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Abstract

This paper explores the application of a novel method
of learning by predicting view assignments with support
samples (PAWS) on fine-grain datasets to understand how
well this semi-supervised method using spares labels works
for classification tasks when classes share many similar
features due to being in the same category (e.g., one dog
species from another).

The method trains a model to minimize a consistency
loss, which ensures that different views of the same un-
labeled instance are assigned similar pseudo-labels. The
pseudo-labels are generated non-parametrically, by com-
paring the representations of the image views to those of a
set of randomly sampled labeled images. The distance be-
tween the view representations and labeled representations
is used to provide a weighting over class labels, which is in-
terpreted as a soft pseudo-label. By non-parametrically in-
corporating labeled samples in this way, PAWS extends the
distance-metric loss used in self-supervised methods such
as BYOL and SwAV to the semi-supervised setting.

Furthermore, this paper focuses on the performance of
PAWS top-1 accuracy when fine-tuning fine-grain datasets
on varying ratios of labeled to unlabeled images after pre-
training on ImageNet. For fine-grain classification, PAWS
went from 59.42% top-1 when using 1:1 labeled to unla-
beled fine-tune training datasets, to 52.18% top-1 when us-
ing a 1:25 ratio, showing that PAWS should be explored
further for fine-grain classification problems with sparsely
labeled datasets.

1. Introduction
When training models for certain applications such as

computer vision classification, large amounts of real-world
data with labels is often needed to train classifiers so that
features in the data can be learned to accurately predict
classes for new images. These are commonly supervised
learning methods where the training data has labels of the
ground-truth. The CIFAR-10 [6] and ImageNet Large Scale

Visual Recognition Challenge (ImageNet) [10] provided
massive labeled datasets to help reduce the burden of ex-
pensively collecting and labeling data, and has allowed re-
searchers to compare progress in detection across a wider
variety of objects as well as use for pre-training.

However, not all classification applications have a read-
ily available datasets. Instead, these datasets need to be cre-
ated and are commonly sparsely labeled meaning that the
ratio of labeled images to unlabeled images can be signifi-
cant. Having sparse labels can mean that it’s harder for your
classifier to accurately predict each class, and this problem
is further exacerbated when performing fine-grain classifi-
cation using sparsely labeled datasets where differences in
classes can be much more subtle such as the difference be-
tween classifying a dog from a car versus a dog breed from
another dog breed.

How to learn with less labeled data is an important com-
puter vision and machine learning research area. One pop-
ular approach for learning with few labels is to first perform
unsupervised pre-training on a large dataset followed by
supervised fine-tuning on the small set of available labels.
Self-supervised methods follow similar training methodolo-
gies, but also requires substantially more computational ef-
fort than other approaches and does not make use of labeled
data when it is available. If labeled data is available, alterna-
tive methods have used them to generate pseudo-labels for
the unlabeled data, and then train a model using the labeled
and pseudo-labeled data.

The method that PAWS implements to train a model is
to minimize the consistency loss to ensure that views of the
same unlabeled image are assigned the same pseudo-labels.
The pseudo-labels are generated by comparing the repre-
sentations of the image views to those of a set of randomly
sampled labeled images. The distance between the view
representations and labeled representations is used to pro-
vide a weighting over class labels, which we interpret as a
soft pseudo-label. PAWS extends the distance-metric loss
in self-supervised methods such as Bootstrap Your Own
Latent (BYOL) [5] and Swapping Assignments between
multiple Views of the same image (SwAV) [2] to the semi-
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supervised setting.
Before exploring how PAWS performs on new datasets

where classes are within the same category, I started with
the baseline implementation of PAWS trained for 600
epochs with a single-GPU on the CIFAR-10 dataset [6],
then evaluate the nearest-neighbours performance of the
model on a single GPU to better familiarize myself with
the work of past publications, research, and methodology.
After testing the initial code on the CIFAR-10 dataset to
replicate results and understanding, I look to use the PAWS
weights pre-trained on the full ImageNet 1000-class dataset
and fine-tune on the fine-grain 120-class ImageNet dogs
dataset to perform a study on how accuracy changes based
on the ratio of labeled to unlabeled training data on fine-
grain datasets.

