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Contrastive Learning (CL) achieves excellent performance to reduce the requirements of annotation in many
domains recently. Most CL methods treat all samples other than an anchor as negative samples and move them
far away in training. However, these samples may be semantically similar and should belong to the same class.
Recent false negative sample identification methods only rely on a unique embedding space, and the decisions
may be biased. This study proposes a false negative sample identification method with an auxiliary model shared
with the backbone of the main CL model in order to provide an additional point of view on the decisions. The
auxiliary model is trained by minimizing the standard contrastive loss while maximizing diversity with the main
model. False negative samples are identified by the fusion of the similarity measures in both feature spaces learned
by the two models. The standard datasets are used to evaluate the effectiveness of our method. Experimental
results confirm that our method achieves more reliable and accurate performance compared with the state-of-
the-art CL methods. Using auxiliary models improves the false negative sample identification significantly. Our
proposed false negative sample identification method improves the accuracy and stability of contrastive learning.

Code is available at https://github.com/czzerone/Dual-Contrastive-Learning.

1. Introduction

The excellent performance of Deep Learning (DL) closely relates to
the volume and quality of annotated samples [1,2]. However, the data
collection and annotation are expensive and time-consuming, especially
in medical related applications [3-5]. In order to reduce the demand of
DL on the samples, the contrastive learning (CL) [6-8], which is one of
the self-supervised learning models, aims to pre-train a model for super-
vised learning tasks without label information. Many studies confirm the
excellent performance of the model pre-trained by CL in various appli-
cations [9-12]. CL follows the main idea of metric learning [13] which
minimizes the distance between samples in the same type (positive sam-
ples) while maximizing samples of different types (negative samples).
Different from metric learning, due to lack of annotation, for each sam-
ple, its augmented sample is treated as the positive sample while all
other samples are the negative samples in CL [6,14,15]. One drawback
of CL is that some negative samples may be semantically similar to the
anchor sample, called false negative samples. Moving these samples far

* Corresponding author.

away from the anchor sample will discard the semantic relationship and
obstruct learning convergence.

The issue of false negative sample identification, where semantically
similar samples are misclassified as negatives, has become a significant
focus in CL. Current methods to address this problem can be divided into
two main categories: grouping-based and similarity-based approaches.
Grouping-based methods, such as InterCLR [16] and IFND [17], uti-
lize clustering techniques to identify false negatives. InterCLR applies
k-means clustering to construct contrastive pairs, while IFND identi-
fies false negatives as samples within the same cluster that have high
confidence. On the other hand, similarity-based methods like Ring [18]
and False Negative Cancellation (FNC) [19] rely on cosine similarity to
assess the relationships between samples within the embedding space.
However, both approaches are heavily dependent on the embedding
space learned by the CL model, which is often suboptimal and biased.
This is because the CL framework provides only minimal guidance and
lacks label supervision, limiting its ability to effectively steer the learn-
ing process. Studies [20,21] also show that deep learning models tend
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Fig. 1. Overview of the proposed method framework.

to capture incomplete representations of the full data distribution due
to the randomness inherent in training. When the embedding space is
inaccurate, both grouping and similarity measures become unreliable,
making false negative identification unstable and error-prone. These
limitations emphasize the need for more robust methods for false nega-
tive sample identification.

In order to avoid the domination of the embedding space, this study
aims to identify the false negative samples according to the decisions
of diverse multi-models. Besides the model in CL, an auxiliary model
is trained aiming to minimize the CL loss and also maximize the di-
versity of all models in our method to guarantee that different and de-
sirable high-dimension feature spaces are obtained. The similarity be-
tween samples is measured according to embedding spaces of the main
and auxiliary models separately and the final decision is made by fus-
ing all these results. It is expected that the bias of false negative sample
identification caused by the unique embedding space is reduced in our
method. Our proposed method is then evaluated and compared with
state-of-the-art (SOTA) methods empirically in the standard dataset.

The contributions of the proposed method are summarized as fol-
lows:

e To address the bias in false negative sample identification caused by

relying solely on a single embedding space in contrastive learning

(CL), our method incorporates an auxiliary model alongside the main

CL model. By sharing the backbone of the main model, the auxiliary

model maintains low complexity and computational cost.

