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2. Domain Adaptation
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3. A Framework of InstanceWeighting
for Domain Adaptation
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4. Experiments
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POS NE Type Spam

k Oncology k CTS k WL k ulo ui1 ul2

0 0.8630 0 0.7815 0 0.7045 0 | 0.6306 | 0.6950 | 0.7644
4000 0.8675 800 | 0.8245 | 600 | 0.7070 || 150 | 0.6417 | 0.7078 | 0.7950
8000 0.8709 1600 | 0.8640 | 1200 | 0.6975 || 300 | 0O.6611 | 0.7228 | 0.8222
12000 0.8713 2400 | 0.8825 | 1800 | 0.6830 || 450 | 0.7106 | 0.7806 | 0.8239
16000 0.8714 3000 | 0.8825 | 2400 | 0.6795 || 600 | 0.7911 | 0.8322 | 0.8328

all 0.8720 all 0.8830 | all 0.6600 || all | 0.8106 | 0.8517 | 0.8067

Table 1: Accuracy on the target domain after removing

“misleading” source domain instances.

POS NE Type Spam

method Oncology method CTS WL method u ui1 ul2
D, only 0.8630 D only 0.7815 | 0.7045 D; only 0.6306 | 0.6950 | 0.7644
De+ Dy (0.9349 De+ Dy 0.9340 | 0.7735 D.+D;, 0.9572 | 0.9572 | 0.9461
Ds +5D; 0.9411 Ds+ 2D, 0.9355 | 0.7810 || Ds+2D;; | 09606 | 0.9600 | 0.9533
D, +10D;, 0.9429 D, + 5D, 0.9360 | 0.7820 || Ds+5D;; | 09628 | 09611 | 0.9601
D, + 20D, 0.9443 D+ 10D;; || 09355 | 0.7840 || Ds + 10D, ; | 0.9639 | 0.9628 | 0.9633
D, + 20D, ; 0.9422 D.+10D,; || 0.8950 | 0.6670 || DL+ 10D, ; | 0.9717 | 0.9478 | 0.9494

Table 2: Accuracy on the unlabeled target instances after adding the labeled target instances.
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POS NE Tvpe Spam
method Oncology CTS WL ul ull ul)2
supervised 0.8630 0.7781 | 0.7351 || 0.6476 | 0.6976 | 0.8068

standard bootstrap 0.8728 0.8917 | 0.7498 || 0.8720 | 0.9212 | 0.9760
balanced bootstrap 0.8750 0.8923 | 0.7523 || 0.8816 | 0.9256 | 0.9772

Table 3: Accuracy on the target domain without using labeled target instances. In balanced bootstrapping,
more weights are put on the target instances in the objective function than in standard bootstrapping.



6. Conclusions and FutureWork
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