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Software 2.0

I sometimes see people refer to neural networks as just “another tool in your
machine learning toolbox”. They have some pros and cons, they work here
or there, and sometimes you can use them to win Kaggle competitions.
Unfortunately, this interpretation completely misses the forest for the trees.
Neural networks are not just another classifier, they represent the beginning
of a fundamental shift in how we develop software. They are Software 2.0.
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You know the movie named A?

I'm sorry, but | would need more information to provide an accurate answer. There are
many movies with titles that start with the letter A, and without additional context or
details, I'm not sure which movie you are referring to. Could you please provide more

information or clarify your question?
movie name is "A"

I'm still unsure which movie you are referring to, as there are many movies with a one-
word title "A." Could you provide any additional information about the movie such as the
director, main actors, or a brief plot summary? This would help me to better understand
which movie you are asking about.
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Dense Passage Retrieval for Open-Domain Question Answering

EMNLP 2020, facebook research
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DPR ( Dense Passage Retriever )
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Training Retriever Top-20 Top-100
NQ TrviaQA' WQ TREC SQuAD | NQ TrnviaQA WQ TREC SQuAD
None BM25 | 59.1 66.9 550 709 68.8 | 73.7 76.7 71.1  84.1 80.0
Single DPR 78.4 794 732 798 63.2 | 854 85.0 814 89.1 712
ing BM25 + DPR | 76.6 79.8 710 852 715 | 838 845 805 927 813
Multi DPR 794 78.8 750 89.1 51.6 | 86.0 847 829 939 67.6
BM25 + DPR | 78.0 79.9 747 885 662 | 839 844 823 941 78.6

Table 2: Top-20 & Top-100 retrieval accuracy on test sets, measured as the percentage of top 20/100 retrieved
passages that contain the answer. Single and Multi denote that our Dense Passage Retriever (DPR) was trained
using individial or combined training datasets (all the datasets excluding SQuAD). See text for more details.
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- Espresso? But | ordered a cappuccino!
- Don't worry, the cosine distance between them is so small
that they are almost the same thing.
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2t A A - Dense Passage Retriever

[HEE2o| BE 452 bert-base & &= 110M3 LMO|A YF=Cta 7+
DPR =20 Al XAl &l negative log likelihood loss = & 2ot triplet loss 2 CHA| ST}

sh& Al E% Z0|7| {IBHA s 30| A= classification = 2|t softmax2| cross

Triplet Objective Function. Given an anchor .
sentence a, a positive sentence p, and a negative Negatlve m
sentence n, triplet loss tunes the network such that Anchor ® LEARNING
the distance between a and p is smaller than the -
distance between a and n. Mathematically, we .<@ Negatlve
minimize the following loss function: Anchor
Positive Positive

maz(||sa — spl| = [18a — snll + €, 0)

Figure 3. The Triplet Loss minimizes the distance between an an-

with s, the sentence embedding for a/n/p, || - ||

a distance metric and margin ¢. Margin ¢ ensures chor and a positive, both of which have the same identity, and
that sy, is at least € closer to s, than s,. As metric y 4 X
we use Euclidean distance and we set ¢ = 1 in our maximizes the distance between the anchor and a negative of a

I different identity.
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[ Dense Question Vector J [ Dense Passage Vector J
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‘ pooling ‘ ‘ pooling ‘ | pooling | ‘ oollng ‘
| BERT ‘ | BERT | | BERT | | BERT |
Sentence A Sentence B Sentence A Sentence B

1

Figure 1: SBERT architecture with classification ob-  Figure 2: SBERT architecture at inference, for exam-

Who was the inventor of ~ jective function, e.g., for fine-tuning on SNLI dataset. ~ ple, to compute similarity scores. This architecture is
5 iler? The two BERT networks have tied weights (siamese  also used with the regression objective function.
the compiler? Grace Hopper was
e network structure).




Architecture

77t B Q10 A S7HEl NLI + STS HIO|Ef MEZ} JAJ} D
https://github.com/kakaobrain/KorNLUDatasets
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Let D = {(q‘iapq_;’—apfz]"“ 7pz_,n>}?;1 be the

Triplet Objective Function. Given an anchor training data that consists of mn instances. Each
sentence a, a positive sentence p, and a negative instance contains one question g; and one relevant
sentence 7, triplet loss tunes the network such that (positive) passage p; , along with 7 irrelevant (neg-
the distance between a and p is smaller than the ative) passages p; ;. We optimize the loss function

distance between a and n. Mathematically, we as the negative log likelihood of the positive pas-

minimize the following loss function: Sage:
maz(||sq — S;DH — |[sa = snl| +¢€,0) Sim(ai,p})
= —log - .
with s, the sentence embedding for a/n/p, || - || esim(@ip) 4 i sm(@pi ;)

a distance metric and margin €. Margin € ensures
that s, is at least € closer to s, than s,,. As metric
we use Euclidean distance and we set € = 1 in our

Positive and negative passages For retrieval
problems, it is often the case that positive examples
) are available explicitly, while negative examples
experiments. need to be selected from an extremely large pool.
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metric learning O| &-& &l manifold
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- Espresso? But | ordered a cappuccino!

- Don't worry, the cosine distance between them is so small
that they are almost the same thing.
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Architecture - Dynamic batching

SAI’d M 2| 2f steam processing| &

GPU
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i ot jvm O| Al queuingdt batch& 3

benchmark

CPU : Ryzen 9 3950X

GPU : Nvidia Geforce rtx 3090 (495.29.05)

ENV : docker.io/nvidia/cuda:11.3.1-cudnn8-runtime-ubuntuls8.04

CMD : hey —-n 100000 —c 256 http://servicehost:8080/bert?query=0| ¥st= %19 FsjL|ct

koelectra-small
https://huggingface.co/daekeun-ml/koelectra-small-v3-nsmc

Sequence length 8 16 32 64 128 256 512
Requests/sec 19035 14434 10400 6792 4132 1912 788
latency avg (ms) 13 17 236 372 615 711 161.4
bert-base

https://huggingface.co/sangrimlee/bert-base-multilingual-cased-nsmc

Sequence length 8 16 32 64 128 256 512
Requests/sec 8608 5595 3314 1799 904 429 187
latency avg (ms) 27 446 761 1444 280.8 5871 1340.3
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Efficient Natural Language Response Suggestion for Smart Reply https://arxiv.org/pdf/1705.00652.pdf
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Enter vector value (dimension: 768)
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