A diversity loss is introduced to ensure the auxiliary model learns a

feature space distinct from that of the main model. Combined with

the standard CL loss, this enables the auxiliary model to provide com-
plementary knowledge to the main model, enhancing the overall per-
formance of the CL framework.

e An average fusion strategy is proposed to improve false negative
sample identification. This strategy combines similarity measures
from the feature spaces of both the main and auxiliary models, lead-
ing to more robust and accurate decisions.

e Extensive experiments validate the effectiveness of our proposed
method. Results demonstrate a significant improvement in false neg-
ative sample identification accuracy when using the auxiliary model,
as well as superior performance of our CL framework compared to
state-of-the-art (SOTA) CL methods.

The rest of the paper is organized as follows. The related concepts
of our study are briefly introduced in Section 2. Section 3 devises and
discusses our proposed model in detail, and the experimental results
and discussion are given in Section 4. The conclusion is finally given
and future work is discussed in Section 5.

2. Related work

The related concepts of this study including contrastive learning and
its negative sampling methods are briefly introduced in this section. A

DL model achieves excellent performance in a wide range of applica-
tions. However, one of its problems is the annotation of the training set,
which is time-consuming and expensive [5,22], especially the training
set of DL is usually huge. Recently, contrastive learning (CL) [6,15],
which is one of the self-supervised learning frameworks, has drawn at-
tention. A model is updated without relying on label information by
moving similar samples close together and pushing away dissimilar sam-
ples in CL.

Since the annotation is not available, the studies of CL mainly fo-
cus on the formulation of positive and negative sample pairs. Some
works design effective data transformation to construct positive sam-
ples, e.g., ContrastiveCrop [23] and InfoMin Aug. [24]. Hard posi-
tive samples are generated by using data mixing or adversarial sam-
ples, Un-mix [25], CsMI [26] and e.g, CLAE [27]. However, only a
few research investigates on the formulation of negative sample pairs.
Most methods, e.g., SimCLR [15] and MoCo [6], treat all samples ex-
cept the anchor sample in a mini-batch and dataset as negative sam-
ples. However, treating all samples as negative samples may mislead
the training since some samples are semantically similar to the an-
chor. The learned representation may discard semantic information
contained in samples. As a result, some works focus on the iden-
tification of false negative samples defined as samples which share
similar semantic information with the anchor. DCL [28] reduces the
influence of false negative samples by adjusting the weights of the pos-
itive and negative samples. False negative samples are removed by an-
alyzing the structure of data, e.g., InterCLR [16] and IFND [17]. Sim-
ilarity measures, FNC [19] and Ring [18], are proposed to quantify
the samples more precisely. Moreover, several methods have leveraged
intra-class relationships to enhance contrastive learning. For example,
CVC [29] integrates clustering mechanisms into contrastive learning
by grouping high-confidence instances and refining low-confidence as-
signments, thereby improving the quality of the learned representation
space.

3. Proposed method

The performance of contrastive learning may decrease by using false
negative samples in learning. Most current methods identify the false
negative samples by structure analysis with a similarity measure. How-
ever, the decisions made relying on the unique embedding space are
easily misled and biased since the embedding space may only capture
the partial feature information. Our study proposes a false negative sam-
ple identification method according to the decisions of diverse models.
In addition to the main CL model (Section 3.1), an auxiliary model (Sec-
tion 3.2) is trained by minimizing the CL loss and maximizing the diver-
sity to the main model in order to provide a different angle of view on
the sample similarity. The false negative samples are finally determined
by combining all decisions (Section 3.3). The framework of our method
is shown in Fig. 1.
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3.1. Main model

A main CL model f, is the key component in our framework. f, in-
cludes a feature encoder, e.g., the ResNet network, to extract the feature
from the data and a multi-layer perceptron (MLP) as the projection head
to map the extracted feature into the embedding space. f, is trained
by minimizing the standard contrastive loss, i.e., the InfoNCE loss [30].
Given an anchor x,, positive sample x, and its negative set S,(x,), 0,, is
optimized by:

LCL(xa’ xp’ Sn(xa)7 em)
Vo, xa) 3, (xp)/7) @
e(fam (xa)"fo,, (Xn)/7)

= hos L AL Y
where - represents the dot product and = denotes the temperature pa-
rameter. The positive sample x,, is generated by applying another aug-
mentation on the same image as the anchor. The negative set S,(x,) is
obtained by the latest batches of data to form a dynamic queue [6] after
discarding some false negative samples, which will be discussed in Sec-
tion 3.3 in detail. The trained main model is expected to learn a good
semantic-aware representation.

