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ABSTRACT
Self-supervised training that elegantly couples contrastive

learning with a wide spectrum of data augmentation tech-
niques has been shown to be a successful paradigm for repre-
sentation learning. However, current methods implicitly max-
imize the agreement between differently augmented views of
the same sample, which may perform poorly in certain situa-
tions. For example, considering an image comprising a boat
on the sea, one augmented view is cropped solely from the
boat and the other from the sea, whereas linking these two
to form a positive pair could be misleading. To resolve this
issue, we introduce a Self-Augmentation with Guided Atten-
tion (SAGA) strategy, which augments input data based on
predictive attention to learn representations rather than simply
applying off-the-shelf augmentation schemes. As a result, the
proposed self-augmentation framework enables feature learn-
ing to enhance the robustness of representation.

Index Terms— Self-supervised learning, Augmentation,
Representation learning

1. INTRODUCTION

Unsupervised representation learning has been notably suc-
cessful in practical usages because it exploits massive raw
data without any annotated supervision. Early relevant work
has focused on pretext tasks, which are addressed by gener-
ating pseudo-labels to the unlabeled data through different
transformations [1, 2, 3]. However, the performance of the
resulting representations has been fallen behind supervised
learning. Recent contrastive learning-based methods [4, 5,
6, 7] have attracted more interest. It aims to learn an effective
feature representation by maximizing the mutual information
between different augmented views of an underlying example.
All views are generated from stochastic augmentations, such
as random cropping, color jittering and rotation.

Observe that mainstream contrastive learning approaches
heavily rely on stochastic augmentations, which can improve
model generalization but occasionally hinder representation
learning. For example, as illustrated in Figure 1, using ran-
dom cropping to augment the sample image yields two dif-
ferent views, fish and a man, respectively. The objective
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Fig. 1: While being visually dissimilar, the red and green
views (from the same image) are referred to as a positive pair
and are constrained to stay nearby in the embedding space.
On the other hand, two cropped regions from different images
would be treated as a negative pair, even when they are of the
same class. To resolve this problem, the attention-guided self-
augmentation generates views from the salient regions.

of contrastive learning refers to fish and a man as a posi-
tive pair in that the two views are from the same image, and
therefore is designed to bring them closer, which could sub-
stantially confuse the representation learning.

We introduce a novel framework for representation learn-
ing, which augments training data with guided attention
induced by a learned embedding instead of applying hand-
picked augmented schemes as in prior work. Its core idea is
to prevent stochastic augmentations from degrading the rep-
resentation learning by cropping views only in the attention-
guided salient regions. More specifically, we develop a self-
training strategy that employs an attention generator (see
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Fig. 2: The framework conceptually includes three stages, namely, contrastive learning, attention generator, and SAGA. Assume
that a conventional contrastive learning-based model, which relies on hand-crafted augmentations, is given as the initial network.
We establish an attention generator by applying Grad-CAM [8] to yield attention heatmaps and masked data Datt, focusing
on salient regions of each image. The proposed SAGA then performs self-augmentations to generate more meaningful views
from Datt as new input for representation learning. Over the process of iteratively carrying out stage 2 and stage 3, the mutual
improvements of attention maps and the SAGA mechanism would effectively lead to a robust representation learning.

Figure 2) to obtain augmented images with guided attention.
We then take the augmented images as additional input to
refine the network training. Starting with a given unsuper-
vised pretrained model, the proposed method iterates this
learning process by incrementally improving the quality of
augmented images (as new input) and thus achieving better
representations.

Extensive experiments support that the proposed method
can be potentially combined with several self-supervised
approaches, SimCLR [7], CMC [5], MoCo [6], InsDis [9],
PIRL [10], to outperform their fine-tuning version on estab-
lished benchmarks: ImageNet [11] and ImageNet-100 [5].
The proposed representation learning achieves extra perfor-
mance gains with increasing iterations of conducting self-
augmentation training. Further analysis regarding why the
proposed method should work better is addressed compre-
hensively in the experiment section.

2. THE PROPOSED METHOD

Concerning unsupervised representation learning, we propose
to advance current contrastive methods by exploring two main
ideas: 1) guided attention and 2) self-augmentation training
in Figure 2. In this section, we present the proposed self-
augmentation with guided attention (SAGA) in detail.

