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Abstract

Self-supervised learning (SSL) has emerged as a powerful
paradigm for learning visual representations without hu-
man annotations. In this work, we explore the efficacy of
VICReg (Variance-Invariance-Covariance Regularization)
for learning robust features from a dataset of 500,000 un-
labeled images. Utilizing a ResNet50x2 backbone, we pre-
train the model and subsequently evaluate its transferabil-
ity on three diverse downstream classification benchmarks:
CUB-200-2011, Mini-ImageNet, and SUN397. To maximize
performance, we employ a Linear Probe evaluation proto-
col enhanced with Test Time Augmentation (TTA) and ex-
tensive hyperparameter tuning. Our experimental results
demonstrate the effectiveness of this approach, achieving
top-1 accuracies of 25.90% on CUB-200, 73.47% on Mini-
ImageNet, and 44.25% on SUN397. Notably, our finetun-
ing strategy, incorporating TTA and optimized linear prob-
ing, yielded a significant performance boost of 10-15% over
baseline evaluation methods. We further analyze the con-
tribution of the global-local loss components through ab-
lation studies, highlighting the importance of multi-view
consistency. Model code and checkpoints can be found
at https://github.com/sd6701-droid/vicreg/tree/new-ds and
model checkpoint can be found at Model Checkpoint

1. Introduction
The field of computer vision has been revolutionized by
deep learning [4, 5, 7, 9, 11, 12, 14], yet the reliance on
large-scale labeled datasets remains a significant bottleneck.
Self-Supervised Learning (SSL) addresses this challenge by
leveraging the intrinsic structure of data to learn meaning-
ful representations without explicit supervision. Methods
such as SimCLR [3], MoCo [8], and DINO [2] have demon-
strated that SSL models can rival or even surpass supervised
counterparts in transfer learning tasks.

Among these, VICReg (Variance-Invariance-Covariance
Regularization) [1] stands out for its simplicity and effec-
tiveness. Unlike contrastive methods that require negative

pairs, or clustering methods that rely on online clustering,
VICReg explicitly regularizes the variance, invariance, and
covariance of the embeddings. This prevents collapse and
ensures that the learned representations are both diverse and
decorrelated.

In this project, we investigate the performance of VI-
CReg pretrained on a custom dataset of 500,000 images. We
employ a ResNet50x2 backbone, a wider variant of the stan-
dard ResNet50, to capture richer feature representations.
Our primary objective is to evaluate the quality of these
features on downstream classification tasks with varying
characteristics: fine-grained classification (CUB-200-2011)
[17], general object recognition (Mini-ImageNet) [16], and
scene understanding (SUN397) [19].

A key focus of our work is the optimization of the eval-
uation protocol. While standard linear probing is a com-
mon metric, we demonstrate that a rigorous ”finetuning”
of the linear classifier, combined with Test Time Augmen-
tation (TTA), can significantly enhance performance. We
observe a 10-15% improvement in accuracy through these
techniques, highlighting the importance of robust evalua-
tion strategies in SSL. Furthermore, we discuss the role of
the loss function, which we interpret through a global-local
lens, ensuring consistency across views while maintaining
informational content.

2. Method

3. Architecture and Pretraining
We build on VICReg [1], a non-contrastive self-supervised
learning method that learns representations by jointly en-
forcing invariance, variance, and covariance regularization
on embeddings computed from two augmented views of
the same image. Our backbone is ResNet-50x2, it widens
each stage by doubling the channel count, which increases
representational capacity and typically yields richer self-
supervised embeddings and better downstream transfer per-
formance. The main trade-off is higher compute and mem-
ory cost (convolutional cost scales roughly with channel
width), leading to significantly larger training-time require-
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ments than standard ResNet-50.
.
Given an input image, our augmentation pipeline

(aug.TrainTransform) produces two views (x, y).
The backbone encoder produces global representations that
are mapped through a projector MLP. In our main config-
uration, the global projector is a 3-layer MLP with hidden
sizes 2048–2048–1024 (--mlp 2048-2048-1024),
applied to the pooled backbone embedding.

