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Abstract

Contrastive learning has proven to be highly efficient and adaptable in shaping
representation spaces across diverse modalities by pulling similar samples together
and pushing dissimilar ones apart. However, two key limitations persist: (1)
Without explicit regulation of the embedding distribution, semantically related
instances can inadvertently be pushed apart unless complementary signals guide
pair selection, and (2) excessive reliance on large in-batch negatives and tailored
augmentations hinders generalization. To address these limitations, we propose
Variational Supervised Contrastive Learning (VarCon), which reformulates su-
pervised contrastive learning as variational inference over latent class variables
and maximizes a posterior-weighted evidence lower bound (ELBO) that replaces
exhaustive pair-wise comparisons for efficient class-aware matching and grants
fine-grained control over intra-class dispersion in the embedding space. Trained
exclusively on image data, our experiments on CIFAR-10, CIFAR-100, ImageNet-
100, and ImageNet-1K show that VarCon (1) achieves state-of-the-art performance
for contrastive learning frameworks, reaching 79.36% Top-1 accuracy on ImageNet-
1K and 78.29% on CIFAR-100 with a ResNet-50 encoder while converging in
just 200 epochs; (2) yields substantially clearer decision boundaries and seman-
tic organization in the embedding space, as evidenced by KNN classification,
hierarchical clustering results, and transfer-learning assessments; and (3) demon-
strates superior performance in few-shot learning than supervised baseline and
superior robustness across various augmentation strategies. Our code is available
at https://github.com/ziwenwang28/VarContrast.

1 Introduction

Ever since its introduction, contrastive learning has become a central paradigm in representation
learning, enabling advances across computer vision, natural language processing (NLP), speech, mul-
timodal understanding, and applications in natural sciences [62, 65, 24, 64, 3, 41, 35]. Foundational
models such as SimCLR [10], MoCo [31], BYOL [29], and the fully supervised SupCon [37] have
enabled capabilities ranging from zero-shot image classification to state-of-the-art sentence embed-
dings, demonstrating that the simple “pull-together, push-apart” principle scales effectively across
domains. Despite their empirical success, these objectives function as heuristic energy functions with
opaque statistical meaning. While recent analyses have made progress [32, 46, 53, 47, 61], we still
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Figure 1: VarCon architectural �owchart and Pseudocode.Left: Input images are processed through
an encoder network to produce`2-normalized embeddingsz. Class-level centroidsw r are computed
dynamically from mini-batch embeddings. The model determines sample's classi�cation dif�culty
and applies con�dence-adaptive temperature scaling� 2(z), which tightens constraints on challenging
samples and relaxes them for well-classi�ed examples.Right: Pseudocode implementation of our
ELBO-derived loss function combining KL divergence and negative log-likelihood terms.

lack a principled account of how contrastive interactions shape embeddings that capture relational
structure among data samples. This gap motivates our work to establish a rigorous foundation for
contrastive learning through variational inference.

Generative models provide a complementary perspective: they introduce latent variables and estimate
parameters via maximum likelihood, assigning explicit probabilistic semantics to the representation
space [51]. In Variational Autoencoders (VAEs) [38] and �ow-based architectures [42, 12, 22, 60],
Euclidean proximity in the latent space corresponds to regions of high data likelihood, endowing
distances with a rigorous statistical interpretation. Although contrastive learning is not inherently
likelihood-based, recent theory frames InfoNCE as density-ratio maximization: it optimizes the ratio
of joint probability over marginal probabilities for positive pairs relative to negatives, prioritizing
genuine pairs. Both paradigms ultimately seek embeddings where “near” implies “probable,” though
via different routes—generative models integrate over latent variables to maximize likelihood, while
contrastive methods directly sculpt the space through positive-negative comparisons. This concep-
tual convergence invites our uni�ed framework, where variational inference provides probabilistic
grounding for contrastive objectives while preserving their proven geometric inductive biases.

In this work, we present Variational Supervised Contrastive Learning (VarCon), a probabilistically
grounded framework that preserves the geometric structure of conventional contrastive objectives
while endowing them with explicit likelihood semantics. VarCon treats the class label as a latent
variable and maximizes a posterior-weighted evidence lower bound (ELBO), replacing hard labels
with soft probabilities re�ecting the model's current belief. This formulation confers three key
bene�ts. First, each embedding interacts with a single class-level direction computed on the �y,
reducing computation from quadratic to nearly linear in batch size. Second, it employs a con�dence-
adaptive temperature that tightens pull strength for hard samples and relaxes it for con�dent ones,
providing �ne-grained control over intra-class compactness. Third, we develop a novel objective
with two synergistic terms: a Kullback–Leibler divergence aligning the auxiliary posterior with the
model's class posterior, and a negative log-likelihood term for the ground-truth label. This approach
simultaneously aligns distributions, maximizes class likelihood, and prevents representational collapse.
Our main contributions are summarized as follows:

1. We propose a novel formulation of contrastive learning in variational inference with an explicit
ELBO framework, deriving the VarCon loss that explicitly regulates embedding distributions and
enforces appropriate semantic relationships between samples.

2. We propose a con�dence-adaptive temperature scaling for label softening strategy that pushes the
edge of learning hard positives and negatives, proven through gradient derivation analyses.

3. We advance state-of-the-art contrastive learning performance across multiple architectures, achiev-
ing 79.36% Top-1 accuracy on ImageNet with ResNet-50 (vs. 78.72% for SupCon) and 81.87% with
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ResNet-200, while converging in 200 epochs versus SupCon's 350 and using smaller batch sizes
(2048 vs. 4096).

4. Our learned representations demonstrate superior semantic organization with clearer hierarchical
clustering, and maintain strong performance in low-data settings and various augmentation strength.

2 Preliminaries

Contrastive Learning. Early metric-learning objectives, the pairwise contrastive loss [13], triplet
margin loss [54], and N-pair loss [56], laid the groundwork for modern contrastive frameworks. In
contrastive learning, given an input samplex with ground-truth class labelr , an encoder mapsx to an
embeddingz 2 Rd, typically `2-normalized. The �eld subsequently converged on noise-contrastive
formulations like InfoNCE [46]:

L InfoNCE = � log
exp(z>

i z+
j =� )

P N
k=1 1[k6= i ] exp(z>

i zk =� )

wherezi andz+
j are positive pairs and� is a temperature parameter. InfoNCE drives self-supervised

systems like SimCLR [10] and MoCo [11, 31], and scales to cross-modal setups in CLIP [48]. For
supervised learning, SupCon [37] extends this by treating same-class samples as positives:

L SupCon=
X

i 2 I

� 1
jP(i )j

X

p2 P ( i )

log
exp(z>

i zp=� )
P

a2 A ( i ) exp(z>
i za=� )

whereP(i ) contains samples of the same class asi , andA(i ) includes all samples excepti . Recent
theoretical advances [68, 34] and methods like X-CLR [55] further improve these frameworks by
analyzing optimization dynamics and introducing graded similarities. Our approach builds on these
foundations by reformulating supervised contrastive learning through variational inference while
preserving semantic linkages across classes. Additional related work is provided in Appendix E.

