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A. Release of code
Our code has been submitted for reproducibility. In order to ensure strict anonymization, we have removed all identifiable
information such as URLs, copyright, and licenses. Upon acceptance, we will upload an un-anonymized version of the code
on a public GitHub repository.

B. Comparison of self-attention maps
In this section, we show additional visual comparisons of the self-attention maps obtained from pre-trained, fine-tuned, and
GTA-trained models on multiple datasets (see Figure S1) [1, 2, 3, 4, 5]. The self-attention maps allow us to understand where
the model attends to different parts of the input image.
For each dataset, we randomly select a sample image and visualize the self-attention maps. We observe that the self-attention
maps of the fine-tuned model are much scattered over non-meaningful areas, in contrast to the pre-trained model which
demonstrates focused attention on important regions. Such behavior could lead to the loss of well-trained spatial information,
eventually resulting in lower performance. However, by introducing GTA, we show that it is possible to avoid this issue
by explicitly regularizing the attention logits between target and source models. We present a visual comparison of the
self-attention maps from these models to illustrate the effectiveness of the proposed method in guiding attention towards
important regions during training. The visualization results demonstrate that GTA-trained models outperform fine-tuned
models on multiple datasets.
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Figure S1. Comparison of self-attention maps from pre-trained, naı̈vely fine-tuned, and GTA-traind models across multiple
datasets. We consider CUB, Cars, Aircraft, Dogs, and Pets datasets. The self-attention maps of the multiple heads are aggregated
with maximum values, and visualized in red color. Each column shows the attention maps from the models that are pre-trained using SSL,
fine-tuned, and fine-tuned with GTA on 15% and 100% of training data, respectively. GTA shows that it is capable of fully leveraging
object-centric representations learned by the SSL model.
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