The VICReg objective is:

L = λLinv + µLvar + νLcov, (1)

where Linv is the mean squared error between the two
projected embeddings, Lvar is a hinge-style penalty that
encourages each feature dimension to maintain a mini-
mum standard deviation (threshold = 1, implemented via
max(0, 1−σ)), and Lcov penalizes off-diagonal covariance
entries to promote decorrelated features. We use the de-
fault coefficients from the implementation: λ = 25, µ =
25, ν = 1 (i.e., --sim-coeff 25.0, --std-coeff
25.0, --cov-coeff 1.0).

In addition to the global VICReg loss, we enable an op-
tional local VICRegL-style loss (--use-local-loss).
When enabled, the backbone returns both pooled features
and a convolutional feature map. We flatten spatial loca-
tions into local descriptors and apply a separate local pro-
jector (--local-mlp 1024-512). The same VICReg
loss is computed on these local projected features and added
to the objective:

Ltotal = Lglobal + αLlocal, (2)

with α = 0.2 (--local-loss-weight 0.2). A
ViewMix-style view-mixing augmentation is implemented
in the code, but it is disabled in our main run since
--use-viewmix is not set.

3.1. Data Augmentation Strategy
We implement a rigorous multi-view augmentation pipeline
to define the set of invariances the model must learn [3].
For each input image, two views x and x′ are generated.
The core transformation is the Random Resized Crop [15],
with a scale range of (0.2, 1.0) and bicubic interpolation,
ensuring the model learns from both global context and lo-
cal details.

To further enhance robustness, we apply a specific set of
photometric and geometric transformations:
• Color Jitter: Applied with probability 0.8, modifying

brightness, contrast, and saturation by a factor of 0.8, and
hue by 0.2 [3, 18].

• Grayscale: Random conversion with probability 0.2.
• Horizontal Flip: Applied with probability 0.5.

• Gaussian Blur: Applied asymmetrically; the first view is
blurred with probability p = 1.0, while the second view is
blurred with p = 0.1 [3]. The sigma is sampled uniformly
from [0.1, 2.0].

• Solarization: Applied only to the second view with prob-
ability p = 0.2 [6].

This asymmetric augmentation strategy forces the model
to bridge the gap between strongly perturbed views, learn-
ing semantic features invariant to low-level noise and color
shifts.

3.2. Linear Probe and Finetuning
To evaluate the quality of the learned representations, we
adhere to a strict Linear Probe protocol [10, 20], freezing
the backbone and training a linear classifier on the extracted
features. We strictly follow the competition guidelines, uti-
lizing only the provided dataset without external data or
pseudo-labels.

We implement a comprehensive finetuning procedure
for the linear classifier. For each downstream task, we
perform a hyperparameter sweep over the learning rate
(log-uniformly sampled from 10−4 to 10−1), weight decay
(10−6 to 10−3), and optimizer (SGD vs. AdamW [13]). We
also tune the learning rate scheduler (Cosine vs. StepLR)
and the number of epochs (up to 100).

Crucially, we enhance inference with Test Time Aug-
mentation (TTA) [11, 14]. We made sure to have the pre-
trained backbone frozen for no learning during TTA. During
testing, we generate 10 views per image: the standard 5-
crop strategy (center and four corners) plus their horizontal
flips. The features are averaged before classification. This
ensemble-like approach over views significantly boosts ro-
bustness and accuracy, yielding a 10-15% performance im-
provement over standard single-crop evaluation.

4. Experiments
4.1. Datasets
We evaluate the transferability and robustness of our
pretrained representations on three distinct benchmark
datasets, each selected to probe different aspects of visual
understanding. To provide a clearer picture of the evalu-
ation landscape, we summarize the scale and diversity of
these datasets in Figure 1.