3.2. Auxiliary model

In addition to f,, , an auxiliary model f, _is also trained simultane-
ously. To reduce the training complexity, the low-layer feature encoder
of f isshared with f, .Itshould be noted that while the auxiliary and
primary models share the same encoder architecture, their parameters
are updated independently during training. Gradients are not propa-
gated between the two models, ensuring that the auxiliary model learns
a distinct feature space.

The purpose of the auxiliary model is to provide complementary in-
formation to the main model, helping to mitigate biases in the learn-
ing process. Therefore, the auxiliary model must also possess the es-
sential ability to measure similarity between samples. The contrastive
loss (L), introduced for the main model in Section 3.1 and defined in
Eq. (1), is applied to the auxiliary model as well. In addition, the aux-
iliary model should also learn different knowledge to the main model,
guaranteed by a diversity loss (L,;,) is incorporated during training.
Negative Correlation Learning (NCL) [31] is employed as the diversity
loss, defined as follows:

Sa, ) + o, G
Lanx) = 11fo,,, (x0) = | === )1l ©)

where fo,(xa) and fo,,.(xo) represent the features of x, extracted by the
main and auxiliary models, respectively. The diversity loss L,;, quanti-
fies the correlation between the outputs of the two models. A larger L,;,
value indicates that the auxiliary model’s feature space is more distinct
from the main model’s, while a smaller value implies greater similar-
ity. This design ensures that the auxiliary model contributes unique and
complementary insights to enhance the overall learning process.

As a result, the auxiliary model’s total loss comprises two compo-
nents and is defined as:

Luux(xa) = L’CL(xa’ Xps Sn(xu)’ Oaux) - j'L’div(xa) (3)

where 4 denotes the trade-off parameter, controlling the influence of the
diversity loss on the auxiliary model’s training objectives. This parame-
ter ranges from 0 to 1, with larger values encouraging greater divergence
between the feature spaces learned by the auxiliary and main models. A
small value for 4 is recommended, as the auxiliary model’s performance
primarily relies on minimizing the standard contrastive loss, while the
diversity loss acts as a supplementary term to encourage the auxiliary
model to learn a feature space distinct from that of the main model.
Setting A too large forces the auxiliary model to learn features that devi-
ate excessively from the main model’s, potentially reducing accuracy by
steering the auxiliary model away from optimal feature representations.
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3.3. False negative samples identification

Our method detects the false negative samples from the negative set
by combining decisions of diverse and well-performed models in order
to reduce the bias of using a unique embedding space.

Given an anchor x,, its candidate negative sample set S¢(x,) con-
taining M samples randomly selected from the training set [6]. In each
update, the similarity score s, (x,, x) between x, and each sample x in
S¢(x,) in the embedding space generated by a model ; based on the
cosine similarity:

Sg, (Xg, %) = cosine(fgi (x0)s f9’_ (x)), i =m,aux and x € S, (x,) (€))

The range of the cosine similarity score is from -1 to 1. A sample
pair with a larger similarity score means the samples are more similar.
Combining similarity evaluation in different feature spaces increases re-
liability and reduces the bias of estimation. An average fusion strategy is
applied to aggregate the similarity scores of samples in S:(x,), denoted
as s, (x):

sxa(x) = %(Sem (x40 %) + 0 (x4.X)), x € S;'(xa) (5)

The samples with the top K average similarity scores are grouped as
the set of false negative samples (Syy(x,)) since they are closest to the
anchor in most embedding spaces. The negative set S, (x,) is revised by
subtracting S¢(x,) by Spy(x,):

Sn(xa) = Si(xa) - SFN(xa) (6)

Our method removes the detected false negatives but does not treat
them as positive samples. This decision stems from the fact that the
main model and auxiliary model are trained without strong label super-
vision, making its identification of false negatives potentially unreliable.
Misclassifying false negatives (i.e., true negatives) as positives in the
contrastive learning framework, where each anchor is associated with
only one positive sample, would introduce incorrect positive informa-
tion, significantly disrupting the learning process. On the other hand,
removing a small number of true negatives from the extensive negative
set has only a minimal impact on overall performance.

