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Granularity spectrum





Other sources of imbalance
Not just class distribution!



Why are these hard problems in computer vision?

Optimization Representation



Data Imbalance
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Imbalance
A few strategies



Over/under-sampling
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Loss weighting

Loss x 10Loss x 1
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Data augmentation/generation



Data augmentation/generation



In practice: What is “good”?



99.5% accuracy!
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50.25% accuracy

class 1 class 0
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In practice: What is “good”?



Fine-Grained Classification



Granularity spectrum



Representation challenges
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Simple solution: More representation capacity



Simple solution: More representation capacity
Caveat: need enough data to separate the classes



How do we get here?



• Triplet loss (Schroff et al 2015): 
 
 
 
 
 
 
 

distance of dissimilar pair(s)  distance of similar pair(s)≫
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Metric / Contrastive Learning



<latexit sha1_base64="a0FbGqG85TETq5cB4d8lsA2OXeo=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCLlxWsA9sS8mkd9rQTGZIMmIZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVTP784rtZu8jiIcwTGcggeXUINbqEMDGEh4hld4c7Tz4rw7H/PRgpPvHMIfOJ8/ANCRJw==</latexit>x

<latexit sha1_base64="i8FCD5igdgwIL8Nb6JS0GHlZc2M=">AAAB9XicbVDLSsNAFL2pr1pfVZduBosgCCWRoi4LunBZwT6gTctkOmmHTiZhZqKWkP9w40IRt/6LO//GSZuFth4YOJxzL/fM8SLOlLbtb6uwsrq2vlHcLG1t7+zulfcPWiqMJaFNEvJQdjysKGeCNjXTnHYiSXHgcdr2JteZ336gUrFQ3OtpRN0AjwTzGcHaSP1egPXY85OntJ+cpYNyxa7aM6Bl4uSkAjkag/JXbxiSOKBCE46V6jp2pN0ES80Ip2mpFysaYTLBI9o1VOCAKjeZpU7RiVGGyA+leUKjmfp7I8GBUtPAM5NZSrXoZeJ/XjfW/pWbMBHFmgoyP+THHOkQZRWgIZOUaD41BBPJTFZExlhiok1RJVOCs/jlZdI6rzoX1dpdrVK/yesowhEcwyk4cAl1uIUGNIGAhGd4hTfr0Xqx3q2P+WjByncO4Q+szx/viZLQ</latexit>

x+

<latexit sha1_base64="Oup37Qsk5Y16pAVWQ6cE3tgeuXE=">AAAB9XicbVDLSsNAFL2pr1pfVZduBovgxpJIUZcFXbisYB/QpmUynbRDJ5MwM1FLyH+4caGIW//FnX/jpM1CWw8MHM65l3vmeBFnStv2t1VYWV1b3yhulra2d3b3yvsHLRXGktAmCXkoOx5WlDNBm5ppTjuRpDjwOG17k+vMbz9QqVgo7vU0om6AR4L5jGBtpH4vwHrs+clT2k/O0kG5YlftGdAycXJSgRyNQfmrNwxJHFChCcdKdR070m6CpWaE07TUixWNMJngEe0aKnBAlZvMUqfoxChD5IfSPKHRTP29keBAqWngmckspVr0MvE/rxtr/8pNmIhiTQWZH/JjjnSIsgrQkElKNJ8agolkJisiYywx0aaokinBWfzyMmmdV52Lau2uVqnf5HUU4QiO4RQcuIQ63EIDmkBAwjO8wpv1aL1Y79bHfLRg5TuH8AfW5w/yk5LS</latexit>

x�

Importance of hard negatives
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Beware the objective function
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Beware the objective function





Explicit feature matching



figure: https://omoindrot.github.io/triplet-loss

Triplet network



+ more data 
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