Variational Inference. Variational methods provide principled probabilistic frameworks for learning
latent representations by maximizing an evidence lower bound (ELBO). Variational Autoencoders
(VAEs) [38, 50] pioneered this approach with amortized encoder-decoder architectures learning
continuous latent spaces. Later advances improved �exibility through normalizing �ows [39, 49] and
learned priors, while Bayesian approaches like Bayes-by-Backprop [7] and Monte-Carlo dropout [23]
incorporated parameter uncertainty. Recent work has integrated contrastive learning with variational
objectives: Noise-Contrastive Prior [2] separates between posteriors and priors to tighten latent �t;
variational information-bottleneck augments SimCLR [59]; and Recognition-Parameterised Models
reformulate the ELBO to yield InfoNCE-style objectives [1]. These integrations create latent spaces
that are simultaneously generative, predictive, and uncertainty-aware. Our approach builds on these
foundations by maximizing a class-conditional data likelihood with label-softened targets, preserving
contrastive learning's geometric properties while incorporating explicit probabilistic semantics.

Soft Labeling. Soft labeling replaces hard one-hot targets with distribution-based supervision, �rst
popularized through label-smoothing in Inception-v3 [57] and knowledge distillation [33]. Recent
advances employ soft labels to improve representation learning [21, 20]: for noisy targets, smoothed
distributions enhance calibration across facial expressions [43] and enlarge inter-class margins in
partial-label settings [28]. This concept extends to semi-supervised learning where ESL [44] treats
uncertain pixels as soft pseudo-labels, SoftMatch [9] applies con�dence-weighted pseudo-labels,
and ProtoCon [45] re�nes labels through online clustering. For cross-modal learning, SoftCLIP
[25] strengthens image-text embeddings by weighting related captions. Our approach employs soft
labeling as a con�dence-adaptive variational distribution that dynamically adjusts class distributions,
more uniform for con�dent samples and more peaked for challenging ones, to enhance representation
learning through targeted supervision.

3 Method

Throughout this study, we use the following notation: Letz 2 Rd denote thè 2-normalized
embedding produced by the encoder (e.g., ResNet-50) for an input samplex with ground-truth
class indexr 2 f 1; : : : ; Cg. Each class is represented by a unit-norm reference vectorw r 2 Rd,
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obtained by normalizing the class mean:w r = �zr =k�zr k2 where �zr = jBr j � 1 P
i 2B r

z i and
Br = f i j r i = r; i 2 B g denotes the index set of samples from classr in mini-batchB. We set� 1
to be the �xed temperature that scales the logits to adjust the sharpness of the class distribution and
� 2(z) the con�dence-adaptive temperature that softens each sample's target distribution to regularize
learning and control intra-class dispersion. With� being the set of learnable weights of the encoder,
p� (r j z) denotes probability the model assigns to the correct classr for embeddingz, p� (z j r ) the
class-conditional likelihood of observingz, andp� (z) =

P
r 0 p� (z j r 0)p(r 0), with r 0 the dummy

class index, gives the marginal embedding density used in the variational derivation. We introduce
q� (r j z) as a con�dence-adaptive label distribution parameterized by� , which plays the role of
an adaptive temperature for accentuating the probability assigned to the ground-truth class while
allocating the remaining mass uniformly across the otherC � 1 classes.

3.1 The Variational Bound of Class-Conditional Likelihood

To formulate our variational approach, we need to establish an evidence lower bound (ELBO) for the
class-conditional likelihood of embeddings. We begin with Bayes' rule [26, 6], which allows us to
express the class-conditional likelihood in terms of the posterior probability and marginal densities:

p� (z j r ) =
p� (r j z) p� (z)

p(r )
: (1)

Taking logarithms on both sides gives us:

logp� (z j r ) = log p� (r j z) + log p� (z) � logp(r ): (2)

The marginal embedding densityp� (z) integrates over all possible class assignments. By introducing
our auxiliary distributionq� (r 0 j z) that sums to 1, and applying the identityp� (z) =

P
r 0 p� (z j

r 0)p(r 0), we can rewrite the marginal density as:

p� (z) =
CX

r 0=1

�
p� (z j r 0) p(r 0)

q� (r 0 j z)
q� (r 0 j z)

�
: (3)

Substituting Eq. (3) into Eq. (2), we obtain:

logp� (z j r ) = log p� (r j z) + log p� (z) � logp(r )

= log p� (r j z) + log
CX

r 0=1

�
p� (z j r 0) p(r 0)

q� (r 0 j z)
q� (r 0 j z)

�
� logp(r )

= log p� (r j z) + log
CX

r 0=1

�
q� (r 0 j z)

p� (z j r 0) p(r 0)
q� (r 0 j z)

�
� logp(r ):

(4)

From Eq. (1), we know thatp� (z j r ) p(r ) = p� (r j z) p� (z). Using this relation to substitute for
p� (z j r 0) p(r 0) in Eq. (4), and applying Jensen's inequality to the logarithm of a sum (sincelog is a
concave function), we derive the ELBO forlogp� (z j r ):
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logp� (z j r ) = log p� (r j z) + log
CX

r 0=1

�
q� (r 0 j z)

p� (z j r 0) p(r 0)
q� (r 0 j z)

�
� logp(r )

= log p� (r j z) + log
CX

r 0=1

�
q� (r 0 j z)

p� (r 0 j z) p� (z)
q� (r 0 j z)

�
� logp(r )

� logp� (r j z) +
CX

r 0=1

q� (r 0 j z) log
�

p� (r 0 j z) p� (z)
q� (r 0 j z)

�
� logp(r )

= log p� (r j z) +
CX

r 0=1

q� (r 0 j z) [log p� (r 0 j z) + log p� (z) � logq� (r 0 j z)] � logp(r )

= log p� (r j z) +
CX

r 0=1

q� (r 0 j z) log p� (z)

+
CX

r 0=1

q� (r 0 j z) [log p� (r 0 j z) � logq� (r 0 j z)] � logp(r )

= log p� (r j z) + log p� (z)
CX

r 0=1

q� (r 0 j z) � DKL
�
q� (r 0 j z) jj p� (r 0 j z)

�
� logp(r )

= log p� (r j z) + log p� (z) � DKL
�
q� (r 0 j z) jj p� (r 0 j z)

�
� logp(r ):

(5)

This derived bound consists of several interpretable components: (1) a term encouraging the model to
correctly classify the input embedding, (2) the log marginal probability of the embedding, (3) a KL
divergence that aligns our auxiliary distribution with the model's class posterior, and (4) a constant
class prior. This ELBO serves as the foundation for our variational contrastive learning objective.

