
SimSCL : A Simple fully-Supervised Contrastive
Learning Framework for Text Representation
Youness Moukafih, Abdelghani Ghanem, Karima Abidi, Nada Sbihi,
Mounir Ghogho, Kamel Smaili
TICLab, UIR, Morocco & LORIA/INRIA-Lorraine, France

Abstract
During the last few years, deep supervised learning models have been shown to achieve state-of-the-art re-

sults for Natural Language Processing tasks. Most of these models are trained by minimizing the commonly used
cross-entropy loss. However, the latter may suffer from several shortcomings such as sub-optimal generalization
and unstable fine-tuning. Inspired by the recent works on self-supervised contrastive representation learning, we
present SimSCL, a framework for binary text classification task that relies on two simple concepts: (i) Sampling
positive and negative examples given an anchor by considering that sentences belonging to the same class as the
anchor as positive examples and samples belonging to a different class as negative examples and (ii) Using a novel
FULLY-SUPERVISED contrastive loss that enforces more compact clustering by leveraging label information more
effectively. The experimental results show that our framework outperforms the standard cross-entropy loss in sev-
eral benchmark datasets. Further experiments on Moroccan and Algerian dialects demonstrate that our framework
also works well for under-resource languages.

Introduction
Over the last few years, deep supervised learning models have achieved tremendous success in a
variety of applications across many disciplines varying from Computer Vision (CV) and Automatic
Speech Recognition (ASR) to Natural Language Processing (NLP). These models are usually trained
by minimizing the commonly-used cross-entropy (CE) objective function. The basic concept of CE is
simple and intuitive: each class is assigned a target (usually 1-hot) vector. Despite its popularity, the
CE objective loss – the KL-divergence between one-hot vectors of labels and the distribution of the
model’s output logits – suffers from major robustness issues, which limits its use. In fact, CE suffers
from adversarial robustness, as was shown in [1], which demonstrated empirically that training with a
CE loss can cause the representations to spread sparsely over the representation space during training.
Additionally, introducing noisy data seams to reduce the performance substantially, due to the fact
that the cross entropy loss supposes that all the training labels are true, and neglects the fuzziness of
noisy labels [2].

Main Objectives
Inspired by the recent works on contrastive representation learning strategy, we introduce SimSCL,
a simple supervised contrastive learning framework that uses a novel contrastive loss for binary clas-
sification task by leveraging label information more effectively. In this work, we consider many
positives per anchor, unlike previous works on self-supervised contrastive learning which uses only
a single positive example per anchor, and many negatives. In other words, the positive points are
sampled from the same class as the anchor, instead of being augmented views of the same anchor, as
done in self-supervised learning.
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Figure 1: Overview of the positive and negative examples construction process

In the figure above, we show how we select positive examples and negative examples for each class.
The use of many positives and many negatives for each anchor in our framework allows the encoder
function to better maximize the inter-class and minimize the intra-class similarities (learn effective
generalizable features) than the standard framework which relies on the cross-entropy loss using the
same model architecture. In the figure bellow we can clearly see that our proposed objective function
enforces more compact clustering of examples within the same class.
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Figure 4: T-SNE plots of the learned sentence representations using our SimSCL framework and the common
approach of using Cross-entropy on the SST-2 dataset.

Materials and Methods
The main goal of the proposed framework is to learn representations by training an encoder network
via a novel fully-supervised contrastive loss for classification task. The objective function is meant to
capture the similarities between sentences of the same class while distancing the representations of
sentences belonging to different classes.

Inter-class and Intra-class Distances
We first set up notation and describe the proposed framework for classification tasks that will be es-
sential for the analysis. Let D = {(xi, yi)}i be the dataset, where xi represent the ith sentence of the
dataset and yi is its label. Let Sk

l = {(xki, yki)|yki = ykj,∀i ̸= j; 0 ≤ i ≤ l} denote the set of all
sentences belonging to the same class within the corpus with l being the max-length of the sentences.
Let Bk ∼ Sk

l be a mini-batch of randomly sampled examples from the same class. Let fw(.) denotes
the encoder operator where the sub-index w refers to the weights of the encoders to be learnt. Let
Hk = fw(Bk) ∈ RN×d be the highest level l2 normalized representation of the encoder where N is
the batch size and d is the dimension of the embedding vector. The jth row of Hk corresponds to the
embedding h

(l)
j of sentence k. Mathematically, this can be presented as

Hk =


h⊤1
h⊤2...
h⊤|Bk|

 ∈ RN×d

Contrastive objective function
Now that we have all the mathematical notions needed, we proceed with the formulation of the ob-
jective function of the proposed contrastive learning framework:

