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Matching image and query

General pipeline
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Training data
Search results of any images search engine
Top-5 results from 1.1 million queries (positive pairs)

Random images as negative sample
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Specifying different parts of the pipeline

GoogleNet trained on ImageNet

Word2Vec embeddings trained on queries

GoogleNet
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Better solution for production

Faster at runtime. No need to perform matrix multiplications

GoogleNet
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Common semantic space

Traditional Deep Visual Semantic Skip-gram
Visual Model Embedding Model Language Model
label si/milarity metric nearby word
( softmax layer ) transformation |
| ( softmax layer )
e A e B I
core core embedding embedding
visual _) visual vector < vector
model parameter model lookup table parameter lookup table
k | J initialization  \_ y initialization
I
image image label source word

DeVIiSE: A Deep Visual-Semantic Embedding Model, Frome A., Corrado G.S. et al.
DSSM: Deep Structured Semantic Model, Huang, He, Gao, Deng et al.



Common semantic space

Traditional Deep Visual Semantic Skip-gram
Visual Model Embedding Model Language Model
label si/milarity metric nearby word
( softmax layer ) transformation |
| ( softmax layer )
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core core embedding embedding
visual _) visual vector < vector
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loss(image, label) = Z max[0, margin — t4p M(image) + t; Mi(image)]
1#label

DeVIiSE: A Deep Visual-Semantic Embedding Model, Frome A., Corrado G.S. et al.
DSSM: Deep Structured Semantic Model, Huang, He, Gao, Deng et al. 9



The final model

GoogleNet
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First results

Straightforward training of this model already gives profit in
production:

Triplets classification error: 4.01%

Internal relevance metrics: +2000
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Improving basic model. Hard negatives

Possible strategies to get hard negatives:

Iterative addition of hard negatives during training:
» Train the network for some time

> Mine hard negatives for the trained model

» Add hard negatives to the dataset

» Iterate

Dynamic hard negatives

> Mine hard negatives dynamically during training from the mini-
batch

> No need to recompute entire network!
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Dynamic hard negatives from mini-batch

Mini-batch <

a

racehorse

hotel

kindergarten

deer
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Dynamic hard negatives from mini-batch

racehorse
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Dynamic hard negatives from mini-batch

Take N random images from the mini-batch and select the
hardest example among them

If N =1 — we get random negatives

Similarity

racehorse
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Dynamic hard negatives from mini-batch

Take N random images from the mini-batch and select the
hardest example among them

If N =1 — we get random negatives

Similarity

racehorse
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Changing the number of hard negatives
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Changing the number of hard negatives
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Changing the number of hard negatives
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Curriculum learning

Sometimes it is beneficial to gradually increase the number of hard
negatives, otherwise network does not start to learn

But in our experiments curriculum learning have not increased the
final accuracy of the classifier
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Results

One hard negative during
training

Triplets classification error:

1 image: 4.01%

10 images: 20.23%
20 images: 28.72%
40 images: 38.81%

20 hard negatives during
training

Triplets classification error:

1 image: 3.72%

10 images: 16.74%
20 images: 23.44%
40 images: 31.10%
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Results

One hard negative during
training

Triplets classification error:

1 image: 4.01%

10 images: 20.23%
20 images: 28.72%
40 images: 38.81%

Relevance metrics: +2000

20 hard negatives during
training

Triplets classification error:
1 image: 3.72%
10 images: 16.74%
20 images: 23.44%
40 images: 31.10%

Relevance metrics: +1900

T

That is strange. We should get more



Adding reverse ranking to the model

Sim

0.5

racehorse

Sim: 0.8
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Adding reverse ranking to the model

Sim Sim

0.65 racehorse deer 0.58

0.5 bear 0.53

0.3 kindergarten 0.2
Sim: 0.8

hotel -0.18
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Result with additional reverse ranking

Train Direct ranking Direct ranking Direct+reverse ranking

1 negative 20 negatives 20 negatives
Test

Direct ranking

1 negative 4.01% 3.72% 3.89%
40 negatives 38.81% 31.10% 32.22%

Reverse ranking
1 negative
40 negatives

4.39%
34.55%

Relevance metrics ~2000 ~1900 ~2500
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Going deep. Finetuning the text part

GoogleNet
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Results of dictionary finetuning

Train
Test
Direct ranking

1 image
40 images

Reverse ranking
1 image
40 images

Relevance metrics

Without dictionary
finetuning

~2500

With dictionary
finetuning

~4000
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Largest change of distance: dist(old_emb,new_emb)
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The largest change in word embeddings
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The final recipe

Map different modalities in the common space (fast in production)
Mine dynamic hard negatives from the mini batch

Gradually increase the number of hard negatives (if network does
not start to train)

Mine hard negatives from all modalities

Finetune all parts of the model
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Generating query by
Image



enerating query by image
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Generating query by image
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KueB becnopsgku
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Sometimes it fails...

CKOpPOCTHOM Oer Ha KOHbKax ¢poTo
napacHoyoopna
napaaMMmnuNCcKnm omaTtnoH

CMOKTYHOBCKUU (pOTO
reribmaH
CTapbin YerioBek
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Other applications

The same method is also verified in other task:

Video + Query
Web page + Query
User + Ads

User + Web page
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