3.2 Variational Contrastive Learning

Having derived the ELBO forlogp� (z j r ) in Eq. (5), we observe that under contrastive learning
settings, certain terms are either intractable or uninformative:logp� (z) would encourage high
likelihood throughout the embedding space without class distinction, whilelogp(r ) is a �xed
constant based on the dataset's class distribution. Therefore, instead of directly maximizing the full
ELBO:

L ELBO = DKL (q� (r 0 j z) jj p� (r 0 j z)) + log p(r ) � logp� (r j z) � logp� (z); (6)

we focus on minimizing the contrastive-relevant components:

L VarCon = DKL (q� (r 0 j z) jj p� (r 0 j z)) � logp� (r j z): (7)

This formulation balances two complementary objectives: the KL divergence term aligns our auxiliary
distribution with the model's predictive distribution, while the log-posterior term encourages correct
class assignments. To compute class probabilities ef�ciently, we leverage class centroids rather than
pairwise comparisons. For each classr , we calculate a reference vectorw r = jBr j � 1P

i 2B r
z i ,

whereBr = f i j r i = r; i 2 B g contains indices of samples with classr in batchB. The posterior
probability is then:

p� (r j z) =
exp(z> w r =�1)

P
r 0 exp(z> w r 0=�1)

; (8)

with logarithm:

logp� (r j z) = log
�

exp(z> w r =�1)
P

r 0 exp(z> w r 0=�1)

�
=

z> w r

� 1
� log

X

r 0

exp
�

z> w r 0

� 1

�
; (9)

where� 1 is a �xed temperature parameter. For the target distributionq� , we start with a one-hot
distribution:

qone-hot(r 0 j z) =

(
1; if r 0 = r;

0; otherwise:
(10)
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We then apply adaptive softening using temperature� 2:

qexp (r j z) = 1 + [exp(1 =�2) � 1]qone-hot(r j z); (11)

and normalize to obtain the �nal distribution:

q� (r j z) =
qexp (r j z)

P
r 0 qexp (r 0 j z)

(12)

A key innovation in our approach is using a con�dence-adaptive temperature� 2 that varies between
bounds� 1 � � and� 1 + � :

� 2 = ( � 1 � � ) + 2 � p � (r j z); (13)

where� is a learnable parameter. Whenp� (r j z) is high (con�dent prediction),� 2 approaches� 1 + � ,
makingq� (r j z) more uniform. Conversely, for dif�cult samples with lowp� (r j z), � 2 approaches
� 1 � � , creating a sharper distribution. This adaptive mechanism dynamically adjusts supervision
intensity—relaxing constraints on well-classi�ed samples while focusing learning on challenging
ones (see gradient derivation in C.1). By minimizingL VarCon, we simultaneously control intra-class
dispersion through the KL term and enhance the distinguishing power of embeddings through the
posterior term, creating a representation space with clear semantic structure and decision boundaries.

4 Experiments

We evaluate our VarCon loss on four standard benchmarks: CIFAR-10, CIFAR-100 [40], ImageNet-
100, and ImageNet [52, 18], using the of�cial test splits. Our experiments demonstrate rapid
convergence under various training con�gurations, including different batch sizes, epochs, and
hyperparameter settings. For downstream classi�cation, we freeze the pretrained encoder and
train only a linear classi�cation layer, and additionally apply KNN-classi�er to the embeddings
to investigate the learned semantic structure. To isolate the contribution of our learning objective,
we employ the same data augmentation techniques and encoder architectures used in previous
contrastive learning models [37]: augmentation strategies including SimAugment, AutoAugment
[14], and StackedRandAugment [15] with ResNet-50 [30], ResNet-101, ResNet-200, and ViT-Base
[19] architectures. We set the learning rate according to the linear-scaling rulelr / B=256with
cosine decay. Our best results are achieved with batch sizes of 512 for CIFAR-10/100 (200 epochs),
1,024 for ImageNet-100 (200 epochs), and 4,096 for ImageNet (350 epochs). Throughout, we
use SGD with momentum 0.9 and weight decay10� 4 for smaller datasets including CIFAR-10,
CIFAR-100, and ImageNet-100 and LARS [63] optimizer for ImageNet training to ensure stability.
Full hyperparameter settings and optimization details are available in Appendix B.1. Analyses of the
training dynamics, such as loss convergence and memory ef�ciency, are provided in Appendix D.

4.1 Classi�cation Performance

To evaluate our proposed VarCon, we conducted extensive experiments on multiple benchmark
datasets for image classi�cation. Table 1 presents performance comparisons against state-of-the-art
self-supervised methods (SimCLR [10], MoCo V2 [31, 11], BYOL [29], SwAV [8], VicReg [5],
and Barlow Twins [66]) and supervised approaches (standard Cross-Entropy and SupCon [37]).
VarCon consistently outperforms all competing methods across all datasets. Compared to SupCon,
VarCon achieves 0.43% higher Top-1 accuracy on CIFAR-10 (95.94% vs. 95.51%), 1.72% higher on
CIFAR-100 (78.29% vs. 76.57%), 1.28% higher on ImageNet-100 (86.34% vs. 85.06%), and 0.64%
higher on ImageNet (79.36% vs. 78.72%). The advantage is more pronounced when compared to self-
supervised methods. On ImageNet-100, VarCon surpasses the best self-supervised method (Barlow
Twins at 80.83%) by 5.51%, and on ImageNet, it outperforms all self-supervised methods by at least
4.07% in Top-1 accuracy. VarCon also demonstrates superior performance on ImageNet-ReaL (see
B.2), a re-annotation with more accurate multi-label ground truth, achieving 84.12% Top-1 accuracy
compared to SupCon's 83.87%. They validate that by explicitly modeling feature uncertainty through
our ELBO-derived loss function, VarCon learns more well-de�ned, generalizable representations.

4.2 Few-Shot Learning Performance

Given the practical importance of learning from limited labeled data, we evaluate VarCon in few-shot
learning scenarios by comparing it with SupCon across different per-class sample sizes. Table 2
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Table 1: Classi�cation performance comparison across benchmark datasets. We report Top-1 and
Top-5 accuracy (%) (mean� standard error) for VarCon versus state-of-the-art self-supervised and
supervised methods. All models utilize the ResNet-50 architecture for a fair comparison. Best scores
are highlighted inblue , second-best ingreen .

