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CDAN: Entropy Conditioning

Distribution Embeddings with Statistics: multilinear > concatenation

» Principled approaches to domain adaptation: Conditional Domain

Adversarial Networks (CDAN » Capture cross-covariance statistics across multiple random vectors
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» Multilinear Conditioning: capture the cross-covariance between domain-specific PX) PX. Y) s Sum Rule: Q(X) = 3 PX|Y)x(Y) Max Lxs~D, W (H(g7))log[D (T (h7))] + Etp W (H(g])) log [1 =D (T (hj))]
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» Entropy Conditioning: control the uncertainty of (target) classifier predictions G 1 % g QX)
to guarantee the transferability y P(X, V)
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» New domain adaptation theory on the generalization error bound

@ CDAN: Generalization Error Bound

Kernel | > Cre . . .
» State-of-art results on many vision & simulation-to-real datasets sreddnal o S T The probabilistic bound of the target risk €g(G) of hypothesis G is
» Open Problems Pl et 2 A Sum Pl 5= Oy given by the source risk ep(G) plus the distribution discrepancy:
| Y, roduct Rule: Cxy = yix Cyy
» Randomized method for multilinear operation with lower approximation error u = Bayes’ Rule: 17}, = Cx(x) €0 (G) < €p (G)—|- [GP (G*) + €0 (G*)] + ‘G,D (G7 G*) — €Q (G’ G*) , (7)

» Complexity analysis for the domain adaptation theory involving neural networks o0 X 1 T e i [ e x o x e

» Code@: https://github.com/thuml/CDAN

The distribution discrepancy |ep (G, G*) — €o (G, G*)| is bounded by
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Deep Domain Adaptation oy L Ls < sup E(sg)-r, [0 (F,8) 7 0] ~ Eirgreac 0 (F.8) # 0] (8)
<
Deep Learning across Domains following Non-lID Distributions P # Q DNN: § S DS:?gD\E(f,ng [D(f,g) # 0] = Erg)~oq (D (F. 8) 7 0],
2. Target Domain Reshlet O I.e., the distribution discrepancy is bounded by domain discriminator.
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Table: Accuracy (%) on Office-31 for Unsupervised Domain Adaptation

Conditional adaptation of distributions over representation & prediction

Method A—-W D—-W W—-D A—-D D—-A WA Ayg

min £(G) — \&(D, G) AlexNet 61.6405 954403 99.0+02 638405 51.1406 498+04 70.1
| G (1) DANN  73.0405 964403 992403 72.3+03 53.4+04 512405 743

2D Renderings Real Images min (D, G) JAN 749403 96.6+0.2 99.5+0.2 71.8+0.2 58.340.3 55.0+0.4 76.0
D P CDAN  77.9403 96.9402 100.0+-.0 751402 545403 57.5+04 77.0

P(X,Y)iQ(X,Y) i . i o CDAN+E 78.3102 97.240.1 100.0+£.0 76.3+0.1 57.3+£0.2 57.3+0.3 77.7
E(D, G) = —Exp,log [D (f7 =0 g7)] — it~ D, log [1 — D (fj 5 gj)} ResNet-50 684402 96.7+0.1 993401 68.9+02 625+03 607403 76.1

Model Representation Model (2) DANN  82.0+0.4 96.9+0.2 99.14+0.1 79.7+0.4 68.2+0.4 67.44+05 82.2

JAN 854403 97.4402 99.8402 847403 68.640.3 70.04-04 843
. . . . 1402 98.240. 04+.0 89.84+03 70.1+0.4 68.0+-0.4 86.
f X —y http://ai.bu.eduvisda-2017/ f X >y CDAN 93.1+02 982402 100.0+-.0 89.84-03 70.140.4 68.0+0.4 86.6

Randomized Multilinear Conditioning CDAN-+E 94.1+£0.1 98.6-0.1 100.0+.0 92.940.2 71.0403 69.3+0.3 87.7
[ Table: Accuracy (%) on Office-Home for Unsupervised Domain Adaptation
Basic Approaches to Domain Adaptation 9 AW Method Ar—Cl Ar—Pr Ar—Rw Cl>Ar CI»Pr CI+Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr Avg
I | P AlexNet 264 326 413 221 417 421 205 203 511 310 279 549 343
. C L . ' DANN 364 452 547 352 518 551 316 397 503 457 464 659 47.3
Matching distributions across source and target domains s.t. P ~ @) PO O JAN 355 461 577 364 533 545 334 403 601 459 474 679 482
- SR : Y8 AN AN 2T 4 N — O CDAN 362 473 586 373 544 583 332 43.9 621 482 481 707 499
> Reduce marginal distribution mismatch: P(X) # Q(X) o P CDAN+E 38.1 50.3 60.3 39.7 56.4 578 355 431 632 484 485 71.1 51.0
> Rec uce Cond|t|ona| d|Str|but|0n mlsmatch P Y X Y X O ResNet-50 349 50.0 58.0 3r4d 419  46.2 38.5 31.2 60.4 53.9 41.2 599 46.1
_ _ _ _ ( ‘ ) # Q( | ) _ Hor—> f DANN 456 593 701 470 585 609 461 437 685 632 518 768 57.6
» Challenge: fail to align different domains of multimodal distributions JAN 459 612 689 504 597 610 458 434 703 639 524 768 583
Conditional adaptation of distributions over representation & prediction CDAN 490 693 745 544 660 684 556 483 750 684 554 805 638
: generated distribution true data distribution CDAN+E 50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 77.3 70.9 56.7 81.6 65.8
unit gaussian a Ts (f, g) =fRg (3) | [ e L - o T
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Ty (f,g) if dr x d; <4096
T (h) — _ (5) (a) Multilinear (b) Entropy (c) Discrepancy (d) Convergence
Kernel Embedding Adversarial Learning Io (f; g) otherwise Figure: Analysis of conditioning strategies, distribution discrepancy, and convergence.
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