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Background

In real-world applications, data collected from one source or environment « Experiments showed that using a ResNet-50 encoder for feature * The Accuracy and F1 score results for UDA for the Amazon to Webcam,
may have different characteristics or distributions from the data collected extraction significantly improved the results of DANN, MADA, and CAN. A DSLR to Webcam and Webcam to Amazon are displayed in Table 2.
from another source or environment. This can lead to poor generalization DeiT is used as the backbone for CDTrans.  Webcam domain proves to be difficult to classify given its a low image
performance of machine learning models that are trained on one domain * Hyperparameter tuning was conducted to optimize the performance of the resolution which is highlighted in Fig. 4.

and tested on another. Unsupervised domain adaptation (UDA) is a models. We tuned parameters such as optimizer, learning rates, and * The models perform in the following order: DANN < MADA < CAN <
technique that addresses this problem by allowing models to adapt to new regularization strength to achieve the best results. A learning rate CDTrans.

domains using only unlabeled data. The Office-31[1] dataset provides a scheduler was used to improve convergence and accuracy.

testbed for evaluating the performance of UDA methods, as it contains over * Table 1 notes the model sizes and their average inforencing time for a

4,600 images from three different ;.. == Amazon  EEm DSLR mEm Webcam single image. Ruler eadphones Keyboare Amazon to DSLRto | Webcam to
domains with different - * Webcam Webcam Amazon
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31 diferent office-based objects ° . . DANN 27.2M 0.9 ms ,, DANN  0.786 0.780 0.969 0.969 0.606 0.596
with distributions depicted in Fig. l |
1 and sample images presented | MADA 26.2M 2.8 ms g MADA 0.764 0.762 0.957 0.957 0.656 0.635
In Fig. 4. This dataset allows us to
examine the adaptation from 0 §93n3uERriTyPRIREEINREItIELi s CDTrans 26.6M 0.2ms CAN 0.949 0.968 0.964 0.992 0.773 0.846
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wgb based images tp realistic S Wy §E08F SoEESETETER YRV CAN 3. 6M 0.3 ms : CDTrans  0.967 0.965 0.991 0.989 0.819 0.820
OfflCe and hOme enV|r0nmentS B ) § “ q_qé £ g § Table 2: Accuracy and F1-Score as a result of Domain Adaptation for our four

é - o I Table 1: Statistics for model size based on number parameters. We also highlight '

and evaluate SiX domain Shlft models, DANN, MADA, CDTrans, and CAN. We present three domain adaptations.

. _ Class the average inference time of a single image for the four models. Figure 4: Sample images of three different classes
COnflguraUOnS for each Figure 1: The distribution of class labels for the OFFICE-31[1] dataset. Each from the three different domains.
: : bar represents a different class and the different colors represent the different o ' ' IS | ' -
Implemented technique. oo represen s & e Robustness with respect to noise is important since real-world data often Amazonto | DSLRto |Webcam to

contains various types of noise, which can impact the performance and
generalization of machine learning models

M Odel Se I eCtI O n * To assess the robustness of our models, We conducted a thorough

Webcam Webcam Amazon

Acc Acc Acc
robustness survey, where we added random Gaussian noise to 75% of
 These domain adaptation techniques fall into the categories of adversarial the images in the target domain with varying standard deviations from 0.1 DANN 0.567 0.728 0.463
training, feature alignment, and self-training. to 5.0 (Fig. 5), and evaluated the models' generalization performance.
- : - : - MADA 0.556 0.703 0.477
* \We have implemented four domain adaptation models: Domain Original Images Perturbed Images
Adversarial Neural Network (DANN) [2], Multi-Adversarial Domain ' | CDTrans 0.504 0.570 0.494
Adaptation (MADA) [3], Cross-domain transformer (CDTrans) [4], and E
| — CAN 0.124 0.167 0.113

Contrastive Adaptation Network (CAN) [5]. DANN and MADA belong to
the adversarial training category, while CDTrans and CAN fall under the

category of feature allgnment « The architecture of DANN

Table 3: Results of the robustness survey. The accuracy for the four models is
presented for 3 different domain adaptations.
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R Th Figure 5: Example images from the Webcam domain of the effects of random Gaussian Blur e CDTrans outperforms all other models in terms of Accuracy_ It
_ ° e Source and target applied to the images. The zero-mean Gaussian noise was added randomly to the 75% of the . . ‘-
Figure 2: DANN Architecture imageS are sent to source images and had a random standard deviation ranging from 0.1 to 5.0. demonstrates that Transformers have better generallzathn ablllty over
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Figure 3: CDTrans Framework with three weight-sharing transformers