This application-based project is aimed at exploring how
a novel method of learning by Predicting view Assignments
With support Samples (PAWS) [1] performs on fine-grain
datasets using sparsely labeled data to understand how
well this methodology works for classification tasks when
classes share many similar features due to being in the same
category, (e.g., one dog breed from another dog breed).

The input to our algorithm are images. We then use an
ResNet-50 encoder network and then a Soft Nearest Neigh-
bours similarity classifier to output a predicted class with
saliency maps [4] and confusion matrices [8].

Our results show that after pre-training on ImageNet and
fine-tuning using the fine-grain dataset with as big as 1:25
labeled to unlabeled data ratio, PAWS can still be used as an
effective classifier. These findings suggest that PAWS can
use sparsely labeled data to effectively learn a new class, es-
pecially when that class can have minor differences to other
classes as they all belong to the same class category. Appli-
cations include automation and manufacturing where new
datasets need to be created for defect detection in produc-
tion, but generating and labeling large datasets is costly, as
well as datasets are much more likely to be fine-grain shar-
ing similar features.

2. Related Work
As discussed earlier, the motivation for this paper is to

determine how to accurately classify very similar objects
in the same category when data is available, but labels are
sparse.

In a literature review, there are a few approached to
classify objects with few, some, or no labeled data: semi-
supervised learning, few-shot learning, self-supervised
learning.

PAWS extends the distance-metric loss in self-
supervised methods such as Bootstrap Your Own Latent
(BYOL) [5] and Swapping Assignments between multiple
Views of the same image (SwAV) [2] to the semi-supervised
setting.

BYOL is a self-supervised learning approach using two
networks to learn: the online and target network. Given an
image, the online and target networks produce a prediction,
and then objective of BYOL is to minimize the similarity
loss between the two network predictions [5]. This mini-
mization of the similarity loss is a key basis for PAWS.

SwAV is another key distance-metric loss that focuses
on minimizing distance between different augmentations or
views of the same image and assigning a cluster or class
of one view based on the compared view [2]. This multi-
crop of the input image is a key component in the PAWS
methodology.

SimCLR is another framework for contrastive learning
representations by maximizing agreement between differ-
ent augmentations of the same input image. This is a key
component of the PAWS approach which also leverages the
contrastive loss [3]

An additional idea important for understanding PAWS
is semi-supervised methods related to generating pseudo-
labels for unlabeled samples. Pseudo-Label [7], is a method
that first trains a model on the labeled data and then uses this
model to assign pseudo-labels to unlabeled data, and then
retrain the entire model again on the labeled and unlabeled
data together. There are several similar methods of gener-
ating pseudo labels for the unlabeled data, and then train a
model using the labeled and pseudo-labeled data [14], [9].

Another important component of PAWS is the Student-
Teacher network. The approach is to use the teacher to as-
sign pseudo-labels to unlabeled data which are used to train
the student part of the network. The goal is for the student
to minimize it’s prediction error to the teacher’s pseudo-
label [13], [11].

For two reasons, semi-supervised PAWS approach was
pursued: (1) training and testing using PAWS claims to
be highly computationally efficient in comparison to other
methods while still maintaining high performance, and (2) it
is realistic and a desirable pipeline in the real-world setting
to collect 2D images of objects and label a small amount of
data to classify more data.

3. Dataset and Features
We currently work with 3 datasets: the CIFAR-10, the

full ImageNet, and ImageNet fine-grain (Task 3) datasets.
Examples of images from each of these 3 datasets can be
seen in 1. The original PAWS paper performs experiments
and pre-training benchmarks using ImageNet and has pro-
vided baseline weights to use for experimentation and vali-
dation.

The CIFAR-10 dataset consists of 60,000, 32x32 colour
images in 10 classes, with 6,000 images per class. There
are 50,000 training images and 10,000 test images [6]. For
our baseline on CIFAR-10, we follow the same PAWS im-
plementation of using 4000 labeled training images

2



Figure 1. Example of 2 classes and images from each of the 3
datasets used in this work. Images have different resolutions and
aspect ratios, therefor appear blurry in this image. For CIFAR-
10 dataset, first class is car, second class is ship. For ImageNet
dataset, first image is soccer ball, second class is piano. For the
fine-grain dataset, first class is Bernese mountain dog, the second
class is Papillon dog.