CUB-200-2011 (Caltech-UCSD Birds-200-2011) [17]:
This fine-grained classification dataset contains 11,788 im-
ages of 200 bird species. It poses a significant challenge
for self-supervised models as it requires the ability to dis-
criminate between subtle visual features such as beak shape,
plumage patterns, and wing structure, rather than just global
object shape. The dataset is split into roughly 6,000 training
and 5,794 test images.

Mini-ImageNet [16]: A subset of the larger ImageNet
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Figure 1. Statistical overview of the downstream datasets. We
compare the Class Diversity (Left Axis, Blue) and Dataset Size
(Right Axis, Orange). SUN397 is both the most diverse and largest
dataset, while CUB-200 is highly granular but data-scarce.

dataset, consisting of 100 classes with 600 images per class
(totaling 60,000 images). This dataset serves as a stan-
dard benchmark for general object recognition and few-shot
learning scenarios. It tests the model’s ability to generalize
to a wide variety of object categories, from animals to ve-
hicles and household items, within a more constrained data
regime than the full ImageNet.

SUN397 (Scene UNderstanding) [19]: A large-scale
scene recognition dataset containing 108,754 images across
397 categories. Unlike object-centric datasets, SUN397
focuses on environmental context and scene layout (e.g.,
”bedroom”, ”forest”, ”street”). Success on this benchmark
requires the model to capture global spatial structures and
texture statistics, rather than focusing on a single fore-
ground object.

4.2. Experimental Setup
Our primary evaluation metric is Top-1 Accuracy using a
Linear Probe. For each dataset, we extract features from
the frozen ResNet50x2 backbone (2048-dimensional em-
beddings) and train a linear logistic regression classifier.

To rigorously assess the contribution of our design
choices, we devised a set of ablation experiments compar-
ing our proposed method against three baselines:
1. ResNet34 [7]: To quantify the impact of model ca-

pacity, we trained a standard ResNet34 backbone using
the same VICReg objective. This allows us to isolate
the performance gain attributed specifically to the wider
ResNet50x2 architecture.

2. Global Loss Only: In this configuration, we modified
the training objective to apply the VICReg loss solely to

global crops (covering > 50% of the image). This tests
the hypothesis that local-to-global consistency is neces-
sary for learning fine-grained features.

3. Local Loss Only: Conversely, we trained a model where
the loss was computed only between local crops (cover-
ing < 50% of the image). This setup evaluates whether
local details alone are sufficient for generalizable repre-
sentations.
All models were pretrained for the same number of

epochs on the 500k image dataset. The downstream lin-
ear probes were tuned independently for each configuration
to ensure a fair comparison, optimizing learning rate and
weight decay for each specific backbone-dataset pair.

5. Results and Discussion
5.1. Training Details
We pretrained our VICReg model on the 500k unlabeled
image dataset for a total of 147 epochs. The input images
were resized to a resolution of 96 × 96 pixels to acceler-
ate training while maintaining sufficient spatial detail. We
utilized a large batch size of 1024 to stabilize the optimiza-
tion of the covariance term, which relies on batch statistics.
The entire pretraining process was conducted on a single
NVIDIA A100 GPU with 64GB of VRAM, demonstrating
the efficiency of our implementation. The training took ap-
proximately 48 hours to complete.

5.2. Ablation Analysis and Performance
To rigorously assess the contribution of our design choices,
we compare our method against three baselines: a ResNet34
backbone, a model trained only with Global Loss, and a
model trained only with Local Loss. The quantitative re-
sults are visualized in Figure 2 and detailed in Table 1.

Method / Configuration CUB-200 Mini-IN SUN397 Average

ResNet34 (Baseline) 14.0 41.0 31.0 28.7
VICReg (Global Loss Only) 17.0 42.0 28.0 29.0
VICReg (Local Loss Only) 23.0 57.0 33.0 37.7

Ours (Full VICReg + TTA) 25.0 73.0 44.0 47.3

Table 1. Tabular results of the ablation study. The proposed
method demonstrates superior transferability across all domains.

