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The age of big data(sets -
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visual models that can take weeks to train even in a distributed fashion.

Our goal is to accelerate research on large-scale video understanding, representation learning, noisy data modeling, transfer learning, and
domain adaptation approaches for video. More details about the dataset and initial experiments can be found in our technical report.
Some statistics from the latest version of the dataset are included below.
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Land of little dat& use caseX
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In the land of little data

ACool goalto be able to train visual object X with one or few samples (and online)
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Fine -Grained Recognition of Thousands of Object

Categories with Single -Example Training, CVPR2017
Leonid Karlinsky, Jose@htok Yochaylzur AsafTzadok
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Amit Alfassy™, Leonid Karlinsky*, Amit Aides™,
Joseph shtok, Sivan Harary
Rogerio Feris, Raja Giryes, Alex M. gronstein
CVPR 2019

RepMet. Representat'\ve—based
metric learning for classification
and one-shot object detection

* Eli Schwartz"‘,

Leonid Karlinsky*, Joseph shtok*, Sivan Harary
Amit Aides, Rogerio Feris,
Raja Giryes: Alex M. Bronstein
CVPR 2019

Eli schwartz*®, Leonid Karlinsky™,

Joseph shtok, Sivan Harary, Mattias Marder, Abh'\shek Kumar,

Rogerio Feris, Raja Giryes, Alex M. Bronstein
NeurlPS 2018




n-encoder: an effective sample
synthesis method for fewhot
object recognition

Eli Schwartz*, Leonid Karlinsky*,
JoseplShtok SivarHarary Mattias Marder, Abhishek Kumar,
Rogerioreris RajaGiryes Alex M. Bronstein
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target '~ ~ + & reference

Key ideg training *
AThe model is a variant of Encoder[@ COCOO) Q}

an autoencoder operating
In feature space delta
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Fewshot classification experiments

one-shot classification benchmarks
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Real vs synthetic examples ablation study
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RepMet Representativdased
metric learning for classification
and oneshot object detection

Leonid Karlinsky*, Jose@nhtok, SivanHarary, Eli Schwartz*,
Amit AidesRogerioFeris
RajaGiryes Alex M. Bronstein
CVPRO019
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the class mixtures for effective DML based CLS/DE

RepMet joint training of the metric (embedding) and
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RepMet the way it works
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oRegulag detection performance

Regular detection performance, mAP(%). FPN-DCN evaluated using their original code.

acceptance [oU

PASCAL VOC
0.7 0.5 0.3

ImageNet (LOC)
0.7 0.5 0.3

FPN-DCN
ours

74.6 835 8353
7377 829 849

469 552 60.2
60.7 61.7 70.7




Fewshot Detection experimental setup

Train Test

At test timeg replace thedknowre classes representatives I
with embedding of the strongly overlapping proposals from 1-Sh0t, 5-Way

the episode training images



Some qualitative results
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few-shot detection performance

no episode fine-tuning

with episode fine-tuning

dataset method l-shot S5-shot 10-shot [I-shot 5-shot 10-shot
baseline-FT (FPN-DCN [7]) — — — 35.0 51.0 59.7
f;igEN“'LOc | classes) baseline-DML 413 582 616 413 597 665
HISEEI dniimal CHasses baseline-DML-external 190 302 304 321 372 381
Ours 56.9 68.8 71.5 59.2 73.9 79.2
ImageNet-LOC Ours - trained representatives — 86.3 — — — —
(100 seen animal classes) Ours - episode representatives  64.5 79.4 82.6 — — —

Table 3. Few-shot 5-way detection test performance on ImageNet-LOC. Reported as mAP in %.

l-shot 5-shot 10-shot
LSTD [5] 19.2 37.4 44.3
ours 24.1 39.6 49.2




Metric learning classification results

Method \ MsML [21] Magnet [24] VMF [37] Ours
Stanford Dogs 29.7 24.9 24.0 14.2
Oxford Flowers 10.5 8.6 4.4 11.2
Oxford Pet 18.8 10.6 9.9 6.9

ImageNet Attributes | — 15.9 — 13.2

Table 1: Comparison of test error with state-of-the-art DML classifier approaches on different
fine-grained classification datasets. Lower is better.
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LaSOLabelSet Operations
network for multtlabel fewshot
classification

Amit Alfassy, Leonid Karlinsky*, Amit Aides*,
JoseplShtok SivarHarary
Rogerioreris RajaGiryes Alex M. Bronstein
CVPRO019



Learning generic (label agnostic) operators
for manipulating semantic content

LaS(@oncept

person
sheep |
dog

person
- dog
cat

intersection

union subtraction
B LaSO net LaSO net LaSO net
ke 2O WA

person, sheep, dog, cat person, dog



LaSOnodel



