A. Qualitative Examples

We present some of the qualitative examples in Figure
1. We observed that our method assigns higher attention
weights to both relevant images and text in the k-NN list, in-
dicating that RetFormer can capture effective relationships
from two different modalities. We found that even in the ab-
sence of any relevant images, our method still benefits from
related shared knowledge.

B. Results on CIFAR-100-LT

Table 1 shows the results for CIFAR-100-LT. The results
clearly show that RetFormer outperforms other methods in-
cluding PEL, LiVT, BALLAD, and various ab initio train-
ing methods. Our method is the best among all methods
that use extra data, demonstrating the potential of retrieval-
augmented in vision tasks. The advantage of our method is
more obvious when the dataset is unbalanced, which is due
to the fact that the retrieval module makes the model fo-
cus on the tail classes appropriately. In addition, we do not
compare models using ViT pre-trained on the ImageNet-
21K dataset due to data leakage that would introduce unfair
comparisons.
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Figure 1. Qualitative Examples. We visually demonstrate how the retrieval cross-fusion module copes with tailed classes. Query images
of tailed classes are shown on the left. The k-NN images from the knowledge base are shown on the right and sorted from left to right. We
display the attention weight assigned to each k-NN above the corresponding image.

Imbalance Ratio

Methods Extra Data Backbone 100 50 10

Training from scratch

BCL [7] X ResNeXt-50 | 51.93 56.59 64.87
GLMC [2] X ResNeXt-50 | 55.88 61.08 70.74
SURE [3] X ResNet-32 | 51.60 58.57 71.13

Fine-tuning pre-trained model
LiVT [6] X ViT-B/16 582 820 692
BALLAD [4] v ViT-B/16 77.8 - -
LIFT [5] v ViT-B/16 80.3 82.0 838
Ours v ViT-B/16 814 83.0 845
Fine-tuning pre-trained model from ImageNet-21K
LPT [1] v ViT-B/16 89.1 90.0 91.0
LIFT [5] v ViT-B/16 89.1 90.2 913

Table 1. Test top-1 accuracy (%) on CIFAR-100-LT with varying imbalance ratios. RetFormer outperforms prior arts when using a similar
backbone network. Pre-trained model from ImageNet-21K has several classes related to CIFAR-100, which potentially leads to data
leakage.
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