, we are left with a 22-D categorical feature vector.

Hypothesis class. Unlike the simulated learners, for
the CUB datasets, we do not have an estimate of the prior
over the real learners’ attention and decision functions.
Therefore, we estimate the learner’s hypothesis with a
simple heuristic. Novices may make the wrong predic-
tion of the bird species, but their mistakes are usually
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we first divide it into six clusters and then randomly
pick three clusters and assign them the same label - with
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⇤. Note that we only perform this
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use the original test set for evaluation. We set ↵=1,�=1
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6.1 Experimental results
Simulated learners. We first conduct a study of
NOTES with simulated learners on both the synthetic
and real-world image datasets. For simulated learners,
we know their hypothesis distribution, and thus these
experiments allow us to closely inspect the behavior
of the baseline algorithms. Experimental results, aver-
aged over 30 repeats, are shown in Fig. 6. From these
results, we can see that by incorporating explanations
NOTES systematically outperforms all other baselines
for simulated learners.

… more detailed results (including CUB-2/CUB-3) in paper

white breast
white belly
yellow beak

black leg
grey belly

solid breast pattern
black beak

brown undertail

buff beak 
striped breast pattern

solid wing
solid tail

all-purpose beak

striped wing
striped back
short beak
striped tail

S⇤ = argmin
S✓{1,...,m}

|S|, s.t. E[err(h) | eS , yS ]  ✏
<latexit sha1_base64="C4AmWozeis1clHZIwZEcHkdUK/g="></latexit><latexit sha1_base64="C4AmWozeis1clHZIwZEcHkdUK/g="></latexit><latexit sha1_base64="C4AmWozeis1clHZIwZEcHkdUK/g="></latexit>

r(S) =
X

{f,g}2E

w({f, g} | S)
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