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Triplet Network and Loss Functions
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Related Work

* Triplet Mining methods:
e Batch all
* Batch semi-hard
e Batch hard
* Easy positive
* Negative sampling



Our Contribution

* Triplet sampling methods (e.g., negative sampling) sample from
existing embedded points

* Our method samples stochastically from distribution of embedded
data

* Our method updates the distribution of embedded data dynamically
by batch-incremental triplet sampling



Bayesian Updating Theorem
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Bayesian Updating Theorem

Normal Inverse Wishart distribution:
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Bayesian Updating In Our Method
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Algorithm (in every incoming batch)

{x;}_, «+ Feed {z;}’_, to the triplet
network
for class j from 1 to c do

if it

else

is first mini-batch then
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for instance i from 1 to b do

anchor < x;

for class j from 1 to ¢ do

if j =1, then

Sample (¢ — 1) positive instances
~ N (p?7, 257

else

Sample a negative instance

~ N (7, 557)

Minimize the triplet/INCA loss with the

(b x (¢ —1)) triplets.



BUT & BUNCA

* In every batch: b anchors, (c-1) positives, (c-1) negatives
e Bayesian Updating with Triplet loss (BUT)

b c—1ec—1
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e Bayesian Updating with NCA loss (BUNCA)
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Experiments on MINIST
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Experiments on CRC
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Numerical Results

MNIST dataset: CRC dataset:

R@l R@4 R@8 R@16 R@l R@4 R@8 R@16
BA [10] 7931 93.53 96.55 98.21 BA [10] 38.54 66.76 80.64 89.97
BSH 7895 92.61 96.09 98.17 BSH 30.85 60.39 77.73 90.33
BH [L1] 85.75 9531 97.43 98.63 BH [L1]] 79.09 92.60 96.00 97.95
EP [12] 73.34  90.09 95.08 97.68 EP 69.94 87.88 9320 96.38
DWS 7644 9135 9572 97.68 DWS 76.06 9131 9534 97.58
NCA [7] 85.40 9548 97.46 98.76 NCA [7] 77.87 9225 9592 98.01
proxy-NCA 83.71 94.69 97.31 98.55 proxy-NCA 78.85 9224 9580 97.78
BUT 88.03 96.25 98.15 99.09 BUT 79.14 9232 9560 97.65

BUNCA 78.67 9244 9577 98.02 BUNCA 78.67 9228 95.64 97.71
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