4. Experiment
4.1. Experimental settings

We learn the representation across different scales datasets: CIFAR10
[32], CIFAR100 [32], STL10 [33], Tiny-ImageNet [34] and ImageNet-
100 [35] to validate the efficiency of our method. CIFAR10 with 10
classes contains 50,000 samples for training and 10,000 for testing and
the size of each sample is 32x 32, while CIFAR100 with 100 classes
contains 50,000 samples for training and 10,000 for testing and the size
of each sample is 32x 32. STL10 contains 100,000 unlabeled samples
and 13,000 labeled samples from 10 classes. 5000 labeled samples and
all unlabeled samples are used for training and the size of each sample
is 64 x 64. Tiny-ImageNet with 200 classes contains 100,000 samples
for training and 10,000 for testing. The size of each sample is 64 x 64.
ImageNet-100 with 100 classes contains 126,689 and 5000 samples in
the train and test sets, and the size of each sample is 224 x 224.

A popular contrastive learning framework, i.e., MoCo [6], is chosen
as the baseline by following the settings of current CL studies [36,37].
The same general settings are used in all experiments for fair compari-
son. The model of MoCo contains the ResNet-18 network as the encoder
followed by a 2-layer Multi-Layer Perceptron (MLP) as the projector.
The dimension of the embedding vector is 128. The learning rate is set
as 0.001 in the Adam optimizer and the temperature is = = 0.07. Each
experiment is trained for 300 epochs and the batch-size is 256.

In addition to our proposed false negative sample identification
method, the state-of-the-art methods, i.e., Ring [18], FNC [19], and CVC
[29], are also considered. A number of preliminary experiments have
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Table 1
Average and standard deviation of the top-1 classification accuracy of MoCo,
Ring, FNC, CVC and our method in different datasets in linear evaluation.

Methods  CIFAR10 CIFAR100 STL10 Tiny-ImageNet

MoCo 81.12 (+0.28) 56.82 (+0.50) 80.67 (+0.20) 43.56 (+0.30)

Ring 82.54 (+0.30) 57.43 (+0.46) 81.26 (+0.51) 44.58 (+£0.32)
FNC 83.34 (+0.21) 57.99 (+0.23) 81.59 (+0.20) 44.34 (+£0.21)
CvC 74.75 (+0.31) 47.37 (£0.25) 74.19 (+0.28) 38.32 (+0.29)
Ours 85.85(+0.17) 58.86 (+0.13) 82.45(+0.19) 45.05(+0.14)

been carried out to decide suitable parameters for all methods. For Ring,
the outer threshold anneals from 1 to 0.1 and the anneal epoch is set
to 100. The inner threshold is set to 10% of the outer threshold as in
[18] during removing FN samples. The size of support set is 8, the top-k
and threshold are set to 10 and 0.7 respectively as in [19] for detecting
FN samples for FNC. To ensure a fair comparison, the original Vision
Transformer (ViT) backbone in CVC was replaced with a ResNet-18 ar-
chitecture, while all other settings were kept unchanged. The dimension
of the embedding vector and tradeoff parameter A of the auxiliary model
in our method is set to 64 and 0.01. The K is set to 40 when identify-
ing the FN samples. The size of the negative queue (i.e., the candidate
negative set in our method) is set to 65,536 with a momentum of 0.999.
All experiments are conducted on a Pytorch framework running on a
personal computer with NVIDIA GTX 1080.

