
Bridging Languages Through Images
with

Deep Partial Canonical Correlation Analysis

GUY ROTMAN 1, IVAN VULIĆ 2 & ROI REICHART 1

1 Faculty of Industrial Engineering and Management, Technion, IIT
2 Language Technology Lab, University of Cambridge ACL 2018



Motivation



Motivation
 𝐴 𝑣𝑖𝑠𝑢𝑎𝑙 𝑠𝑐𝑒𝑛𝑒 𝑐𝑎𝑛 𝑏𝑒 𝑑𝑒𝑠𝑐𝑟𝑖𝑏𝑒𝑑 𝑖𝑛 𝑎𝑛𝑦 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒

 𝐼𝑚𝑎𝑔𝑖𝑛𝑒 𝑡ℎ𝑎𝑡 𝑦𝑜𝑢 𝑎𝑟𝑒 𝑠𝑖𝑡𝑡𝑖𝑛𝑔 𝑖𝑛 𝑎 𝑟𝑒𝑠𝑡𝑎𝑢𝑟𝑎𝑛𝑡 𝑖𝑛 𝑎 𝑓𝑜𝑟𝑒𝑖𝑔𝑛 𝑐𝑜𝑢𝑛𝑡𝑟𝑦
𝑎𝑛𝑑 𝑦𝑜𝑢 𝑛𝑒𝑒𝑑 𝑎 𝑠𝑝𝑜𝑜𝑛 …



Goal
• 𝐹𝑖𝑛𝑑 𝑎 𝑠ℎ𝑎𝑟𝑒𝑑 𝑠𝑝𝑎𝑐𝑒 𝑓𝑜𝑟 𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑖𝑛𝑝𝑢𝑡𝑠 𝑓𝑟𝑜𝑚 𝑠𝑒𝑣𝑒𝑟𝑎𝑙 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑠

• 𝑈𝑡𝑖𝑙𝑖𝑧𝑒 𝑚𝑢𝑡𝑢𝑎𝑙 𝑖𝑚𝑎𝑔𝑒𝑠 𝑡𝑜 𝑏𝑟𝑖𝑑𝑔𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡ℎ𝑒 𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑖𝑛𝑝𝑢𝑡𝑠

𝐸𝑛𝑔𝑙𝑖𝑠ℎ
𝐴 𝑚𝑎𝑛 𝑖𝑠 𝑠𝑖𝑡𝑡𝑖𝑛𝑔

𝑎𝑡 𝑎 𝑡𝑎𝑏𝑙𝑒
ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑎 𝑠𝑝𝑜𝑜𝑛

𝑆𝑝𝑎𝑛𝑖𝑠ℎ
𝑈𝑛 ℎ𝑜𝑚𝑏𝑟𝑒 𝑒𝑠𝑡á 𝑠𝑒𝑛𝑡𝑎𝑑𝑜

𝑒𝑛 𝑢𝑛𝑎 𝑚𝑒𝑠𝑎
𝑠𝑢𝑗𝑒𝑡𝑎𝑛𝑑𝑜 𝑢𝑛𝑎 𝑐𝑢𝑐ℎ𝑎𝑟𝑎



Technical Details



Multilingual Word Embeddings
• 𝑉𝑒𝑐𝑡𝑜𝑟𝑠 𝑖𝑛 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑠 𝑎𝑟𝑒 𝑖𝑛 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑠𝑝𝑎𝑐𝑒𝑠



Multilingual Word Embeddings
• 𝑉𝑒𝑐𝑡𝑜𝑟𝑠 𝑖𝑛 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑠 𝑎𝑟𝑒 𝑖𝑛 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑠𝑝𝑎𝑐𝑒𝑠



Mapping Two Views To a Shared Space:
Canonical Correlation Analysis (CCA)
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𝑌 =