Category Method
Dataset

CIFAR10 CIFAR100 ImageNet-100 ImageNet

Top-1" Top-5" Top-1" Top-5" Top-1" Top-5" Top-1" Top-5"

S
el

f-
su

pe
rv

is
ed SimCLR 91:52� 0:07 99:78� 0:01 70:67� 0:12 92:01� 0:06 71:54� 0:10 91:56� 0:05 70:31� 0:08 90:37� 0:05

MoCo V2 92:93� 0:09 99:79� 0:02 70:01� 0:09 91:68� 0:07 78:98� 0:11 95:20� 0:03 71:06� 0:06 90:40� 0:03

BYOL 92:57� 0:06 99:71� 0:03 70:50� 0:11 91:95� 0:04 80:18� 0:07 94:86� 0:05 74:28� 0:09 91:56� 0:04

SwAV 89:14� 0:08 99:69� 0:02 64:87� 0:10 88:81� 0:05 74:07� 0:12 92:77� 0:04 75:29� 0:07 91:83� 0:06

VicReg 92:09� 0:10 99:73� 0:01 68:51� 0:08 90:91� 0:07 79:26� 0:09 95:06� 0:04 73:25� 0:08 91:06� 0:03

Barlow Twins 92:70� 0:07 99:80� 0:03 71:02� 0:11 91:95� 0:04 80:83� 0:06 95:24� 0:05 73:26� 0:06 91:10� 0:05

S
up

er
vi

se
d

Cross-Entropy 95:07� 0:08 99:82� 0:02 74:01� 0:09 91:89� 0:06 83:17� 0:08 95:78� 0:03 78:20� 0:07 93:71� 0:04

SupCon 95:51� 0:06 99:85� 0:02 76:57� 0:10 93:50� 0:05 85:06� 0:07 96:84� 0:04 78:72� 0:06 94:31� 0:03

VarCon (Ours) 95:94� 0:07 99:87� 0:02 78:29� 0:08 93:59� 0:05 86:34� 0:09 96:96� 0:03 79:36� 0:05 94:37� 0:04

Table 2: Few-shot learning performance on ImageNet with varying training data availability. We
report Top-1 accuracy (mean� standard error) on ImageNet using ResNet-50 for both SupCon and
our proposed VarCon method across different per-class sample sizes (N ). Best highlighted in blue.

Method N = 50 N = 100 N = 200 N = 500 N = 700 N = 1000

SupCon 2.47� 0:24 36.57� 0:22 50.25� 0:19 64.91� 0:17 70.12� 0:16 73.04� 0:15

VarCon (Ours) 2.53� 0:25 37.81� 0:20 51.10� 0:17 65.83� 0:18 70.61� 0:14 73.21� 0:16

presents this comparison on ImageNet using ResNet-50, with sample sizes ranging from extremely
limited (N = 50) to moderate (N = 1000). Results are averaged across �ve random subsets per
con�guration to account for sampling variability. VarCon consistently outperforms SupCon across all
sample sizes, with advantages more pronounced in data-scarce settings: With 100 samples per class,
VarCon achieves 37.81% Top-1 accuracy, surpassing SupCon (36.57%) by 1.24%. This advantage
persists atN = 200 (51.10% vs. 50.25%) andN = 500 (65.83% vs. 64.91%). As training data
increases, VarCon maintains superior performance, though the gap narrows slightly (73.21% vs.
73.04% atN = 1000). These results suggest our variational framework provides greatest bene�t
when training data is scarce, where robust representation learning is most challenging. By modeling
feature uncertainty explicitly, VarCon learns more effective representations from limited data, making
it well-suited for real-world applications where large labeled datasets are often unavailable.

4.3 Effect of Data Augmentation and Encoder Architecture

To investigate the robustness of VarCon across different neural architectures and data augmentation
strategies, we conducted experiments on ImageNet using various combinations, as shown in Table 3.
VarCon consistently outperforms SupCon across all tested architectures. With ResNet-50 and
AutoAugment, VarCon achieves 79.36% Top-1 accuracy, surpassing SupCon (78.72%) by 0.64%.
This advantage persists with ResNet-101 (80.58% vs. 80.24%), ResNet-200 (81.87% vs. 81.43%),
and extends to the fundamentally different architecture of ViT-Base (78.56% vs. 78.21%). Importantly,
VarCon demonstrates strong performance even with simpler augmentation strategies. Using only
SimAugment with ResNet-101, VarCon achieves 79.98% Top-1 accuracy, which is competitive with
SupCon using the more complex StackedRandAugment (80.24%). This reduced dependency on
sophisticated, task-speci�c augmentations represents a signi�cant practical advantage, as identifying
optimal augmentation strategies often requires extensive tuning and domain expertise.

4.4 Transfer Learning Performance

A critical measure of representation quality is how well features transfer to new tasks and domains.
Table 4 presents transfer learning results across 12 diverse datasets spanning �ne-grained recognition,
scene classi�cation, and general object recognition tasks. While supervised contrastive learning
typically faces challenges in transfer learning due to supervised signals potentially limiting rep-
resentation generality, VarCon demonstrates improved transferability compared to SupCon. With
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Table 3: Adaptability analysis across architectures and augmentation strategies on ImageNet. We
evaluate VarCon against SupCon using multiple encoder backbones (ResNet-50/101/200 and ViT-
Base) and augmentation techniques (SimAugment, AutoAugment, and StackedRandAugment). The
highest performance values for each encoder architecture are highlighted in boldface.

Loss Architecture Feat. Dim Params Augmentation Top-1 Top-5

SupCon ResNet-50 2048 25.6 M SimAugment 77.82 93.61
SupCon ResNet-50 2048 25.6 M AutoAugment 78.72 94.27
VarCon (Ours) ResNet-50 2048 25.6 M SimAugment 78.23 93.67
VarCon (Ours) ResNet-50 2048 25.6 M AutoAugment 79.36 94.33

SupCon ResNet-101 2048 44.5 M SimAugment 79.64 94.85
SupCon ResNet-101 2048 44.5 M StackedRandAugment 80.24 94.82
VarCon (Ours) ResNet-101 2048 44.5 M SimAugment 79.9894.89
VarCon (Ours) ResNet-101 2048 44.5 M StackedRandAugment80.58 94.87

SupCon ResNet-200 2048 65 M StackedRandAugment 81.43 95.93
VarCon (Ours) ResNet-200 2048 65 M StackedRandAugment81.87 95.95

SupCon ViT-Base 768 86 M SimAugment 78.21 94.13
VarCon (Ours) ViT-Base 768 86 M SimAugment 78.56 94.17

Table 4: Cross-domain generalization evaluation across 12 diverse visual recognition benchmarks.
We compare the transferability of representations learned by VarCon against SimCLR and SupCon.
Metrics reported are mAP for VOC2007, mean-per-class accuracy for Aircraft, Pets, Caltech-101,
and Flowers, and top-1 accuracy for remaining datasets.
Method Food CIFAR10 CIFAR100 Birdsnap SUN397 Cars Aircraft VOC2007 DTD Pets Caltech-101 Flowers Mean