4.2. Comparison with SOTA methods

4.2.1. Linear evaluation

The quality of the representation learned by different models is eval-
uated by using the same task of CL learning. A fully connected (FC)
layer is concatenated to the encoder of CL model to form a classifier.
The parameters of the FC layer are updated by the same dataset used
in the contrastive learning phase in the framework of supervised learn-
ing. Each experiment is repeated 3 times independently using different
random seeds. The performance of MoCo, Ring, FNC and our method in
terms of the average and standard deviation of the top-1 classification
accuracy on the datasets are reported in Table 1.

The average accuracy of all methods with false negative sample iden-
tification performs consistently better than MoCo, which confirms that
discarding false negative samples plays an important role in contrastive
learning. Our method performs the best among all methods and achieves
1.6 % and 1.17 % higher accuracy than Ring and FNC respectively on av-
erage. CVC consistently underperforms across all datasets, which may be
due to its original design for transformer architectures rather than CNNs.
Its clustering-based objective relies on confident global embeddings, but
CNNs tend to produce locally focused features, leading to noisy clus-
tering and reduced learning efficiency. Moreover, our method is also
the most stable, i.e., its standard deviation values are always smaller
than other methods. The results indicate that identifying false negative
samples according to diverse feature spaces enhances the accuracy and
stability of identification results.

4.2.2. Feature visualization

The performance of the proposed model is compared against MoCo,
Ring, and FNC through feature visualization. Using the t-SNE method,
samples from the test set of the CIFAR-10 dataset are mapped into a
two-dimensional space. The visualization results are presented in Fig. 2,
where points of different colors represent samples from different classes.

The feature spaces generated by Ring, FNC, and our proposed
method exhibited greater class separability compared to the baseline
MoCo, indicating the effectiveness of the modifications applied to the
original framework. However, the feature spaces produced by Ring and
FNC demonstrated less separability compared to our method. Specifi-
cally, the boundaries of most classes, except the classes in cyan, yel-
low and orange, are not clear in Ring and FNC. In contrast, all classes
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are more distinctly separated with clear boundaries in the feature space
learnt by our method. This improved class separability corresponds to
the results presented in Table 1 and provides an intuitive understanding
of the comparative effectiveness of the methods. These results confirm
the conclusion that the proposed method outperforms the baseline and
SOTA methods in capturing more representative feature spaces.

4.2.3. Transfer evaluation

The generalization ability of the models trained by the different CL
methods is discussed in this section. An FC layer concatenated with the
models pre-trained by MoCo, Ring, FNC, and our method on ImageNet-
100 is updated by other six datasets, including CIFAR10, CIFAR100,
Caltech-101 [38] , DTD [39], Pets [40] and Flowers [41]. The results
are shown in Table 2.

The results are consistently with the ones of the linear evaluation in
the previous section. Our method performs the best consistently in all
datasets and achieves 2.91 %, 2.01 % and 1.29 % higher accuracy than
MoCo, Ring and FNC respectively in average. The necessary of effec-
tive false negative sample identification is also confirmed, i.e., the per-
formance of MoCo is the worst. The feature representation trained by
our model has the greatest generalization ability comparing with other
methods.

4.2.4. Performance on different baselines

This section investigates the generalization capability of our method
across different baseline frameworks. Two widely-used baselines, Sim-
CLR [15] and PIRL [42], are considered in this evaluation. For SimCLR,
the official implementation is utilized, with a ResNet-18 network serv-
ing as the encoder. The model is trained for 300 epochs with a batch
size of 256, and K is set to 40. For PIRL, the implementation follows the
specifications outlined in the original paper, using parameter settings
consistent with those applied in the SimCLR experiments.

The top-1 classification accuracy for these methods across three
datasets is reported in Table 3. Our method achieves an average im-
provement of 8.56 % over the baseline for SimCLR. Similarly, for PIRL,
an identical increase of 10.21 % is observed in classification accuracy.
These consistent improvements across both baselines underscore the ro-
bustness and adaptability of our approach. Moreover, the results high-
light the method’s capability to reduce bias and enhance the perfor-
mance of contrastive learning tasks.