𝑊𝑇𝑋 𝑉𝑇𝑌

𝑀𝑎𝑥 𝐶𝑜𝑟𝑟 (𝑊𝑇𝑋, 𝑉𝑇𝑌)
Θ = {𝑊, 𝑉}

• 𝐶𝐶𝐴 𝐻𝑜𝑡𝑒𝑙𝑙𝑖𝑛𝑔, 1936 𝑖𝑠 𝑎 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙 𝑡𝑒𝑐ℎ𝑛𝑖𝑞𝑢𝑒 𝑓𝑜𝑟 𝑓𝑖𝑛𝑑𝑖𝑛𝑔 𝑙𝑖𝑛𝑒𝑎𝑟 𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑜𝑓
𝑡𝑤𝑜 𝑟𝑎𝑛𝑑𝑜𝑚 𝑚𝑎𝑡𝑟𝑖𝑐𝑒𝑠 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝑡ℎ𝑒𝑖𝑟 𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑙𝑢𝑚𝑛𝑠 𝑎𝑟𝑒 𝑚𝑎𝑥𝑖𝑚𝑎𝑙𝑙𝑦 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑒𝑑



𝑚𝑖𝑛
1

𝑁 − 1
||𝑊𝑇𝑋 − 𝑉𝑇𝑌||𝐹

2

𝑊𝑇  Σ𝑋𝑋𝑊 = 𝑉𝑇  Σ𝑌𝑌𝑉 = 𝐼𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜

•  Σ𝑋𝑌 =
1

𝑁−1
𝑋𝑌𝑇 ,  Σ𝑋𝑋 =

1

𝑁−1
𝑋𝑋𝑇 ,  Σ𝑌𝑌 =

1

𝑁−1
𝑌𝑌𝑇

• 𝑋, 𝑌 ℎ𝑎𝑣𝑒 𝑧𝑒𝑟𝑜 − 𝑚𝑒𝑎𝑛

𝜃 = {𝑊,𝑉}

• 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑖𝑛 𝑚𝑎𝑡𝑟𝑖𝑥 𝑓𝑜𝑟𝑚:

Mapping Two Views To a Shared Space:
Canonical Correlation Analysis (CCA)



Limitations of CCA

• 𝑃𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 𝑖𝑠 𝑙𝑖𝑛𝑒𝑎𝑟

• 𝐼𝑛𝑎𝑝𝑝𝑙𝑖𝑐𝑎𝑏𝑙𝑒 𝑓𝑜𝑟 𝑙𝑎𝑟𝑔𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡𝑠 𝑑𝑢𝑒 𝑡𝑜 𝑤ℎ𝑖𝑡𝑒𝑛𝑖𝑛𝑔 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠:

• 𝐻𝑎𝑟𝑑 𝑡𝑜 𝑐𝑜𝑚𝑝𝑢𝑡𝑒 𝑠𝑡𝑜𝑐ℎ𝑎𝑠𝑡𝑖𝑐 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑚𝑎𝑡𝑟𝑖𝑐𝑒𝑠

• 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑑𝑜𝑒𝑠 𝑛𝑜𝑡 𝑑𝑒𝑐𝑜𝑚𝑝𝑜𝑠𝑒 𝑜𝑣𝑒𝑟 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

• 𝐶𝑎𝑛𝑛𝑜𝑡 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑓𝑟𝑜𝑚 𝑎𝑛 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑣𝑖𝑒𝑤 (𝑠𝑢𝑐ℎ 𝑎𝑠 𝑖𝑚𝑎𝑔𝑒𝑠)



𝑀𝑎𝑥 𝐶𝑜𝑟𝑟 (𝑊𝑇(𝑋|𝑍), 𝑉𝑇(𝑌|𝑍))
Θ = {𝑊, 𝑉}

• 𝑃𝐶𝐶𝐴 𝑅𝑎𝑜, 1969 𝑖𝑠 𝑎 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐𝑎𝑙 𝑡𝑒𝑐ℎ𝑛𝑖𝑞𝑢𝑒 𝑓𝑜𝑟 𝑓𝑖𝑛𝑑𝑖𝑛𝑔 𝑙𝑖𝑛𝑒𝑎𝑟 𝑚𝑎𝑥𝑖𝑚𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑒𝑑
𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑡𝑤𝑜 𝑟𝑎𝑛𝑑𝑜𝑚 𝑚𝑎𝑡𝑟𝑖𝑐𝑒𝑠 𝒄𝒐𝒏𝒅𝒊𝒕𝒊𝒐𝒏𝒆𝒅 𝒐𝒏 𝒂 𝒕𝒉𝒊𝒓𝒅 𝒗𝒂𝒓𝒊𝒂𝒃𝒍𝒆