V(C1,C1) = H1H
⊤
1 = fw(B1)× fw(B1)

⊤ ∈ RN1×N1 (1)

V(C2,C2) = H2H
⊤
2 = fw(B2)× fw(B2)

⊤ ∈ RN2×N 2 (2)

U(C1,C2) = H1H
⊤
2 = fw(B1)× fw(B2)

⊤ ∈ RN1×N2 (3)

U(C2,C1) = H2H
⊤
1 = fw(B2)× fw(B1)

⊤ ∈ RN2×N1 (4)

Where, B1 ∼ S1
l and B2 ∼ S2

l . V(C1,C1) and V(C2,C2) are the distances between the positive
examples, which should be minimized by the objective (inter-class similarity), and V(C1,C2) and
V(C2,C1) are the distance between the representation of each batch and the representation of the other
batch, which should be maximized (intra-class similarity). Finally, we concatenate the V(C1,C1) with
V(C2,C2) inter-class matrices, and U(C1,C2) with U(C2,C1) intra-class:

V =

[
V(C1,C1)

V(C2,C2)

]
U =

[
U(C1,C2)

U(C2,C1)

]
In order to overcame the mismatching dimension of V(C1,C1) with V(C2,C2) and that of U(C1,C2) with
U(C2,C1) we adjust the matrix of the lowest dimension (column space) to be equal to that of the high-
est one by adding zeros. given the previous calculations, we formulate our supervised contrastive
objective that we call Lsup

concat as follows:

Lsup
concat = − 1

N

N∑
i=1

log


1

NC(i)−1

∑NC(i)

j=1,j ̸=i exp(Vij/τ )

1
NC(i)−1

∑NC(i)

j=1,j ̸=i exp(Vij/τ ) +
1

NC(i)

∑NC(i)

j=1 exp(Uij/τ )

 (5)

where, N = NC(i) + N
C(i)

. NC(i) is the number of elements of the same class as example i and N
C(i)

the number of the elements of the other class, τ ∈ R+ is a scalar temperature parameter, Vi and Ui
are the ith elements of V and U respectively.

Results
The empirical results show that our proposed framework consistently outperforms the standard cross-
entropy loss using the same model architecture on three publicly available benchmark SA datasets,
namely, Yelp-2, SST-2, and Amazon-2. Further experiments on Moroccan and Algerian dialects
demonstrate that our framework also works well for under-resource languages. The results are pre-
sented in the tables bellow:

Dataset \Projection Identity Linear Non-linear
SST-2 93.40 93.60 94.15
Yelp-2 95.13 95.31 95.45
Amazone-2 93.23 93.61 94.71
MSAC 78.48 79.33 80.10
ASAC 79.73 80.91 82.63

Table 1: Linear evaluation of representations with different projection heads g(·) (Accuracy). The representation
h (before projection) is 512-dimensional (%).

Dataset Transfer learning Fine-tuned
SST-2 94.05 94.15
Yelp-2 95.53 95.45
Amazone-2 94.71 94.58
MSAC 80.10 78.21
ASAC 82.63 82.16

Table 2: Comparison of transfer learning and fine-tuning performance (Accuracy).

Classification Accuracy Results
Dataset CE SupCon (Lsup

out ) SimSCL (Lsup
concat)

SST-2 91.28 93.53 94.15
Yelp-2 92.12 94.84 95.45
Amazon-2 92.94 93.98 94.71
MSAC 72.51 78.33 80.10
ASAC 78.70 82.11 82.63

Table 3: Performance Results (%)

Conclusions
In this paper, we presented SimSCL, a simple supervised contrastive learning framework for train-
ing deep neural network for the binary classification task using a novel loss function. The latter is
based on inter-class similarities (to be maximized), and intra-class similarities (to be minimized). We
demonstrated, empirically, that SimSCL separates the two classes better than the encoder based on
the classical cross-entropy and the SupCon losses. In the future, we plan to extend our method to
other domains, such as computer vision, and graph neural network.

References
[1] Tianyu Pang, Kun Xu, Yinpeng Dong, Chao Du, Ning Chen, and Jun Zhu. Rethinking softmax

cross-entropy loss for adversarial robustness, 05 2019.
[2] Tianyi Zhang, Felix Wu, Arzoo Katiyar, Kilian Weinberger, and Yoav Artzi. Revisiting few-

sample bert fine-tuning, 06 2020.