SimCLR-50 88.21 97.62 85.86 75.91 63.52 91.33 87.40 83.98 73.23 89.22 92.11 97.02 85.45
SupCon-50 87.28 97.43 84.26 75.20 58.03 91.71 84.0885.18 74.82 93.45 91.07 96.08 84.88
VarCon-50 87.31 97.65 84.39 75.27 57.96 91.79 84.25 85.07 74.7993.52 91.19 96.14 84.94

SupCon-200 88.65 98.32 87.25 76.27 60.44 91.83 88.53 85.12 74.62 93.09 94.87 96.94 86.33
VarCon-200 88.68 98.34 87.30 76.29 60.39 91.85 88.61 85.02 74.47 93.26 94.95 96.96 86.34

ResNet-50, VarCon achieves a mean accuracy of 84.94% across all datasets, outperforming SupCon
(84.88%) and approaching the self-supervised SimCLR (85.45%). VarCon-50 surpasses SupCon-50
on several datasets, including CIFAR-10 (97.65% vs. 97.43%), Cars (91.79% vs. 91.71%), and
Pets (93.52% vs. 93.45%). With ResNet-200, VarCon achieves a mean accuracy of 86.34% and
outperforms SupCon-200 on 9 out of 12 datasets. These results validate that VarCon learns a more
adaptable embedding space that generalizes better across diverse visual domains. Our variational
ELBO mechanism effectively mitigates potential over�tting to source domain labels, leading to more
transferable representations while maintaining strong performance on the source task.

4.5 Ablation Studies

Effect of Temperature. The temperature parameter in contrastive learning signi�cantly impacts
model performance by controlling the concentration of the distribution in the embedding space.
Figure 2a shows Top-1 accuracy on ImageNet for both VarCon and SupCon across temperatures
from 0.02 to 0.14. Both methods achieve optimal performance at� = 0 :10, with VarCon reaching
79.38% accuracy compared to SupCon's 78.8%. However, VarCon exhibits much greater robustness
to temperature variations, particularly in higher temperature regimes. While SupCon's accuracy drops
sharply after� = 0 :10 (Top-1 Accuracy declining by 2% at� = 0 :14), VarCon maintains stable
performance up to� = 0 :12 before showing a comparable decrease. This enhanced stability can
be attributed to VarCon's adaptive temperature mechanism (� 2), which dynamically adjusts based
on sample con�dence, providing an additional layer of robustness against suboptimal temperature
settings.

Number of Training Epochs. Figure 2b shows the Top-1 accuracy on ImageNet for VarCon and
SupCon across different training durations. VarCon demonstrates consistently superior performance
and faster convergence throughout training. At just 50 epochs, VarCon achieves 75.3% accuracy (vs.
SupCon's 74.5%), reaching 77.85% by 100 epochs and 79.15% by 200 epochs—already approaching
its peak performance. VarCon achieves optimal accuracy of 79.36% at 350 epochs and maintains
better stability during extended training, with less performance degradation after 700 epochs (78.80%
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(a) (b) (c)

Figure 2: (a) Top-1 accuracy on ImageNet versus temperature parameter; (b) Top-1 accuracy on
ImageNet versus training epochs; (c) Top-1 accuracy on ImageNet versus batch size.

(a) (b) (c)

Figure 3: (a) KNN classi�er accuracy on ImageNet embeddings; (b) Effect of adaptive temperature
parameter� on ImageNet Top-1 accuracy; (c) Robustness evaluation on ImageNet-C across different
corruption severity levels.

vs. 78.23% for SupCon). These results show that our variational approach both converges faster and
provides enhanced robustness against over�tting.

Batch Size Sensitivity Analysis.Figure 2c illustrates the effect of batch size on ImageNet Top-1
accuracy. While large batches are typically crucial for contrastive learning, they signi�cantly increase
computational requirements and can lead to training instability. VarCon demonstrates reduced
dependency on large batch sizes—with just 2048 samples, it achieves 79.26% accuracy, already
outperforming SupCon at 4096 (78.7%). VarCon's performance plateaus earlier, showing minimal
improvement (0.01%) when increasing from 4096 to 6144, while SupCon continues to bene�t from
larger batches. This indicates that VarCon learns a more effective embedding space with fewer
negative examples, enabling ef�cient training with more limited computational resources.

Analysis of Embedding Space Organization.To directly evaluate embedding quality without
additional parameterized classi�ers, we employed K-nearest neighbor classi�cation, which better
re�ects the intrinsic structure of the feature space. Figure 3a shows that VarCon consistently
outperforms SupCon across all K values on ImageNet. For Top-1 accuracy, VarCon's advantage
increases with larger K values (from 77.4% vs. 77.32% at K=5 to 78.07% vs. 77.86% atK = 80).
For Top-5 accuracy, VarCon maintains a consistent 0.27% advantage (83.88% vs. 83.61%) across all
K values. This superiority con�rms that VarCon produces embedding spaces with clearer decision
boundaries and better structured class relationships. This improved embedding organization is
further con�rmed by t-SNE visualizations of the embedding space evolution in Appendix B.3 and by
quantitative hierarchical clustering metrics in Appendix B.4.

Effect of Epsilon Parameter. In VarCon, we introduce an adaptive temperature mechanism where
� 2 varies within bounds determined by� 1 � � . Figure 3b shows the effect of different� values
on ImageNet Top-1 accuracy when� 1 = 0 :1. At � = 0 (equivalent to �xed temperature), the
model achieves 78.87% accuracy. Performance improves as� increases, peaking at 79.36% with
� = 0 :02, before declining to 78.42% at� = 0 :08. This indicates that while some temperature
adaptability bene�ts learning, excessive deviation becomes detrimental, with� = 0 :02 providing
optimal �exibility to adjust con�dence levels based on sample dif�culty.

4.6 Robustness to Image Corruption

To evaluate robustness to real-world image degradation, we tested VarCon on ImageNet-C, which
applies 15 different corruption types at 5 increasing severity levels. Figure 3c shows Top-1 accuracy
on clean ImageNet (“test”) and across all corruption severity levels. VarCon consistently outperforms
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(a) Mean� 2 evolution (b) � 2 density distributions

Figure 4: Evolution of adaptive temperature� 2 during a full 50-epoch ImageNet training with ResNet-
50 (� = 0 :02, � 1 = 0 :1, batch size 4096). (a) Mean� 2 increases from 0.09378 to 0.10656 over the
complete training, indicating systematic con�dence growth. (b) Density distributions (epochs 10-50)
show rightward shift with initial broadening (std: 0.00961! 0.01092) then stabilization, re�ecting
heterogeneous con�dence development as the model distinguishes easy from hard samples.

