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Background: Disentangled Representation

Disentangled representation learning aims to identify the underlying factors of
variations within data and correlate them to distinct units of the learned representation.
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Yoshua Bengio, et al., 2013. Representation learning: A review and new perspectives.
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Challenge

1. How to define an effective disentangled representation space?
(i.e., how to use finite attributes to differentiate between diverse real-world objects?)

2. How to induce dimension-wise supervision on disentangled representation space?



Background: Disentangled Representation

Disentangled — ’
Data .g 3.1 This is a blue circle
Representation Space —
/ | —| AR
size p—
® ‘ S
circle? 0 ‘ ‘ l
\ \ — J )
square? /,5:2\
? , blue? 0
, ~ 1
orange? S This is a larger
® N =/ L v orange square
1
—/



Challenge: Disentangled Representation Space
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Solution: Disentangled Representation Space

Real-world objects can be differentiated through natural language descriptions.
Natural language data can be tokenized into a finite set of tokens.
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Solution: Disentangled Representation Space

1. How to define an effective disentangled representation space?
(i.e., how to use finite attributes to differentiate between diverse real-world objects?)

natural [anguage expression = proxy of the input data

tokenizer vocabulary space = disentangled representation space



Challenge: Dimension-wise Supervision

1. How to define an effective disentangled representation space?
(i.e., how to use finite attributes to differentiate between diverse real-world objects?)

natural language expression = proxy of the input data

tokenizer vocabulary space = disentangled representation space

2. How to induce dimension-wise supervision on disentangled representation space?
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Solution: Dimension-wise Supervision

Key components :
1. Pre-trained Masked Language Model
2. Sparse Bi-encoder Framework
3. Contrastive Learning

Let's see how VDR works!



Bi-encoder Framework
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Bi-encoder Framework (Text Encoder)
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Bi-encoder Framework (Image Encoder)
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Contrastive Learning
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Contrastive Learning
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Contrastive Learning
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Contrastive Learning
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Experimental Setup

Our experiments cover both text-to-text retrieval scenarios and cross-modal retrieval
scenarios.

Model Dataset

Text-to-text Retrieval (2 text encoders) Text-to-text Retrieval

* 20 epochs * Train on MS MARCO

* batch size 256 * Eval on BEIR benchmark
Cross-modal Retrieval (1 text encoder + 1 image encoder) Cross-modal Retrieval

* 20 epochs  Train on YFCC15m

* batch size 4096 * Eval on ImageNet, MSCOCO, Flickr30k



Experimental Results (text-to-text)

Model BM25 SPLADE 'DPR fVDR®, TVDR;y | ANCE UnifieR Contriever SimLM MASTER RetroMAE LexMAE E5;..
Retrieval Pre-training x v v v v v v v
Special Negatives b 4 v v v v v v
Distillation b 4 v v v v
Wikipedia Access X v v v v v
ArguAna 31.5 43.9 40.8 48.8 48.6 41.5 39.0 44.6 42.1 39.5 433 50.0 514
Climate-FEVER 21.3 19.9 16.2 18.1 17.6 19.8 17.5 23.7 16.3 21.5 232 21.9 15.4
DBPedia 313 36.6 304 37.6 39.0 28.1 40.6 41.3 345 39.9 39.0 424 41.0
FEVER 75.3 73.0 63.8 74.8 74.0 66.9 69.6 75.8 65.7 69.2 77.4 80.0 582
FiQA 23.6 28.7 23.7 29.3 28.8 29.5 31.1 329 29.2 32.8 31.6 352 36.4
HotpotQA 60.3 63.6 452 68.4 65.5 45.6 66.1 63.8 58.1 589 63.5 71.6 62.2
NFCorpus 325 313 26.1 32.7 33.0 23.7 329 32.8 323 33.0 30.8 34.7 36.6
NQ 329 46.9 432 45.8 472 44.6 514 49.8 47.7 51.6 51.8 56.2 60.0
SCIDOCS 15.8 14.5 10.9 154 153 12.2 15.0 16.5 14.5 14.1 15.0 15.9 19.0
SciFact 66.5 62.8 474 67.6 67.3 50.7 68.6 67.7 58.8 63.7 65.3 71.7 73.1
TREC-COVID 65.6 67.3 60.1 69.0 67.8 65.4 71.5 59.6 63.7 62.0 77.2 76.3 79.6
Touché-2020 36.7 20.1 22.1 27.7 29.8 28.4 30.2 23.0 29.2 32.0 23.7 29.0 28.3
Avg. 41.1 42.4 35.8 44.6 44.5 38.0 44.5 443 444 43.1 45.1 48.7 46.8
Avg. (w/o NQ) - - - 44.5 443 - - 43.8 40.4 424 44.5 - 45.6

* VDRt outperform DPR by 8.7% with similar model size and training costs.
* VDR, achieve comparable performance to other advanced retrievers.



Experimental Results (cross-modal)

TageNet _ MSCOCO ‘ . Flickr30k .

Model 1mage-to-text text-to-image 1mage-to-text text-to-image

Topl Top5 | R@I R@5 R@I0 R@I R@5 R@I0 | R-mean | R@I R@5 R@I0 R@I R@5 R@I0 | R-mean
CLIP 3287 5747 [ 208 439 557 130 317 427 32.6 349 639 759 234 472 589 50.7
fTCLIP-BERT | 324 56.1 | 239 478 603 136 338 451 37.4 44.1 712 807 278 547 659 57.4
fVDR,,, 387 636 | 309 545 654 174 381 49.7 42.7 51.0 793 867 324 60.1 70.7 63.4
fVDR2P - . . = . 118 286 386 = - = - 21.1 423 5238 .
SLIP 33.6! S86T | 277 526 639 182 392 510 42.1 478 765 859 323 S87 68.8 61.7
TFILIP 39.1 644 | 21.6 467 590 137 317 416 35.7 463 744 832 307 582 686 60.2
ProtoCLIP 32.0 & 302 551 665 169 379 494 42.7 2 s & > = g -
"DeCLIP 432 694 | 253 512 634 166 352 454 39.5 513 807 885 355 630 730 65.3

* VDR, outperform CLIP {6.2%, 5.3%, 6.0%} on {ImageNet,

MSCOCO, Flickr30k}, respectively.



Image Disentanglement
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Image Disentanglement
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Image Disentanglement (Patch-level)
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Retrieval Reasoning
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Q&A

O Code: https://github.com/jzhoubu/VDR

Email: jzhoubu(@connect.ust.hk



https://github.com/jzhoubu/HLP