Partial CCA (PCCA)

• 𝑍 𝑎 𝑣𝑖𝑠𝑎𝑎𝑙 𝑖𝑛𝑝𝑢𝑡 𝑖𝑠 𝑎 𝑚𝑢𝑡𝑢𝑎𝑙 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑜𝑓 𝑋 𝑎𝑛𝑑 𝑌 𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑖𝑛𝑝𝑢𝑡𝑠

• 𝑃𝐶𝐶𝐴 𝑤𝑎𝑠 𝑛𝑜𝑡 𝑢𝑠𝑒𝑑 𝑏𝑒𝑓𝑜𝑟𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑢𝑙𝑡𝑖𝑙𝑖𝑛𝑔𝑢𝑎𝑙 𝑚𝑢𝑙𝑡𝑖𝑚𝑜𝑑𝑎𝑙 𝑠𝑒𝑡𝑢𝑝



New model - Deep Partial CCA (DPCCA)

• 𝐶𝐶𝐴 ℎ𝑎𝑠 𝑎 𝑑𝑒𝑒𝑝 𝑣𝑎𝑟𝑖𝑎𝑛𝑡 − 𝐷𝑒𝑒𝑝 𝐶𝐶𝐴 (𝐴𝑛𝑑𝑟𝑒𝑤 𝑒𝑡 𝑎𝑙., 2013)



New model - Deep Partial CCA (DPCCA)

• 𝐶𝐶𝐴 ℎ𝑎𝑠 𝑎 𝑑𝑒𝑒𝑝 𝑣𝑎𝑟𝑖𝑎𝑛𝑡 − 𝐷𝑒𝑒𝑝 𝐶𝐶𝐴 (𝐴𝑛𝑑𝑟𝑒𝑤 𝑒𝑡 𝑎𝑙., 2013)

• Can we develop a deep variant for Partial CCA?

• Partial CCA suffers from similar limitations to those of CCA

• A new stochastic optimization algorithm is required



The DPCCA Model



Architecture of Deep Partial CCA (DPCCA)
- Variant A

𝑋
𝐴 𝑚𝑎𝑛 𝑖𝑠 𝑠𝑖𝑡𝑡𝑖𝑛𝑔

𝑎𝑡 𝑎 𝑡𝑎𝑏𝑙𝑒
ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑎 𝑠𝑝𝑜𝑜𝑛

𝑓(𝑋) 𝐹(𝑋)

𝑃𝐶𝐶𝐴

1𝑠𝑡𝐻𝑖𝑑𝑑𝑒𝑛 𝐿𝑎𝑦𝑒𝑟𝐼𝑛𝑝𝑢𝑡 𝐿𝑎𝑦𝑒𝑟 𝐿𝑎𝑠𝑡 𝐻𝑖𝑑𝑑𝑒𝑛 𝐿𝑎𝑦𝑒𝑟 𝐹𝑖𝑛𝑎𝑙 𝐿𝑖𝑛𝑒𝑎𝑟 𝐿𝑎𝑦𝑒𝑟

𝑌
𝑈𝑛 ℎ𝑜𝑚𝑏𝑟𝑒 𝑒𝑠𝑡á 𝑠𝑒𝑛𝑡𝑎𝑑𝑜

𝑒𝑛 𝑢𝑛𝑎 𝑚𝑒𝑠𝑎
𝑠𝑢𝑗𝑒𝑡𝑎𝑛𝑑𝑜 𝑢𝑛𝑎 𝑐𝑢𝑐ℎ𝑎𝑟𝑎

𝑔(𝑌) 𝐺(𝑌)