4.2.5. Running time

The training times of the contrastive models for 300 epochs are in-
vestigated on CIFAR10 are shown in Table 4. It is expected that our
model requires the longest training time mainly caused by the training
of the auxiliary model. The training time of FNC is much longer than
MoCo and Ring since FNC needs to compute similarity scores between
each pair of the negative and support samples for an anchor. It can be
noted that the training time of MoCo and Ring are almost the same since
only additional time for sorting similarity scores of all negative samples
in Ring. Although the training time of our method is longer than other
methods, the running complexity of the inference phase is identical to
others since the complexity of the trained main models is the same.

4.3. Ablation study

4.3.1. Influence of auxiliary model

The performance of our model with varying numbers of auxiliary
models is analyzed in this section. The additional auxiliary models are
trained following the same approach described in Section 3.2. Specifi-
cally, these models share the feature encoder of the main model and are
updated simultaneously using the auxiliary loss, as shown in Eq. (7).
The diversity loss for a single auxiliary model, as defined in Eq. (2), is
extended to accommodate multiple auxiliary models. This generalized
diversity loss is calculated as the average of the diversity between each
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(c) FNC (d) Ours
Fig. 2. Visualizations of MoCo, Ring, FNC and Ours on CIFAR10 by t-SNE.
Table 2

Average top-1 classification accuracy of MoCo, Ring, FNC and our method initialized by
ImageNet-100 transferring to different datasets in transfer evaluation.

Methods  ImageNet100  CIFAR10 CIFAR100 Caltech-101 DTD Pets Flowers

MoCo 63.72 68.00 38.54 66.64 47.81 4568  52.82

Ring 67.96 68.05 38.77 67.46 48.34 4587  53.46

FNC 68.08 69.15 39.24 67.64 49.05 4697  55.15

Ours 69.62 69.33 40.87 68.15 49.65 47.56  58.42
Table 3 where 6 represents the i’ auxiliary model and m denotes the total
The top-1 classification accuracy of SimCLR, PIRL number of auxiliary models are used. In this experiment, m is set to 0

and our method based on these two baselines re-

) SO e ] (no auxiliary model is used), 1, 3 and 5. For consistency, the framework
spectively in different datasets in linear evaluation.

of our proposed model is retained in all settings, with the diversity loss

Methods CIFAR10  CIFAR100  STL10 applied only between each auxiliary model and the main model. To en-
SimCLR 74.34 34.05 65.01 hance the distinction among multiple auxiliary models, the final fully
Ours(SimCLR)  85.04 48.01 66.04 connected layers are configured with varying dimensions ranging from
PIRL 62.10 33.90 46.04 64 to 256. This architectural variation encourages the learning of di-
Ours(PIRL) 81.52 35.06 56.08

verse feature spaces and reduces redundancy among representations.
The results are shown in Fig. 3. Adding the first auxiliary model to

Table‘? o . the main model contributes the most significantly. The benefit of aux-
The training time (in hour) on CI- s . .
iliary models to our method decreases with the increase of the num-
FAR10. s . . .
ber of auxiliary models. The accuracy of the model using five auxil-
MoCo  Ring FNC  Our iary models is even lower than the one with three auxiliary models.
6.4 6.5 147 1475 This relatively limited improvement is likely due to the increased diffi-

culty of effectively extracting complementary and informative represen-
tations from multiple models. Under the limited supervision typical in
contrastive learning, additional auxiliary models may fail to learn suffi-

; ; ciently diverse or meaningful features, thereby constraining their overall
Laux(xa) = z (LCL (xa’ xP’ S"(xa); oaux) - ALde (xa; oaux)) (7) contribution.
i=1

auxiliary model and the main model.

m
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Fig. 4. Accuracy of our model with different 4 values on CIFAR10 and CIFAR100.

The training times of different models for 300 epochs are also re-
ported in Fig. 3 left. The training time of our method increases non-
linearly with the number of auxiliary models. The cost of adding an
auxiliary model is less than training a complete main model since the
feature encoder of the main model is shared as a backbone with the
auxiliary models. In order to balance the performance and training com-
plexity, one auxiliary model is suggested by our method.