2.1. Contrastive Learning

Contrastive learning typically uses an encoder f and its pro-
jector g to contrast visual representations z = g(f(x)) ∈ Rd

for the input x, where d is the dimension of the learned em-
bedding z and in the setting d = 128 in all experiments. We
follow [7, 6] to sample two random views (xi = t(I),xj =
t′(I)) of the same image I under random data augmentations
(t, t′), where t, t′ ∼ T , and T is a set of data augmentations,
passing through f and g to yield a positive pair (zi, zj). Al-
ternatively, negative pairs, (zi, zk), are obtained by sampling
views from different images. The InfoNCE loss [4] prefers
the similarity of positive pairs to be higher than those of neg-
atives and is defined for each pair of examples (i, j) as

L(zi, zj) = − log
exp (s(zi, zj)/τ)∑2N

k=1 1[k ̸=i] exp (s(zi, zk)/τ)
(1)

where s(zi, zj) = z⊤i zj/∥zi∥∥zj∥ denotes the metric for
measuring the similarity between two different views, and τ
is the temperature hyper-parameter.

2.2. Attention-based Contrastive View

To improve the quality of augmented views and seek their
meaningful paired relations, we draw on Grad-CAM [8] to
explore guided attention. As the label information is not
available in the proposed unsupervised setting, we provide a
pseudo label for each sample as follows. We pass each view
x through the current network to obtain g(f(x)) = z = (zℓ)



Algorithm 1: Attention Generator.
input : a set of images D, data size S, pretrained

encoder (f(·), g(·)).
1 Function GAttention(D, f(·), g(·)):
2 for s = 1 to S do
3 Extract features z on set D from (f(·), g(·));
4 Generate GradCAM heatmaps by (2) and (3);
5 Obtain a subset IsG−CAM by (4);
6 Datt ← Datt.append(IsG−CAM)

7 end
8 return Datt;
9 End Function

output: a new set of images Datt

and define the pseudo label to be c = argmax z. We can now
obtain the discriminative localization map Lc

G−CAM ∈ Ru×v

of width u and height v by computing the the gradient of the
score for the pseudo label c with respect to activation maps
{Ak} of the last convolutional layer, where k is the channel
index. To this end, we compute the weight αc

k of Ak by

αc
k =

1

Z

∑
i

∑
j

∂zc

∂Ak
ij

(2)

where Z is the pixel numbers of feature map Ak. Then the
attention heatmap is a weighted combination of {Ak}:

LG−CAM(x) = ReLU(
∑

k
αc
kA

k). (3)

Notice that the coarse heatmap from (3) is of the same size as
that of the convolutional feature maps. We apply bicubic in-
terpolation to upsample it to the original image size. Denote
the corresponding mask as MG−CAM(x) that is used to high-
light the salient regions of x. A pixel of MG−CAM(x) is set
to 1 if the heatmap value is greater than δgrad, and otherwise
0. We have δgrad = 0.7 in all the experiments.

It is convenient to reduce I to its salient version I by com-
puting a 4-tuple vector of the form [xmin, ymin, w, h], where
(xmin, ymin) are the coordinates of the top-left corner of the
smallest rectangle enclosing the salient regions, and w and h
are the respective width and height. Note that xmin, ymin, w,
and h are normalized within [0, 1]. We have

IG−CAM ←− imcrop(I, [xmin, ymin, w, h]) (4)

where self-augmentation to yield attention-guided augmented
views can now be performed on IG−CAM.

2.3. Self-augmentation with Guided Attention

The key improvements of the proposed SAGA lie in adding
attention augmentation generated from the model itself and
applying a self-training strategy to learn better representa-
tions. The self-training mechanism does not launch to learn a

representation. We only use the objective of contrastive learn-
ing and the hand-crafted augmentations until the representa-
tion is reliable. We then conduct the SAGA by borrowing the
given learned model as a self-training framework to augment
the training data D via the function Gattention illustrated in
Algorithm 1. The augmented training data Datt is fed into
the next step as the new input for representation learning.
To conduct self-augmentation training with the self-training
framework, we iterate this process by putting back the cur-
rent network for the next step. The further learning updated
the augmented data via attention generator as new input to
learn better representations.

3. EXPERIMENTS

3.1. Datasets and Evaluation Metrics

We conduct ablation studies of the proposed framework on
ImageNet-100 [5], a randomly selected 100 classes of Im-
ageNet [11]. And training in standard large-scale image
classification benchmark: ImageNet [11], which has around
1.28 million images in 1000 classes with the hyperparameter
searched above. We train the embedding network with the
unsupervised contrastive loss on a certain dataset. After pre-
training process, replace the network’s projection head with
a new randomly initialized linear layer. This linear layer is
trained with standard cross-entropy while the parameters of
the embedding network are frozen.