𝑍

𝑊

𝑉



Architecture of Deep Partial CCA (DPCCA)
- Variant B

𝑋
𝐴 𝑚𝑎𝑛 𝑖𝑠 𝑠𝑖𝑡𝑡𝑖𝑛𝑔

𝑎𝑡 𝑎 𝑡𝑎𝑏𝑙𝑒
ℎ𝑜𝑙𝑑𝑖𝑛𝑔 𝑎 𝑠𝑝𝑜𝑜𝑛

𝑓(𝑋) 𝐹(𝑋)

𝑃𝐶𝐶𝐴

1𝑠𝑡𝐻𝑖𝑑𝑑𝑒𝑛 𝐿𝑎𝑦𝑒𝑟𝐼𝑛𝑝𝑢𝑡 𝐿𝑎𝑦𝑒𝑟 𝐿𝑎𝑠𝑡 𝐻𝑖𝑑𝑑𝑒𝑛 𝐿𝑎𝑦𝑒𝑟 𝐹𝑖𝑛𝑎𝑙 𝐿𝑖𝑛𝑒𝑎𝑟 𝐿𝑎𝑦𝑒𝑟

𝑌
𝑈𝑛 ℎ𝑜𝑚𝑏𝑟𝑒 𝑒𝑠𝑡á 𝑠𝑒𝑛𝑡𝑎𝑑𝑜

𝑒𝑛 𝑢𝑛𝑎 𝑚𝑒𝑠𝑎
𝑠𝑢𝑗𝑒𝑡𝑎𝑛𝑑𝑜 𝑢𝑛𝑎 𝑐𝑢𝑐ℎ𝑎𝑟𝑎

𝑔(𝑌) 𝐺(𝑌)

𝑍

𝑊

𝑉

ℎ(𝑍) 𝐻(𝑍)
𝑈



Deep Partial CCA (DPCCA)

• 𝑓 𝑎𝑛𝑑 𝑔 𝑎𝑟𝑒 𝑡𝑤𝑜 𝑑𝑒𝑒𝑝 𝑛𝑒𝑢𝑟𝑎𝑙 𝑛𝑒𝑡𝑤𝑜𝑟𝑘𝑠

• 𝑊 𝑎𝑛𝑑 𝑉 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑓𝑖𝑛𝑎𝑙 𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛 𝑚𝑎𝑡𝑟𝑖𝑐𝑒𝑠

𝐹 𝑋 = 𝑊𝑇𝑓 𝑋 , 𝐺 𝑌 = 𝑉𝑇𝑔(𝑌)

• 1 𝑙𝑒𝑎𝑟𝑛 𝑛𝑜𝑛-𝑙𝑖𝑛𝑒𝑎𝑟 𝑟𝑒𝑝𝑟𝑒𝑠𝑒𝑛𝑡𝑎𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑋 𝑎𝑛𝑑 𝑌:



𝐹 𝑋 = 𝐴𝑍 + 𝐹 𝑋 𝑍

𝐺 𝑌 = 𝐵𝑍 + 𝐺(𝑌|𝑍)

min
1

𝑁 − 1
||𝐹 𝑋 − 𝐴𝑍||𝐹

2

min
1

𝑁 − 1
||𝐺 𝑌 − 𝐵𝑍||𝐹

2

𝐴

𝐵

Deep Partial CCA (DPCCA)
• 2 𝑝𝑒𝑟𝑓𝑜𝑟𝑚 𝑚𝑢𝑙𝑡𝑖𝑣𝑎𝑟𝑖𝑎𝑡𝑒 𝑙𝑖𝑛𝑒𝑎𝑟 𝑚𝑢𝑙𝑡𝑖𝑝𝑙𝑒 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑠 𝑓𝑜𝑟 𝐹 𝑋 𝑎𝑛𝑑 𝐺 𝑌
𝑜𝑛 𝑎 𝑠ℎ𝑎𝑟𝑒𝑑 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑍:

𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑
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1

𝑁 − 1
||𝐹 𝑋 − 𝐴𝑍||𝐹

2

min
1

𝑁 − 1
||𝐺 𝑌 − 𝐵𝑍||𝐹

2

𝐴

𝐵
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𝑚𝑖𝑛
1

𝑁 − 1
||𝐹 𝑋 𝑍 − 𝐺(𝑌|𝑍)||𝐹

2

𝜃 = {𝑊𝑓,𝑊,𝑉𝑔,𝑉}

 Σ𝐹𝐹|𝑍 =  Σ𝐺𝐺|𝑍 = 𝐼𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜
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• Optimization is not trivial

• We introduce new stochastic optimization algorithms for our DPCCA variants

• 𝑊𝑒 𝑎𝑑𝑜𝑝𝑡 𝑠𝑜𝑚𝑒 𝑘𝑒𝑦 𝑡𝑒𝑐ℎ𝑛𝑖𝑞𝑢𝑒𝑠 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑁𝑜𝑛𝑙𝑖𝑛𝑒𝑎𝑟 𝑂𝑟𝑡ℎ𝑜𝑔𝑜𝑛𝑎𝑙 𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑁𝑂𝐼

𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 𝑤ℎ𝑖𝑐ℎ 𝑤𝑎𝑠 𝑠𝑢𝑔𝑔𝑒𝑠𝑡𝑒𝑑 𝑓𝑜𝑟 𝐷𝑒𝑒𝑝 𝐶𝐶𝐴 𝑊𝑎𝑛𝑔 𝑒𝑡 𝑎𝑙. , 2015

• Full Pseudocode is given in the paper
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• 𝐷𝑃𝐶𝐶𝐴 𝑖𝑠 𝑡ℎ𝑒 𝑏𝑒𝑠𝑡 𝑚𝑜𝑑𝑒𝑙, 𝑜𝑢𝑡𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑖𝑛𝑔 𝑎𝑙𝑙 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒

• 𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑤𝑖𝑡ℎ 𝑖𝑚𝑎𝑔𝑒𝑠 𝑖𝑚𝑝𝑟𝑜𝑣𝑒𝑠 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑜𝑛 𝑤𝑜𝑟𝑑𝑠 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒

𝑚𝑜𝑟𝑒 𝑎𝑏𝑠𝑡𝑟𝑎𝑐𝑡, 𝑠𝑢𝑐ℎ 𝑎𝑠 𝑎𝑑𝑗𝑒𝑐𝑡𝑖𝑣𝑒𝑠 𝑎𝑛𝑑 𝑣𝑒𝑟𝑏𝑠



Cross-lingual Image Description Retrieval

• 𝑅𝑒𝑠𝑢𝑙𝑡𝑠 𝑎𝑟𝑒 𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑 𝑜𝑛 𝐵𝐿𝐸𝑈 + 1

German to EnglishEnglish to GermanModel

82.7%83.6%DPCCA Variant A

83.9%84.8%DPCCA Variant B

83.7%86.3%DPCCA Variant B + DCCA NOI 
(Concatenation)

83.0%84.9%DCCA NOI

78.1%78.9%IMG PIVOTING

62.9%62.8%BCN

78.7%82.4%PCCA

75.4%80.3%CCA

74.3%74.2%GCCA



Multilingual Word Similarity

• 𝑅𝑒𝑠𝑢𝑙𝑡𝑠 𝑎𝑟𝑒 𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑 𝑜𝑛 𝑆𝑝𝑒𝑎𝑟𝑚𝑎𝑛′𝑠 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡

DE - NounsDE –VerbsDE - ADJEN - NounsEN - VerbsEN - ADJModel

40.4%32.1%43.0%36.9%31.1%64.0%DPCCA Variant A

39.9%31.9%46.2%38.2%31.6%62.6%DPCCA Variant B

39.8%29.7%44.1%36.1%30.8%61.1%DCCA NOI

34.0%14.3%30.5%34.0%29.6%61.4%PCCA

34.6%15.7%28.4%32.1%29.7%55.7%CCA

39.8%27.7%44.6%37.8%28.0%63.6%GCCA



Summary
 𝐺𝑜𝑎𝑙: 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑎 𝑠ℎ𝑎𝑟𝑒𝑑 𝑏𝑖𝑙𝑖𝑛𝑔𝑢𝑎𝑙 𝑠𝑝𝑎𝑐𝑒 𝑓𝑜𝑟 𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑖𝑛𝑝𝑢𝑡𝑠



Summary
 𝐺𝑜𝑎𝑙: 𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑎 𝑠ℎ𝑎𝑟𝑒𝑑 𝑏𝑖𝑙𝑖𝑛𝑔𝑢𝑎𝑙 𝑠𝑝𝑎𝑐𝑒 𝑓𝑜𝑟 𝑡𝑒𝑥𝑡𝑢𝑎𝑙 𝑖𝑛𝑝𝑢𝑡𝑠

 𝑂𝑢𝑟 𝐶𝑜𝑛𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛𝑠:

 𝑀𝑒𝑡ℎ𝑜𝑑: 𝐴𝑑𝑑𝑖𝑛𝑔 𝑚𝑢𝑡𝑢𝑎𝑙 𝑣𝑖𝑠𝑢𝑎𝑙 𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑡𝑜 𝑡ℎ𝑒 𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑝𝑟𝑜𝑐𝑒𝑠𝑠

 𝑀𝑜𝑑𝑒𝑙: 𝐴𝑝𝑝𝑙𝑦𝑖𝑛𝑔 𝑃𝐶𝐶𝐴 𝑡𝑜 𝑜𝑢𝑟 𝑠𝑒𝑡𝑡𝑖𝑛𝑔𝑠, 𝑎𝑛𝑑 𝑖𝑛𝑡𝑟𝑜𝑑𝑢𝑐𝑖𝑛𝑔 𝑖𝑡𝑠 𝑑𝑒𝑒𝑝 𝑣𝑎𝑟𝑖𝑎𝑛𝑡𝑠

 𝑂𝑝𝑡𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛: 𝑁𝑒𝑤 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑡𝑖𝑜𝑛 𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚 𝑓𝑜𝑟 𝐷𝑃𝐶𝐶𝐴

 𝑅𝑒𝑠𝑢𝑙𝑡𝑠: 𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑠 𝑜𝑣𝑒𝑟 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑤𝑜𝑟𝑘

 𝑁𝑒𝑤 𝐷𝑎𝑡𝑎𝑠𝑒𝑡: 𝑊𝑜𝑟𝑑 𝐼𝑚𝑎𝑔𝑒 𝑊𝑜𝑟𝑑 𝑊𝐼𝑊



Future Work
 𝐸𝑥𝑎𝑝𝑛𝑑𝑖𝑛𝑔 𝐷𝑃𝐶𝐶𝐴 𝑡𝑜 𝑠𝑢𝑝𝑝𝑜𝑟𝑡 𝑚𝑜𝑟𝑒 𝑡ℎ𝑎𝑛 𝑡𝑤𝑜 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑠

 𝐸𝑥𝑝𝑙𝑜𝑖𝑡𝑖𝑛𝑔 𝑡ℎ𝑒 𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒𝑠 𝑎𝑛𝑑 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠



Thank you!
 𝐶𝑜𝑑𝑒 𝑎𝑛𝑑 𝑑𝑎𝑡𝑎 𝑎𝑟𝑒 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑎𝑡:

𝑔𝑖𝑡ℎ𝑢𝑏. 𝑐𝑜𝑚/𝑟𝑜𝑡𝑚𝑎𝑛𝑔𝑢𝑦/𝐷𝑃𝐶𝐶𝐴