In order to further understand the effectiveness of our proposed false
negative sample identification method with different auxiliary models,
their accuracy calculated by using the ground-true labels during the
training is shown in Fig. 3 right. It should be noted that accuracy refers
to the overall classification success rate on all test samples, while false
negative sample identification accuracy measures the probability of cor-
rectly identifying false negative samples (i.e., samples belonging to the
same class as the anchor) from the candidate negative set within a small
training batch. Generally, the accuracy of our identification methods
gradually raises during training. The performance of our methods with
1, 3 and 5 auxiliary models are similar, which confirms the previous
finding, i.e., additional auxiliary models are not helpful in training. Our
methods significantly outperform the one without an auxiliary model
(i.e., num=0). This explains why the performance of our contrastive
learning method achieves excellent performance.

4.3.2. Influence of the tradeoff parameter

The parameter 4 of our model controls the importance of the diver-
sity between the auxiliary model from the main model and the standard
contrastive loss in training. The accuracy of our models with different A
values on CIFAR10 and CIFAR100 are shown in Fig. 4.

From both results, a consistent trend is observed in how classifica-
tion accuracy changes with respect to 1. For example, on the CIFAR10
dataset, the performance of our model rises from 85.58 % when 4 in-
creases. It reaches its peak, i.e., 86.02%, when A = 0.01. The accuracy
drops after A is larger than 0.01. When A = 0, the auxiliary and main
models are optimized independently. As a result, they may learn some
similar feature information, and the feature space may be biased. On
the other hand, the diversity loss dominates the learning when A = 1.
The auxiliary model will be different from the main model but may not
learn the data well. These explain the models with two extreme settings
perform badly.

4.3.3. Influence of the number of subtracted FN samples

Samples with the top K average similarity scores are identified as
false negatives and removed from the negative sets in our proposed
method. To analyze the impact of the K parameter, our models trained
with varying K values are evaluated on the CIFAR10 and CIFAR100
datasets in this section. The results are shown in Fig. 5.

The results indicate that the accuracy improves significantly as K
increases from O to 40. Specifically, the accuracy rises from 77.66 %
and 50.16 % at K =0 on CIFAR10 and CIFAR100 respectively, where
no false negative identification is performed. In this case, some false
negative samples may be misidentified as true negatives, negatively im-
pacting the learning. Accuracy reaches its peak at 83.67 % and 58.04 %
respectively when K = 40, suggesting that increasing K enhances the
ability of the model to learn more accurate feature representations.
However, when K is further increased to 70, a slight decline in accu-
racy is observed. This decrease implies that excessively large K values
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Fig. 5. Accuracy of our model with varying K values on CIFAR10 and CIFAR100.

may unintentionally remove true negative samples, thereby reducing
the amount of useful information available for learning. These findings
demonstrate the existence of an optimal range for K, beyond which the
performance is negatively affected.

5. Conclusion

This study aims to improve the false negative sample identification
in CL by reducing the bias of the identification under a unique embed-
ding space. An auxiliary model shared with the backbone of the main CL
method is considered additionally in our model. To provide reliable and
different feature space to the main model, the auxiliary model is trained
by minimizing the standard CL loss and maximizing the diversity. The
false negative samples are finally determined by the similarity measures
in the feature spaces of the main and auxiliary models. The experimental
results suggest that our CL method achieves better performance than the
SOTA methods in terms of accuracy and stability. Moreover, the accu-
racy of false negative sample identification by using an auxiliary model
is significantly higher than the base model. The results also indicate that
using more auxiliary models cannot improve the accuracy of the main
CL model. It may be because it is harder to train accurate and diverse
auxiliary models when more auxiliary models are used. The proposed
false negative samples identification method in this study improves the
quality of the negative set and enhances the performance of contrastive
learning.

One future work is to adjust of the number of false negative sam-
ples for each anchor dynamically in training. At the beginning of train-
ing, the main and auxiliary models may not learn well, and their de-
cisions on false negative samples may not be reliable. The number
of false negative samples increases with the training epoch. Another
future work can address the limitations of the top-K strategy, which
may include true negatives in low-class-count settings. While fixed-
threshold methods may offer better adaptability, they require careful
tuning and are unstable early in training. A promising direction is to
explore hybrid or adaptive strategies that combine the strengths of both
approaches.
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