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Abstract

We compare methods for few-shot classification on
ImageNet-Sketch, highlighting the effectiveness of K-
Nearest Neighbors with self-supervised backbones. This ap-
proach, simpler than linear classifiers, achieves competitive
results, demonstrating the potential of pre-trained models
for challenging datasets

1. Methodology
We compared the different approaches:
• Using models pretrained on ImageNet, and training a lin-

ear classifier on top of it.
• Using models pretrained on ImageNet, and fine-tuning

the whole model on ImageNet-Sketch.
• Using models pretrained on ImageNet as backbone for the

self-supervised learning method SimCLR, and training a
linear classifier on top of it.

• Using the same feature encoders, but using K-Nearest
Neighbors instead of a linear classifier.

• Using large transformers available in the Hugging Face
library, and using K-Nearest Neighbors on top of it.
For reproducibility, we created a pipeline that uses

YAML files to keep track of the models, hyperparameters,
augmentations, ... used for each experiment.

1.1. SimCLR training
SimCLR is a ”Simple Framework for Contrastive Learn-
ing of Visual Representations” [3]. It is a self-supervised
learning method that learns representations by maximizing
the similarity between augmented views of the same image,
and minimizing the similarity between augmented views of
different images. We reproduced this training method using
Pytorch, and used it to learn representations of the images
in ImageNet-Sketch, for several backbones, using the Sim-
CLR head proposed in the original paper:
• ResNet18 [5]
• MobileNetV3-Small [6]
• EfficientNet-B0 [8]
• EfficientNetV2-S [9]

• SqueezeNet [7]
• ViT-B/16 [4]

The common point between all these models is that they
are relatively small, and can be trained on a single GTX
1050 Ti GPU with 4GB of VRAM, in only a few hours
each. We then trained a linear classifier on top of the learned
representations, using the same hyperparameters for all the
models, and evaluated them on the ImageNet-Sketch vali-
dation set. Building on top of the analysis of the transforms
analysis in SimCLR, we used their recommended augmen-
tations for the training of the models.

1.2. Large transformers
We also used CLIP ([2]) and DINO ([1]) trasnformers, as
well as a transformer pretrained on ImageNet, to extract
features from the images in ImageNet-Sketch for K-Nearest
Neighbors classification using cosine similarity.

2. Results
2.1. SimCLR training
Our findings show that:
• Using vision transformers and EfficientNets was imprac-

tical, because SimCLR requires large batch sizes.
• MobileNetV3 and ResNet18 got the best contrastive ac-

curacy, botch reaching about 0.83, superior to the 0.67 of
SqueezeNet.

• MobileNetV3 took only 3.3 hours to train, while
ResNet18 took 7.5 hours.

• MobileNetV3 proved superior accuracy-wise to
ResNet18 when using a linear classifier on top of
the learned representations, reaching a top-1 accuracy of
0.406.

2.2. K-Nearest Neighbors
Our findings show that:
• Using ViT models trained on datasets bigger than Ima-

geNet granted the best results, with a top-1 accuracy al-
ways greater than 0.85.

• The best model was DINO/ViT-H/14, with a top-1 accu-
racy using KNN with cosine similarity of 0.90250.
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