SupCon with both ResNet-50 and ResNet-200 architectures. With ResNet-50, VarCon maintains
a performance advantage ranging from 0.3% to 1.2% as corruption severity increases from level
1 to 5. This graceful degradation pattern can be attributed to our probabilistic framework, which
explicitly models feature uncertainty. By representing features as distributions rather than points,
VarCon better accommodates input variations caused by corruptions. These results highlight that our
variational approach not only performs well on clean data but also demonstrates enhanced robustness
to low-quality inputs, which is a valuable property for real-world applications.

4.7 Adaptive Temperature Analysis

To investigate our con�dence-adaptive temperature mechanism, we analyze� 2 distribution across
ImageNet samples during ResNet-50 training (batch size 4096,� 2 2 [0:08; 0:12]). We �x � = 0 :02
and� 1 = 0 :1 to ensure comparable temperature spans across epochs, though� is learnable in our
best con�guration. Figure 4 shows systematic evolution: initially (epoch 10), over 25% of samples
receive near-maximal gradients with� 2 near lower bound, indicating widespread uncertainty. Mean
� 2 increases 13.6% during training while maintaining persistent challenging samples near minimum.
This heterogeneous evolution demonstrates differential treatment, strong gradients for dif�cult
samples and relaxed constraints for well-learned ones, emerging naturally from KL divergence
and con�dence-based temperature interaction. This demonstrates our self-adaptive temperature
simultaneously adjusts both target sharpness and gradient magnitude based on per-sample con�dence
(see Appendix D.4 for comparisons with other regularization methods [57, 67, 27, 58, 4, 36]).
Detailed� 2 evolution statistics for �xed� (Table 7) and learnable� (Table 8) are in Appendix D.2.

5 Conclusion

In this work, we introduced Variational Supervised Contrastive Learning (VarCon), a probabilistically
grounded framework that reformulates supervised contrastive learning through variational inference
over latent class variables. By deriving and maximizing a posterior-weighted evidence lower bound,
VarCon overcomes key limitations of conventional contrastive approaches: it explicitly regulates
embedding distributions through principled KL divergence, replaces exhaustive pairwise comparisons
with ef�cient class-level interactions, and employs con�dence-adaptive temperature scaling to control
intra-class dispersion. Our extensive evaluation demonstrates VarCon consistently outperforms
leading contrastive methods across diverse benchmarks, achieving superior classi�cation accuracy
on CIFAR-10/100 and ImageNet while requiring fewer training epochs. Moreover, VarCon exhibits
enhanced robustness to hyperparameters, reduced dependency on large batches, stronger low-data
performance, and improved corruption resilience, all while maintaining better cross-domain transfer-
ability. Beyond empirical advantages, VarCon bridges the theoretical gap between distinguishing and
generative paradigms by endowing contrastive objectives with explicit likelihood semantics.
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NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re�ect the
paper's contributions and scope?

Answer: [Yes]

Justi�cation: The abstract and introduction clearly outline our paper's main contributions:
(1) a variational reformulation of supervised contrastive learning as inference over latent
class variables (3); (2) a con�dence-adaptive temperature scaling strategy (3, paragraph 5);
and (3) empirical validation across multiple benchmarks showing improved performance
and semantic organization (4). The claims are aligned with the actual results presented
throughout the paper, particularly in Tables 1 and 4.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and re�ect how
much the results can be expected to generalize to other settings.

• It is �ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justi�cation: Our paper discusses limitations in Section A.1 of the appendix, where we
address computational complexity considerations, batch size dependency, and potential
challenges in cross-domain applications. Throughout the experimental section (4), we also
analyze performance boundaries under various conditions, such as reduced data availability
(Table 2) and different augmentation strategies (Table 3), providing a clear understanding of
our method's limitations.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci�cation, asymptotic approximations only holding locally). The authors
should re�ect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should re�ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should re�ect on the factors that in�uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational ef�ciency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.
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• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci�cally instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justi�cation: Our paper provides full mathematical derivations for the variational bound in
Section 3. We clearly state our assumptions and provide step-by-step proofs from Bayes'
rule (Eq. 1) through the ELBO derivation (Eq. 5), to our �nal VarCon loss formulation
(Eq. 7). All equations are properly numbered and cross-referenced, with intermediate steps
clearly shown. We also de�ne the mathematical notations and variables at the beginning of
Section 3 to establish our theoretical framework.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi�cation: Section 4 provides comprehensive details on datasets (CIFAR-10/100,
ImageNet-100, ImageNet), data preprocessing, network architectures (ResNet-50/101/200,
ViT-Base), and optimization parameters. We specify batch sizes (512 for CIFAR-10/100,
1,024 for ImageNet-100, 4,096 for ImageNet), learning rate scheduling (linear scaling with
cosine decay), optimizers (SGD with momentum 0.9 and weight decay10� 4, LARS for
ImageNet), and data augmentation strategies. Our ablation studies in Section 4 (subsections
"Effect of Temperature," "Batch Size Sensitivity Analysis," etc.) further detail parameter
choices and their effects.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or veri�able.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suf�ce, or if the contribution is a speci�c model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
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of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf�cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justi�cation: We have detailed our core code in Fig. 1. And we plan to release our full code
and trained models upon publication, including implementation details for VarCon loss,
training scripts, and evaluation pipelines. Our code will cover all experiments presented
in the paper, utilizing standard publicly available datasets (CIFAR-10/100, ImageNet) and
common network architectures (ResNet, ViT).

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/

public/guides/CodeSubmissionPolicy ) for more details.
• While we encourage the release of code and data, we understand that this might not be

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy ) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
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Justi�cation: We provide detailed experimental settings in Section 4, including dataset
splits (using of�cial test splits), architectures, data augmentation techniques (SimAugment,
AutoAugment, StackedRandAugment), optimizer con�gurations (SGD with momentum
0.9, weight decay10� 4), learning rate schedules (linear scaling with batch size), and
training durations (200 epochs for CIFAR-10/100 and ImageNet-100, 350 epochs for
ImageNet). Key hyperparameters like the temperature parameter� 1 and adaptive range� are
speci�ed in our ablation studies, where we show the effect of various values (e.g., optimal
� 1 = 0 :1; � = 0 :02).

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical signi�cance

Question: Does the paper report error bars suitably and correctly de�ned or other appropriate
information about the statistical signi�cance of the experiments?

Answer: [Yes]

Justi�cation: All our experimental results include appropriate statistical information. Tables
1 and 2 report accuracy measures with standard error (e.g., 95.94� 0.07% for VarCon on
CIFAR-10), calculated across multiple runs with different random initializations. For the
few-shot learning experiments in Table 2, we explicitly state that results are averaged across
�ve random data subsets for each sample size to account for sampling variability. The
error bars represent standard error of the mean, providing a clear measure of the statistical
reliability of our results.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, con�-

dence intervals, or statistical signi�cance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not veri�ed.

