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How can we automate wildlife 

monitoring on a global scale?



iNaturalist 2018iNaturalist 2017

The iNaturalist Species Classification and Detection Dataset CVPR 2018

Van Horn, Mac Aodha, Song, Cui, Sun, Shepard, Adam, Perona, Belongie

iNaturalist 2019

1,100 “hard” classes8,142 classes

Taxonomy

5,089 classes

Bounding Boxes





Ardea cinerea Ardea cocoi





iNaturalist 2018 – Winner’s Top 1 Accuracy
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Problem: Limited number of experts.

How can we create new ones?
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Machine Learning vs Machine Teaching
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Can we design teaching algorithms

that enable humans to become 

better at fine-grained categorization?



Why Visual Expertise?

Poisonous? Cancer? Forgery?
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Teaching Visual Expertise

, ,

Sequence of teaching 

images

Teaching 

algorithm & 
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Set of images with 

class labels
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Spaced Repetition

Leitner 1972

Settles & Meeder 2016

Hunziker et al. 2019

...

Theoretical

Goldman & Kearns 1995

Zhu 2013

Chen et al. 2018

...

Visual Categories

Singla et al. 2014

Johns et al. 2015

Chen et al. 2018

...

Machine Teaching Landscape

Decision Making

Bak et al. 2016

...
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https://www.inaturalist.org/observations/9869215

https://www.inaturalist.org/observations/3949369

Connecticut Warbler MacGillivray's Warbler



Teaching Categories to Human Learners with Visual Explanations CVPR 2018

Mac Aodha, Su, Chen, Perona, Yue, Singla



x is an image



e is an associated 

explanation
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White

Learning Deep Features for Discriminative Localization CVPR 2016
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Learning Deep Features for Discriminative Localization CVPR 2016





h1

h2

h3

h*

h is a hypothesis



length of bill

body 

color

“roundness”

“eye whiteness”





How to Choose Teaching Set T to Teach h*?

h*



Student Model

Singla et al. Near-Optimally Teaching the Crowd to Classify ICML 2014



Student Model

Singla et al. Near-Optimally Teaching the Crowd to Classify ICML 2014

“win stay, lose switch”



Student Model

“win stay, lose switch”



Student Model - With Explanations

“Good” “Bad”



Student Model - With Explanations

“Good” “Bad”



Selecting the Teaching Set T

Select for largest reduction in expected error
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Tutorial Teaching Testing

Experimental Setup

Familiarize 

participants 

with interface

Teach for

20 iterations

Test for

20 iterations

(to measure 

performance)



Results for Retina Images
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Results for Retina Images





Modeling Learner Memory Decay

Teaching Multiple Concepts to Forgetful Learners NeurIPS 2019

Hunziker, Chen, Mac Aodha, Gomez Rodriguez, Krause, Perona, Yue, Singla

Memory decays over time

Spaced repetition model

Pi(t | history)



Modeling Learner Memory Decay

Teaching Multiple Concepts to Forgetful Learners NeurIPS 2019

Hunziker, Chen, Mac Aodha, Gomez Rodriguez, Krause, Perona, Yue, Singla

“Flash cards”

15 concepts, 40 time steps

~ 25 mins per exp

German vocabulary

Round Robin

Lowest Recall

Random

Ours



• Models of the learning process

• Learning to teach

• Learning how low shot is performed

• Evaluation tool for interpretable machine learning

• Generating curriculums

Open Questions





Presence-Only Geographical Priors for Fine-Grained Image Classification ICCV 2019

Mac Aodha, Cole, Perona



Can we use information such as 

where, when, and who captured an 

image to help determine its class?

Presence-Only Geographical Priors for Fine-Grained Image Classification ICCV 2019

Mac Aodha, Cole, Perona



Which class y is in image I ? 





Which class y is in image I taken at location x? 



Which class y is in image I taken at location x? 



Which class y is in image I taken at location x? 

Image

Classifier

Spatio-

Temporal 

Prior



Previous Work

Tang et al. ICCV 2015

Chu et al. Arxiv 1906.01737, 2019
Berg et al. CVPR 2014

Jointly Trained“Non-parametric”



x = (longitude, latitude, day)

Image Classifier

Spatio-Temporal Prior

P(y|I)

P(y|x)

Combine

Cesar Pollo BY CC-NC 4.0



“Presence Only” Data

Oriental Magpie
• Who

• Where

• When

• What 

?



Training Data

location (+time) photographer ID

class label



Joint Model of Photographers and Objects

Capture the following relationships:

• class X’s affinity for location Y

• photographer Z’s affinity for class X

• photographer Z’s affinity for location Y



Shared Embedding Space
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Shared Embedding Space



Learned Parameters

Class

Embeddings O

Photographer 

Embeddings P
Location 

Embedder f()



Rob Curtis 

CC BY-NC-SA 4.0

Wood Thrush Predicted Locations





Category Embedding O



Category Embedding O





Embedding of Each Location on the Earth

Location 

Embedder f()



Photographer Location Affinity



Photographer Embedding P



Image Classification Results

Can our prior improve image classification performance?

x = (longitude, 

latitude, day)

Image Classifier

Spatio-Temporal Prior

P(y|I)

P(y|x)

Combine
Cesar Pollo BY 

CC-NC 4.0









Today 3-4:30pm

Poster #140

Friday, Nov 1st

Poster #45

15:30–18:00 

Poster 4.2 (Hall B)

www.vision.caltech.edu/~macaodha/projects/geopriors





Improving Fine-Grained Classifiers
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Thanks!

Grant Van Horn

Cornell
Yuxin Chen

Uni. of Chicago
Serge Belongie

Cornell

Yisong Yue

Caltech

Pietro Perona

Caltech

Elijah Cole

Caltech

More info at www.oisin.info