Similarly, to baseline PAWS with existing ImageNet im-
plementations, we use the full ImageNet dataset which
has over 1.2M images 500x370 colour images and 1,000
classes [10] of varying resolution. For pre-training we use
the 1% labeled data weight provided by the PAWS paper.
The ImageNet fine-grain subset has 20,580 images and 120
classes of dog species. We split this into 90% training
and 10% validation. The training images are split into two
halves where one half is always used for unlabelled data,
and the other half in incrementally added based on the num-
ber of labeled images based on the experiment. This large
number of categories should make it an interesting dataset
for subordinate categorization and also allows the unlabeled
dataset to remain consistent for all experiments.

As a part of the training methodology, data is augmented
using color jitter, random cropping, and random horizontal
flipping as applied in the SimCLR approach [3] to ensure
that initial baselines can be replicated.

4. Methodology

The PAWS methodology [1] starts with a large dataset
of unlabeled data D, and a small support dataset of anno-
tated images S, where the number of labeled images is much
smaller than unlabeled images. During pre-training, the
small amount of labeled data S is used with the unlabeled
data D to learn image representations. After pre-training,
the model is fine-tuned with only labeled data S.

A two-view pre-training approach is shown in Figure
2 where, using random data augmentations such as color
jitter, random horizontal flipping, random cropping, two

views (or multiple crops) of each unlabeled image are gen-
erated: a positive view and an anchor view. We train this
network by assigning a soft pseudo-label to both the anchor
and positive views and then minimizing the cross-entropy
loss between the two views.

First, pseudo-labels are assigned by using a Soft Nearest
Neighbours similarity classifier given by:

πd(zi, zS) =
∑
zsj ,yj

(
d(zi, zsj)∑
d(zi, zsk)

)yi (1)

where yj is the one-hot ground truth label vector, zi is
the ith representation of mini-batch z.

Then, for similarity metrics and predictions, PAWS uses
the exponential temperature-scaled cosine so the prediction
for the anchor and the positive view can be calculated using
the softmax with temperature τ :

pi = πd(zi, zs) = στ (ziz
T
S )yS (2)

where στ () is the softmax with temperature τ > 0 and pi
is the prediction for representation zi and p+i is the positive
prediction representation for z+i .

PAWS also addresses a representation collapse prob-
lem where all data is assigned to one class but using the
Sinkhorn-Knopp normalization and sharpening the the pre-
dictions to make them more salient and more confident.
PAWS defines a sharpening function ρ given by:

ρ(pi)]k =
[pi]

1/T
k∑K

j=1[pi]
1/T
j

(3)

The objective function to be minimized when training
the encoder is:

1

2n

n∑
i=1

(H(ρ(p+i ), pi) +H(ρpi), p
+
i ))−H(p̄) (4)

where pi is the prediction for representation zi and p+i is
the positive prediction representation for z+i . The prediction
of one view is compared with the sharpened prediction of
the other view. When training the encoder, we want the pi
and p+i predictions of the two or more views of the same
image to be very similar.

PAWS also uses a mean entropy maximization (ME-
MAX) regularization term to maximize the entropy of
H(p̄).

PAWS authors released a paper and codebase that is the
basis for this research. We build upon this codebase to
add and extend functionality for fine-grain classification.
Specifically we introduce saliency map generation, confu-
sion matrices generation, and modifying base scripts to ex-
tend training from just being compatible with CIFAR-10
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Figure 2. The PAWS method assigns soft pseudo-labels to an an-
chor view of an image and an associated positive view, and sub-
sequently minimizes the cross-entropy H between them. The soft
pseudo-labels are generated using a differentiable similarity classi-
fier πd that measures the similarity to a mini-batch of labeled sup-
port samples, and outputs a soft class distribution. Positive views
are created using data-augmentations of the anchor view [1].

and ImageNet to being able to split and setup datasets as
needed to run labeled to unlabeled ratios for pre-training,
fine-tuning, and soft nearest neighbours classification.