• For asymmetric distributions, the authors should be careful not to show in tables or
�gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding �gures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide suf�cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi�cation: We provide suf�cient information about computational resources in Section
B and B.1 of the appendix. Our experiments were conducted on NVIDIA GPUs, with
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larger experiments (ImageNet) utilizing multi-GPU setups. We specify in Section 4 that
we employed different batch sizes for different datasets (512 for CIFAR-10/100, 1024
for ImageNet-100, and 4096 for ImageNet), which implicitly indicates the computational
requirements. The reduced batch size dependency of our method, as shown in Figure 2c,
also demonstrates our attention to computational ef�ciency.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethicshttps://neurips.cc/public/EthicsGuidelines ?

Answer: [Yes]

Justi�cation: Our research fully complies with the NeurIPS Code of Ethics. We use standard,
publicly available benchmark datasets (CIFAR-10/100, ImageNet) that are widely accepted
in the machine learning community. Our VarCon method focuses on improving represen-
tation learning without raising speci�c ethical concerns. We report results transparently
with appropriate error statistics, avoid misleading claims, and compare fairly with baseline
methods. All experimental comparisons were conducted under equitable conditions using
the same computational resources for both our method and baselines.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justi�cation: We discuss the broader impacts of our work in Section A.2 of the appendix,
where we address both potential positive impacts (improved performance for visual recogni-
tion systems in healthcare, autonomous vehicles, etc.) and possible negative implications
(such as potential use in surveillance systems). We also discuss how our method's improved
ef�ciency with smaller batch sizes contributes to reducing computational resources, which
has positive environmental implications through reduced energy consumption.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake pro�les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci�c
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
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generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef�ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justi�cation: Our work does not involve models or datasets with high risk for misuse. VarCon
is a representation learning method that improves embedding spaces for classi�cation tasks,
not a generative model capable of producing deceptive content. We work with standard
benchmark datasets (CIFAR-10/100, ImageNet) rather than scraped web data. Our method
does not enable capabilities that would require speci�c safeguards beyond standard practices
in machine learning research.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety �lters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi�cation: All datasets and baseline methods used in our research are properly cited. We
reference the original papers for CIFAR-10/100 [40], ImageNet [52, 18], and the comparison
methods (SimCLR, SupCon, MoCo, etc.) in Section 4. We use these standard benchmark
datasets according to their intended research purposes. For the encoder architectures, we
cite and use the standard implementations of ResNet and ViT models following the settings
in previous works [37]. We do not modify or repackage any existing datasets.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.

21



• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets,paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justi�cation: Our paper does not introduce new datasets, tools, or models as standalone
assets that would require speci�c documentation. We present a new methodology (VarCon)
that builds upon existing frameworks and benchmark datasets, but this is fully described
within the paper itself. While we plan to release our implementation code in the future, we
are not introducing new assets as part of this paper submission.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip �le.

14. Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justi�cation: Our research does not involve crowdsourcing, human subjects, or human
evaluations. All experiments are computational, using established benchmark datasets
(CIFAR-10/100, ImageNet) and algorithmic evaluations. No human participants were
involved in the research process beyond the authors themselves.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is �ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
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Justi�cation: Our research does not involve human subjects, participants, or human data
collection of any kind. All experiments use standard machine learning benchmark datasets
(CIFAR-10/100, ImageNet) and computational evaluations. Therefore, no IRB approval or
equivalent was required for this work.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary signi�cantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti�c rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justi�cation: Our research on Variational Supervised Contrastive Learning (VarCon) does
not involve Large Language Models (LLMs) in any capacity as part of our methodology, ex-
periments, or analysis. Our work focuses on representation learning for image classi�cation
through a variational approach to contrastive learning, without any LLM components.

Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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Supplementary Material

A Discussion

A.1 Limitation

While Variational Supervised Contrastive Learning (VarCon) demonstrates signi�cant improvements
over existing methods, we acknowledge several limitations. First, our approach relies on supervised
learning, which limits its applicability where labeled data is scarce or expensive to obtain. Second,
although VarCon reduces comparison complexity from quadratic to nearly linear through class-level
centroids, computing these centroids still introduces overhead for datasets with numerous classes.
Third, cross-domain adaptation may require recalibration of our con�dence-adaptive temperature
mechanism when facing substantial distribution shifts between source and target domains.

Future work could address these limitations by: 1) extending VarCon to self-supervised settings by
leveraging augmentation-based positive pairs with a variational formulation of latent pseudo-labels,
which would maintain our probabilistic framework while removing the need for explicit supervision;
2) exploring amortized computation of class centroids through memory banks or representative
embedding techniques to reduce computational overhead for large-scale applications; and 3) incor-
porating domain adaptation techniques such as distribution alignment constraints in the variational
objective to improve cross-domain robustness. The core variational formulation of VarCon is �exible
enough to accommodate these extensions with relatively modest modi�cations to the underlying
framework.

Despite these limitations, VarCon successfully addresses a fundamental challenge in representation
learning by providing a principled probabilistic interpretation of contrastive objectives while simulta-
neously improving empirical performance across diverse benchmarks. Our approach offers a new
theoretical perspective that bridges the gap between generative and distinguishing paradigms, opening
promising directions for developing more robust, interpretable, and ef�cient representation learning
methods.

A.2 Broader Impact

VarCon offers signi�cant potential for broader impact across multiple domains of deep learning
research and applications. By establishing a principled probabilistic foundation for contrastive
learning and demonstrating substantial empirical improvements, our work contributes to several
important areas:

From a scienti�c perspective, VarCon bridges the theoretical gap between generative and contrastive
approaches to representation learning. This uni�cation provides researchers with a more coherent
understanding of how different learning paradigms relate to one another, potentially accelerating the
development of hybrid approaches that leverage the strengths of multiple frameworks. The explicit
modeling of uncertainty through our con�dence-adaptive temperature mechanism also contributes to
the growing body of work on uncertainty quanti�cation in deep learning, which remains a critical
challenge for reliable AI systems.

From an applications standpoint, VarCon's improved performance and robustness make it particularly
valuable for domains where high-quality representations are essential. In medical imaging, more
distinctive features could enhance diagnostic accuracy and treatment planning. In computer vision for
autonomous vehicles, better representations may improve object detection and scene understanding
under varying conditions. For scienti�c applications like protein structure prediction or molecular
property estimation, our approach's ability to capture �ne-grained semantic relationships could lead
to meaningful discoveries.

The environmental impact of our approach is noteworthy. VarCon's reduced dependence on large batch
sizes and faster convergence translate to lower computational requirements and energy consumption
compared to existing contrastive methods. As the carbon footprint of machine learning research
grows increasingly concerning, techniques that maintain or improve performance while requiring
fewer computational resources represent an important direction for sustainability.

Our method's enhanced interpretability through uncertainty modeling provides a foundation for more
transparent embedding learning. By explicitly quantifying con�dence in learned representations,
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VarCon could help identify potential failure modes or biases in downstream applications, particularly
important as deep learning systems increasingly in�uence high-stakes decisions.