3.2. SAGA on ImageNet-100

As we start to verify the effectiveness of each component
that we proposed, adding guided attention to augment images
as the new input and increasing the frequency of conducting
SAGA by from every 40 to 10 epochs give us around 2% ac-
curacy gain, which is shown in Table 2.

3.3. SAGA on ImageNet

For the sake of achieving higher efficiency in the experiments,
we adopt the pretrained model of baselines: InsDis [9], PIRL
[10], MoCo [6], CMC [5], and MoCo v2 [12] listed in Ta-
ble 1 and closely follow most of their parameter settings. We
then resume the pretrained models with 200 epochs and train
for another 60 epochs with the fine-tuning and the proposed
SAGA to each baseline methods. We conduct linear evalua-
tions for the models after fine-tuning and SAGA by training
a linear classifier while the embedding parameters are frozen.
To evaluate the proposed work on an established large-scale
benchmark, ImageNet, we compare SAGA with the fine-
tuning of baselines listed in Table 1. The performance gains
are reported to show that SAGA outperforms the fine-tuning
of each baseline.

Figure 3 shows the linear top-1 performance (%) compar-
ison between SAGA and fine-tuning more explicitly. Specif-



Methods Architecture (#params) #Epochs Top-1 Fine-tuning Top-1 § SAGA Top-1 §
InsDis [9] R50 (24M) 200 56.5 56.8 (+0.3) 56.9 (+0.4)
PIRL [10] R50 (24M) 200 60.2 60.4 (+0.2) 60.7 (+0.5)
MoCo [6] R50 (24M) 200 60.6 60.9 (+0.3) 61.3 (+0.7)
CMC [5] R50L+ab (47M) 280 64.1 64.3 (+0.2) 64.5 (+0.4)

MoCo v2 [12] R50-MLP (28M) 200 67.5 67.7 (+0.2) 68.0 (+0.5)

Table 1: Linear classifier top-1 accuracy (%) comparison of self-supervised learning methods on ImageNet between conduct-
ing SAGA and the fine-turning. Note that the experiments on ImageNet are conducted with 8 V-100 GPUs.

Accuracy (w/ kNN) SimCLR [7] Inv. Spread [13]

Pretraining (160 epochs) 50.3 ± 0.4 56.5 ± 0.2

Baseline: Fine-Tuning 51.1 ± 0.4 56.7 ± 0.3
SAGA 53.2 ± 0.3 58.6 ± 0.2

SAGA (supervised att.) 57.1 ± 0.3 62.3 ± 0.4

Table 2: SAGA outperforms the baseline: fine-tuning of Sim-
CLR and Inv. Spread with another 80 epochs on ImageNet-
100. The average top-1 kNN accuracy of 5 runs is reported.
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Fig. 3: The linear top-1 performance (%) comparisons be-
tween SAGA and fine-tuning of each baseline with different
epochs on ImageNet data.

ically, we observed that the SAGA performs almost the same
as the fine-tuning in the early training steps, i.e., 200 ∼ 230
epochs, but achieves more performance gains when it gets
more training steps. We think it might be the case that SAGA
needs more training steps to learn a better augmentation with
guided attention, which can directly improve the representa-
tion learning. Interestingly, it is observed that the proposed
method does not have that much performance boost than the
fine-tuning of InsDis in Figure 3 (c). It might be the case that
cropping two differently augmented views in a sample image

(a) Epoch 200 (b) Epoch 240

Fig. 4: Based on the given SimCLR embedding at training
epoch 160, SAGA is better than the baseline: fine-tuning
at having higher similar instances in positive pairs while
learning more epochs. The histograms of cosine similarities
for positive pairs s(zi, zj) evaluate on ImageNet-100 data at
training epoch 200 and 240, respectively.

is not applied in InsDis. In Figure 4, we show the compari-
son of similarities among positive pairs between SAGA and
the baseline at (a) 200 epochs and (b) 240 epochs. It’s ob-
served that SAGA has better learning scheme than the base-
line at having more gains of the similarity mean from 200 to
240 epochs. That means we have addressed the problem il-
lustrated in Figure 1.

4. CONCLUSION

Current contrastive learning methods rely on hand-selected
augmentations, which may damage the representation learn-
ing if “positive pairs” are randomly cropped from visually dif-
ferent views. We proposed a new framework that augments
input data with guided attention based on the learned model
itself. We also introduce self-augmentation training by iterat-
ing the process of guided attention and representation learn-
ing. The proposed framework addresses the problem and out-
performs the fine-tuning of each baseline on ImageNet and
ImageNet-100 data. In the future work, we will investigate
and tackle the problem of positive pairs as negatives that usu-
ally exist in current contrastive methods.
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