5. Experiments and Results

5.1. Baselines

Before exploring how PAWS performs on new datasets
where classes are within the same category, we start with the
baseline implementation of PAWS trained for 600 epochs
with a single-GPU on the CIFAR-10 dataset, then evaluate
the nearest-neighbours performance of the model on a sin-
gle GPU, with and without fine-tuning, to better familiarize
ourselves with the work of past publications, research, and
methodology.

Figure 3 and 4 show our baseline results on the CIFAR-
10 dataset. For the baseline, we replicate the paper experi-
ments [1]: To construct the different image views, we gen-
erating two large (global) crops (32 × 32), and six small
(local) crops (18 × 18) of each unlabeled image. We use a
batch-size of 256. To construct the support mini-batch at
each iteration, we also randomly sample 640 images, com-
prising 10 classes and 64 images per class, from the la-
beled set, and apply default PAWS label smoothing factor
of 0.1. For all sampled images (both unlabeled images and
support images) we apply the basic set of SimCLR data-
augmentations, specifically, random crop, horizontal flip,
and color distortion. We also generate two views of each
sampled support image.

We first pre-train a network using PAWS on CIFAR-10
using a 92% unsupervised, 8% supervised split with ac-
cess to 4000 labels, and then report the nearest-neighbour
classification accuracy on the test set using the 4000 la-

Figure 3. Baseline training on CIFAR-10 dataset using a
WideResNet-28-2 architecture and pre-training on 600 epochs.
We report the Top-1 class accuracy of 95.38% when training on
8% labeled data.

beled training images as support. Training was done using
a Wide ResNet-28-2 encoder without dropout. It contained
a 3-layer MLP projection head, consisting of three fully-
connected layers of dimension 128, and Batch Normaliza-
tion applied to the hidden layers.

For pre-training, we use the same PAWS implementa-
tions of a LARS optimizer with a momentum value of 0.9,
weight decay 10e−6, cosine-similarity temperature of τ =
0.1 and target sharpening temperature of T = 0.25. All 10
classes were used per batch size of 256. These choices of
hyperparameters were selected to ensure baselines would
match as well as the original authors provided the optimized
hyperparameters as a part of their work.

Initial baseline results are inline with reported PAWS
performance, and we were able to get the code base suc-
cessfully running with a single GPU.

The next baseline experiment was to fine-tune and eval-
uate PAWS on ImageNet. For reproducibility, the PAWS
paper provides full checkpoints for the pre-trained models
which contains the backbone, projection head, and predic-
tion head weights. We used the 300th epoch, ResNet-50
pretrained weights on 1% labeled ImageNet data. We then
fine-tuned using the provided training and validation splits,
and achieved 69.792% validation accuracy which is inline
with the expected paper accuracies.

5.2. Fine-grain experiments

Now that we have successfully implemented PAWS and
been able to generate baselines and reproduce paper ex-
pected results, we shifted focus to the core objective of
understanding how PAWS performs on the fine-grain clas-
sification dataset of 120 dog breed classes while also ex-
perimenting with the ratio of labeled to unlabeled data.
We explore what the labeled to unlabeled ratio is needed
to provide high accuracy on similar fine-grain classifica-
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1 2 3 4 5 6 7 8 9 10

1 953 1 11 6 2 0 4 0 19 4

2 1 978 0 0 0 1 0 0 3 17

3 20 0 908 14 21 16 15 4 2 0

4 5 1 11 861 22 70 20 5 1 4

5 0 0 12 20 955 3 6 4 0 0

6 4 1 11 72 14 883 4 11 0 0

7 5 0 12 11 0 2 970 0 0 0

8 5 0 1 7 11 7 0 968 1 0

9 18 9 2 2 0 0 2 0 962 5

10 5 19 1 1 0 2 1 1 6 964

Figure 4. CIFAR10 SNN heat map confusion matrix (red is low,
green is high). We report the Top-1 class accuracy of 95.38% when
training on 8% labeled data.

tion datasets. Leveraging lessons from class, we also use
saliency maps to visualize how the fine-tuning of the net-
work changes the representations learned by comparing
saliency maps after training and tuning the network. This
will help understand how training and fine-tuning impacts
what the model learns.