In summary, VarCon represents not only a technical advancement in representation learning but
also a step toward more principled, ef�cient, and transparent deep learning systems, which can be
responsibly deployed across a wide range of applications.

B Experimental Analysis and Additional Results

B.1 Hyperparameter Settings

In this section, we provide additional hyperparameter settings used in our VarCon implementation.

Optimization Details For all experiments, we used SGD with momentum 0.9 and weight decay
1 � 10� 4. We employed a cosine learning rate schedule with initial learning rate 0.05, and for
experiments with batch sizes greater than 256, we incorporated a 10-epoch warm-up phase. For
ImageNet experiments, we used the LARS optimizer to maintain training stability at large batch
sizes. We utilized mixed-precision training (AMP) with gradient scaling to improve computational
ef�ciency while maintaining numerical stability. All experiments were conducted on 8 NVIDIA
A100 GPUs. Training for 350 epochs on ImageNet required approximately 54 hours.

Data Augmentation Strategies Data augmentation plays a crucial role in contrastive learning,
as it de�nes the invariances that the representation should capture. We experimented with three
augmentation strategies: SimAugment (random cropping, �ipping, color jitter, and grayscale conver-
sion), AutoAugment (which uses reinforcement learning to discover optimal transformation policies),
and StackedRandAugment (which applies multiple random transformations sequentially). While
previous contrastive learning methods often require strong augmentations to achieve competitive
performance, VarCon demonstrates superior results even with simpler augmentation strategies. This is
particularly signi�cant because �nding appropriate augmentation policies is typically domain-speci�c
and time-consuming: augmentations that work well for images may not transfer to other modalities
such as text or audio. VarCon's reduced dependency on aggressive augmentation makes it more
adaptable across different domains and reduces the need for extensive hyperparameter tuning.

Positive and Negative Sample De�nition Different contrastive learning frameworks de�ne positive
and negative samples distinctively, which signi�cantly impacts their learning dynamics. In SimCLR,
positive pairs consist solely of different augmented views of the same instance, while all other
instances in the batch serve as negatives, regardless of their semantic similarity. SupCon extends this
de�nition by considering samples from the same class as positives, leveraging label information to
create semantically meaningful groupings. Our VarCon framework further re�nes this approach by
encoding these relationships through a probabilistic lens. Rather than relying on explicit pairwise
comparisons, VarCon infers class-conditional likelihoods and minimizes the KL divergence between
the model's posterior and an adaptive target distribution. This formulation naturally handles both
same-instance positives (through augmented views) and same-class positives (through class centroids)
while maintaining appropriate separation from samples of different classes. The key distinction is
that VarCon's con�dence-adaptive temperature mechanism dynamically adjusts the “strength” of
these positive relationships based on classi�cation dif�culty, providing �ne-grained control over
the embedding space organization. This probabilistic treatment of sample relationships contributes
signi�cantly to VarCon's superior performance and robustness across various experimental settings.

These implementation details contribute signi�cantly to VarCon's performance and stability across
different datasets and architectures, highlighting the importance of careful hyperparameter selection
in representation learning systems.

B.2 Extended Evaluations

To further validate the robustness of our proposed approach, we evaluated VarCon against leading self-
supervised and supervised methods on the ImageNet-ReaL, which addresses the inherent limitations
of the original ImageNet validation set by providing higher-quality multi-label annotations. Table 5
presents these results.
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Table 5: Classi�cation performance comparison on ImageNet-ReaL. We report Top-1 accuracy (%)
(mean� standard error) for VarCon versus state-of-the-art self-supervised and supervised methods.
All models utilize the ResNet-50 architecture for a fair comparison. Best scores are highlighted in
blue , second-best ingreen .

Category Method
Dataset

ImageNet-ReaL

Top-1"

S
el

f-
su

pe
rv

is
ed SimCLR 75:30� 0:05

MoCo V2 78:22� 0:04

BYOL 81:10� 0:07

SwAV 81:56� 0:04

VicReg 79:45� 0:07

Barlow Twins 80:09� 0:03

S
up

er
vi

se
d

Cross-Entropy 83:47� 0:06

SupCon 83:87� 0:04

VarCon (Ours) 84:12� 0:04

On this more rigorous dataset, VarCon achieves 84.12% Top-1 accuracy, outperforming all baseline
methods by a statistically signi�cant margin. The performance gap between VarCon and the strongest
self-supervised method (SwAV at 81.56%) is signi�cant, showing a solid 2.56% improvement,
suggesting that our probabilistic formulation effectively leverages label information to learn more
distinctive representations that better align with human perception of image content.

Even within the supervised category, VarCon demonstrates clear advantages over conventional cross-
entropy (83.47%) and the previous state-of-the-art SupCon approach (83.87%). This improvement is
especially meaningful on ImageNet-ReaL, where evaluation more accurately re�ects model perfor-
mance on actual visual content rather than potentially noisy single-label annotations. The consistent
performance gains across both traditional ImageNet and ImageNet-ReaL datasets demonstrate that
VarCon's improvements are not merely artifacts of label noise but represent genuine advances in
representation quality. In addition, the reduced standard errors (� 0.04) compared to other methods
indicate that VarCon's probabilistic approach not only improves accuracy but also yields more stable
predictions across evaluation runs. This enhanced stability, combined with superior accuracy, high-
lights the effectiveness of our variational formulation in capturing the underlying structure of visual
data while maintaining robust decision boundaries.

B.3 Embedding Space Evolution Analysis

To investigate how VarCon shapes the embedding space during training, the progressive evolution of
learned representations is visualized using t-SNE (perplexity 50) on ImageNet validation set. Models
are trained for 200 epochs with checkpoints saved at epochs 50, 100, 150, 200. Figure 5 reveals
systematic re�nement of semantic organization throughout training.

The visualization demonstrates clear progression from loosely organized clusters at epoch 50 (KNN
classi�er: 52.74%) to highly structured, well-separated semantic groups by epoch 200 (79.11%). The
most signi�cant improvement occurs between epochs 100-150, where the KNN classi�er performance
jumps from 59.57% to 71.12%, corresponding to the convergence of our ELBO-derived loss function.
During this phase, the KL divergence term effectively aligns the auxiliary posterior with the model's
class posterior while ensuring correct class assignments. By epoch 200, VarCon achieves optimal
embedding organization with distinct, compact clusters and clear decision boundaries. We employ
KNN classi�cation to directly evaluate the quality of pretrained representations without introducing
additional trainable parameters that could mask the intrinsic separability of the learned embeddings.
The high KNN classi�er performance (79.11%) demonstrates that our con�dence-adaptive temper-
ature mechanism successfully provides �ne-grained control over intra-class dispersion, creating
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