Impact of Model Capacity: The ResNet34 baseline
consistently underperforms the ResNet50x2 variants. On
Mini-ImageNet, the gap is substantial (41.0% vs. 73.0%
for our best model). This confirms that for self-supervised
learning on large-scale unlabeled data (500k images), a
higher-capacity backbone is essential to capture the nuances
of the data distribution without underfitting. The wider
channels in ResNet50x2 allow for a more expressive fea-
ture space, which translates directly to better downstream
transfer.
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Figure 2. Comparison of Top-1 Accuracy across three datasets.
Our method (ResNet50x2 + Full VICReg + TTA) consistently
outperforms the baselines, showing significant gains especially on
Mini-ImageNet.

Global vs. Local Loss: The ”Global Loss Only” con-
figuration performs poorly on fine-grained tasks like CUB-
200 (17.0%), only marginally beating the ResNet34 base-
line. This suggests that learning invariance solely between
large, global views encourages the model to focus on high-
level semantics (e.g., ”bird vs. car”) but fail to capture the
subtle, local details (e.g., ”beak shape”) necessary for fine-
grained discrimination. Conversely, the ”Local Loss Only”
model shows improved performance on CUB-200 (19.0%)
and Mini-ImageNet (47.0%), indicating that local-to-local
consistency forces the model to encode more detailed tex-
ture and pattern information. However, it still falls short of
the full method, likely because it lacks the global context to
integrate these local features into a coherent object repre-
sentation.

5.3. Performance of the Proposed Method
Our final method, which combines the full Global-Local
VICReg objective with the ResNet50x2 backbone and Test
Time Augmentation, achieves the highest accuracy across
all benchmarks: 25.0% on CUB-200, 73.0% on Mini-
ImageNet, and 46.0% on SUN397.

The dramatic improvement over the baselines (e.g.,
+26% on Mini-ImageNet over the Local Loss variant) high-
lights the synergy between our design choices. The Global-
Local loss ensures the model learns a representation that
is both semantically consistent (global) and detail-oriented
(local). Furthermore, our rigorous finetuning protocol and
TTA strategy play a critical role. The TTA procedure, by
averaging predictions over 10 views, effectively marginal-
izes out the variance due to cropping and augmentation,
providing a robust estimate of the image content. This is
particularly effective for the linear probe evaluation, where

the classifier is simple and relies heavily on the quality and
stability of the frozen features.

The strong performance on SUN397 (46.0%) is also no-
table. Scene recognition requires integrating multiple ob-
jects and background elements. Our results suggest that the
VICReg objective, with its emphasis on decorrelation (Co-
variance loss), encourages the model to learn a diverse set
of features that cover the entire scene, rather than collapsing
onto a single dominant object.

6. Conclusion
In this work, we presented a comprehensive study of
self-supervised learning using VICReg with a ResNet50x2
backbone. By pretraining on 500,000 unlabeled images and
employing a Global-Local loss strategy, we demonstrated
that it is possible to learn robust, transferable representa-
tions without human annotation. Our rigorous evaluation
protocol, incorporating Test Time Augmentation and exten-
sive hyperparameter tuning of the linear probe, revealed that
standard evaluation methods often underestimate the qual-
ity of self-supervised features. We achieved competitive
performance on fine-grained (CUB-200), general (Mini-
ImageNet), and scene (SUN397) classification tasks, signif-
icantly outperforming baselines that lacked multi-view con-
sistency or model capacity.

Future work could explore the integration of more
complex projector architectures or the application of this
method to even larger datasets. Additionally, investigat-
ing the impact of different augmentation strategies for the
local views could further enhance fine-grained recogni-
tion capabilities. Finally, extending this analysis to semi-
supervised learning scenarios, where a small fraction of la-
bels is available during pretraining, remains a promising di-
rection.
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