We perform 5 experiments where fine-tune the PAWS
ResNet-50 architecture using the ImageNet fine-grain
dataset on dogs. We use the ImageNet pre-trained weights
trained on 1% labeled data of the ImageNet dataset. These
weights were provided by the paper and what was used for
one for the baselines.

We then setup several experiments where we first split
the 20,580 image dataset into 90% training and 10% vali-
dation. To keep the number of unlabelled images constant
for all experiments, the training dataset is then split in half.
One half of 9,261 images are set aside as always unlabeled
data. To create the per-experiment dataset, the ratio of la-
beled images is then added from the other half of the train-
ing data. For example, when performing a 1:1 ratio exper-
iment, 9,261 unlabelled images and 9,261 labeled images
were used to create the training dataset of 18,522 images.
Similarly, when performing a 1:25 ratio experiment, 9,261
unlabeled and 370 labeled images were used to create the
training dataset of 9,631 images.

The metrics for our experiments are both quantitative
and qualitative. We use validation accuracy, SNN Top 1 and
Top 5 accuracies, and confusion matrices for quantitative
evaluation. We use saliency maps for qualitative analysis.

For each experiment, we fine-tune the network on the
appropriate sparse dataset for 30 epochs, and record the
training and validation accuracy. After fine-tuning, we then

Ratio FT FT SNN SNN
Train Acc. Val Acc. Top 1 Top 5

1:1 87.56% 83.30% 59.42% 87.13%
1:2 87.51% 81.89% 56.45% 85.72%
1:5 87.40% 80.96% 53.70% 83.73%
1:10 87.34% 80.86% 52.52% 83.08%
1:25 86.80% 81.20% 52.18% 81.63%

Table 1. Experimental results of varying ratio of labeled to un-
labeled data from 1:1 to 1:25 ratio when fine-tuning PAWS model
using the 120-class fine-grain dog ImageNet dataset for 30 epochs.

Figure 5. Saliency map of 8 classes of dogs showing raw image
without data augmentations as the first row, and following rows
are saliency maps of the respective image from the SNN using the
model fine-tuned with varying sparse labels. First saliency row is
1:1. Last saliency row is 1:25.

performed SNN on the fine-tuned model to return Top 1
and Top 5 results. Table 1 summarizes the 5 experiments
and results of labeled to unlabeled ratios. We then generate
saliency maps for each image, and a confusion matrix when
performing SNN to add interpretability to the experiments
and discussion.

6. Discussion

By leveraging a small labeled support set during pre-
training, PAWS achieves competitive classification accu-
racy for semi-supervised problems as demonstrated in the
original paper and replicated during the baseline experi-
ments using CIFAR-10 and ImageNet.

When moving to fine-grain classification, PAWS does
experience a 10% drop in SNN Top 1 accuracy as compared
to the larger ImageNet dataset, but it reasonable to expect a
performance reduction when classes are far more similar in
features.
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Figure 6. Saliency map of 8 classes of dogs showing raw image
without data augmentations as the first row, and following rows
are saliency maps of the respective image from the SNN using the
model fine-tuned with varying sparse labels. First saliency row is
1:1. Last saliency row is 1:25.

The labeled to unlabeled ratio ablation experiments
yielded very interesting results in that as the ratio of labeled
to unlabeled images went from a 1:1 to an extreme 1:25
ratio (i.e., using sparsely labeled datasets) the fine-tune val-
idation accuracy dropped approximately 2% while the SNN
Top 1 accuracy dropped approximately 7% from 59% to
52%, which is significantly better than random chance of
getting the correct class out of 120 classes (0.83%).

What’s also interesting is observing how the saliency
maps for the same image evolve across different ratios of
support sets as seen in the Figure 5 third-last column show-
ing a more distinguishable representation losing saliency as
sparsity increases (i.e., moving down row by row). Figure
5 and Figure 6 both show examples of 16 different classes
of dog in the fine-grain dataset. Each row below the raw
image corresponds to the respective experimental ratio (i.e.,
first saliency map row corresponds to 1:1 ratio experiment).

