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Desired Properties

Online: every operation works one example at a time
Linear Space: O(# of examples)
Fast: Logarithmic Read & Write (Log(# of examples))
Learning-based: do not assume, e.g., Euclidean space

Self-consistency: identity the item seen before
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Learning Protocol of
Contextual Memory Tree (CMT)

A memory (m): a pair of Query (q) & Value (v)

e.g., (A English Sentence, A Chinese Sentence)

1. Given a query q,

QUERY(q)
}

(ma,...,mg)

2. It reward 7; Is give?/ \ 3. It ground-truth
value P Is given,

UPDATE(4gq,mi,7:) INSERT(¢,v)
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Datastructure of CMT;
A Nearly Balanced Binary Tree

q

' Internal node
f1(q) < 0

nrL,NRr

# of memories in 0 ‘ ‘ ‘ Leaf
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subtree Memories: ﬂ
Router (binary classifier):

Fi0 s (o +1} my. .. Scorer Fun;:tlon)
—w |
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Select the most relevant memory
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Add Regularization for Balance
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If a query has been seen before, we want to just retrieve it!
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A memory: 11, = {q, v}
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np,ngr ‘ Enhance its
# of memories in prediction
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Binary Classification
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Amortized Experience Replay

Routers are updated online and may result in a lack of
self-consistency for previous insertions

~
Y

Apply replay constant times per insertion

1. Randomly sample
a memory

2. Delete it & its trace
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(feature, label), zero-one loss

Extreme Multi-Label Classification:

(feature, set of labels), Hamming loss

Image Retrieval

(Caption, Image), Cosine Similarity
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RCV1-1K AmazonCat13K Wikil0-31K

Approach Testtime  Train time ) m Train time ~ tu Train time

CMT 1.4ms 1.9hr 1.7ms 5.3hr 25.3ms 1.3hr
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Statistical Performance: similar, sometimes even better
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How does Self-Consistency improve?

1-shot dataset: 10K classes, 10K examples

—— CMT

# of passes of training data

Self-Consistency
improves over time

Zero training err
means
perfect selt-consistency
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Revisit our Desired Properties

Online: Reduction to Online Classification

Linear Space: Store examples in leaves
O(N/log(N))many nodes

Logarithmic time: Regularization ensures a (provable) near-
balanced tree

Learning-based: Reinforcement

Self-consistency: an asymptotic guarantee (due to replay)



Thanks!

CMT is in the latest Vowpal Wabbit (VW)
https://github.com/VowpalWabbit/vowpal_wabbit

Try out CMT demos!