An interesting observation is that nearly all saliency
maps are most representative of the raw image with a 1:1
ratio, with the exception of the first class in Figure 6 of
the Maltese Dog, which has a nearly non-activated saliency
map. This is also true for the seventh image in Figure 6 of
the Rhodesian ridgeback dog which had nearly no activa-
tion of the dog’s face, but instead activated around the face
to create an activation silhouette. It makes sense that the
higher the number of labeled images, the better the network
will learn the features and produce a more accurate saliency
map, however, it’s interesting that even with a 1:10 ratio,
many raw images still have discernible saliency maps that
represent the input image which supports that the SNN Top
1 accuracy did not diminish too significantly as sparsity was

Figure 7. Summary of each experiment’s SNN confusion matrix
after fine-tuning with the fine-grain dogs dataset. As the sparser
the dataset becomes (i.e., the ratio of labeled to unlabeled de-
creases) the more off-diagonal predictions are made.

introduced.

Another interesting observation can be see from the SNN
confusion matrices in Figure 7. In accordance to the SNN
Top 1 accuracies, the respective heat map confusion matri-
ces show most classifications are along the diagonal, but be-
gin to fall off-diagonal as more sparsity is introduced. This
is most clearly seen for class 3, Maltese Dog and class 89
Bernese Mountain Dog. We sample the training data for
these classes and visualize raw images seen in Figure 8.
It’s not immediately clear why so many of the 120 classes
falsely predict an image as either a Maltese dog (class 3) or a
Bernese mountain dog (class 89), but our hypothesis is that
both classes share very similar colours and general features
as many other dog breeds as they are fine-grain classes. This
can be further supported when observing that the saliency
maps get less distinct as sparsity in introduced. It could
be possible that for certain images, when performing SNN
with the sparsely trained models, the network cannot mean-
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Figure 8. Sample of class 3, Maltese dogs, and class 89, Bernese
mountain dogs which were the classes that generated the most
false predictions.

ingfully separate these less salient inputs and therefore they
cluster most closely with class 3 or 89. Upon further inves-
tigation, it can be noted that each of the 120 classes in the
fine-grain dataset has a minimum of 148 images, a maxi-
mum of 252 images, and the average is 171 images. Class 3
and class 89 have 252 and 218 images, respectively, which
could also slightly bias the network as a more probably class
prediction.

7. Conclusions and Future Work
This application-based project is aimed at exploring how

a novel method of learning by Predicting view Assignments
With support Samples (PAWS) [1] performs on fine-grain
datasets using sparsely labeled data to understand how
well this methodology works for classification tasks when
classes share many similar features due to being in the same
category, (e.g., one dog breed from another dog breed).

Using an ResNet-50 encoder network and then a Soft
Nearest Neighbours similarity classifier to output a pre-
dicted class on an image with saliency maps and confusion
matrices, our results show that after pre-training on Ima-
geNet and fine-tuning using the fine-grain dataset with as
big as 1:25 labeled to unlabeled data ratio, PAWS can still
be used as an effective classifier on fine-grain classification
tasks.

These findings suggest that PAWS can use sparsely la-
beled data to effectively learn a new class, especially when
that class can have minor differences to other classes as they
all belong to the same class category, however performance
does noticeably diminish when using very sparsely labeled
datasets combined with very similar classes.

For future work, possible applications that we are inter-
ested in applying PAWS towards in the future are within the
automation and manufacturing industry. New datasets of-
ten need to be created to take advantage of deep learning
for computer vision such as defect detection in production,
but generating and labeling large datasets is costly, as well
as datasets are much more likely to be fine-grain sharing
similar features. PAWS may be a viable method to add effi-
ciencies to this process.

A final observation is that the fine-grain dogs dataset is
a subset of the full ImageNet dataset. This means that the
pre-training weights may have learned some representations
and features from images within these 120 dog classes, im-
proving the accuracies during fine-tuning. To support these
observations, future work is needed to fine-tune PAWS on
different fine-grain datasets such as CUB-200-2011 [12].
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