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Abstract

In this paper, we mitigate the problem of Self-Supervised
Learning (SSL) for fine-grained representation learning,
aimed at distinguishing subtle differences within highly simi-
lar subordinate categories. Our preliminary analysis shows
that SSL, especially the multi-stage alignment strategy, per-
forms well on generic categories but struggles with fine-
grained distinctions. To overcome this limitation, we propose
a prototype-based contrastive learning module with stage-
wise progressive augmentation. Unlike previous methods,
our stage-wise progressive augmentation adapts data aug-
mentation across stages to better suit SSL on fine-grained
datasets. The prototype-based contrastive learning module
captures both holistic and partial patterns, extracting global
and local image representations to enhance feature discrim-
inability. Experiments on popular fine-grained benchmarks
for classification and retrieval tasks demonstrate the effec-
tiveness of our method, and extensive ablation studies con-
firm the superiority of our proposals. Codes are available at
https://github.com/SEU-VIPGroup/PAPN .

1. Introduction

Self-Supervised Learning (SSL) has become a cornerstone
in computer vision, empowering models to extract mean-
ingful features from vast amounts of unlabeled data [5, 14].
By leveraging pretext tasks [48] that capitalize on the in-
herent structure of the data, SSL facilitates the pre-training
of deep neural networks, mitigating the reliance on anno-
tated datasets. SSL has catalyzed substantial progress in
various computer vision applications, such as image classifi-
cation [2, 13, 55], image retrieval [34, 36, 44], object detec-
tion [23, 32, 51], and semantic segmentation [26, 42, 56].

*Corresponding author. This work was supported by National Nat-
ural Science Foundation of China under Grant (62522602, 62272231,
62172222), CIE-Tencent Robotics X Rhino-Bird Focused Research Pro-
gram, and the Fundamental Research Funds for the Central Universities
(4009002401). This research work is supported by the Big Data Computing
Center of Southeast University.

However, despite its effectiveness in generic category
recognition, SSL faces significant challenges when applied
to fine-grained visual representation learning (FGVR) [31,
45, 46, 50, 57]. FGVR requires the identification of minute
details and subtle nuances, such as the slight differences in
a bird’s beak or the texture of a car’s finish-details that are
often overlooked by more generalized methods of SSL. Al-
though recent advancements in SSL, such as the multi-stage
alignment strategy [17, 54], which aims to align features
generated at different stages of the query encoder and the
key encoder, has shown promise in enhancing SSL, its effec-
tiveness in fine-grained scenarios remains an open question.

Our preliminary experiments revealed that while multi-
stage alignment excelled with generic datasets like Caltech-
256 [10], its performance markedly deteriorated with fine-
grained datasets such as CUB200 [40], exacerbating the
disparity between self-supervised and supervised training
outcomes. Further investigation indicated that the root cause
lies in the data augmentation strategy employed in multi-
stage alignment, which is not suitable for the fine-grained
setting. Specifically, the semantic information within embed-
dings at shallow stages is prone to distortion due to strong
data augmentation, leading to semantic misalignments and a
subsequent decline in SSL performance.

Based on the aforementioned findings, we propose the
Progressive Augmentation Prototype-based Network (PAPN)
method, which consists of two core components: Stage-
wise Progressive Augmentation (SPA) and Prototype-based
Holistic-Partial Contrastive Learning (PHP). Since the data
augmentation used by multi-stage alignment fails to main-
tain semantic consistency in fine-grained settings, the SPA
module implements a progressive augmentation that uses
different augmentation intensities for different stages to pre-
serve semantic information, thereby enhancing SSL perfor-
mance. Additionally, recognizing the critical importance
of fine-grained object parts, such as a bird’s head or tail,
which are often overlooked by existing SSL methods, the
PHP module uses prototype clustering to capture and model
these parts end-to-end. This enables holistic-partial SSL, sig-
nificantly enhancing the discriminative power of the learned
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representations. Collectively, these two modules alleviate
the problem of semantic misalignment and improve the ef-
fectiveness of SSL on FGVR tasks.

To evaluate our method, we conduct extensive experi-
ments using popular fine-grained benchmarks, including
CUB200 [40], Cars [20], Aircraft [27] and iNat2019 [1].
Quantitative results of classification and retrieval accura-
cies on these datasets show that the proposed PAPN method
consistently and significantly outperforms existing state-of-
the-art methods. Ablation studies of the crucial modules
in PAPN also validate their individual effectiveness. Fur-
thermore, qualitative visualization results confirm that our
method successfully extracts distinct part information from
images, reinforcing the effectiveness of our method.

In summary, our work has a threefold contribution:
• We identify the failure of SSL on fine-grained datasets,

mitigating the challenge of self-supervised fine-grained
visual representation learning.

• We propose the Progressive Augmentation Prototype-
based Network method, comprising two pivotal mod-
ules: Stage-wise Progressive Augmentation and Prototype-
based Holistic-Partial Contrastive Learning.

• We conduct experiments on multiple fine-grained datasets,
validating the effectiveness of the proposed method from
both quantitative and qualitative perspectives.

2. Related Work
2.1. Self-Supervised Contrastive Learning
Self-supervised learning (SSL) [12] is a popular technique
for learning representations from unlabeled data, with con-
trastive learning (CL) becoming a dominant method [4, 11,
28]. The process of CL can be abstracted as a dictionary
query task [14], where the core idea is to attract the query to
its positive keys while repelling it from negative samples.

During training, a sample is selected from the dataset and
embedded as q by an encoder fq . An augmented version of
this sample is embedded as k+ by another encoder fk, serv-
ing as the positive view. All other key embeddings within
the same batch are considered negative samples. The goal is
to train the model to learn a representation that effectively
discriminates between positive and negative samples.

Based on this idea, recently, several methods such as Sim-
CLR [5], MoCo [14], and MoCo v2 [7] have been proposed,
achieving results on ImageNet [9] that are comparable to
state-of-the-art supervised methods. SimCLR [5] utilized
negative samples that coexist within the current batch, which
necessitated a large batch size for effective performance. In
contrast, MoCo [14] introduced a queue-based mechanism
to maintain a queue of negative samples, and it employed
a momentum encoder for one of the branches, thereby en-
hancing the consistency of negative samples. Building upon
MoCo, MoCo v2 [7] demonstrated that the quality of learned

representations can be significantly improved by selecting
robust pretext tasks and employing suitable augmentations.

Although existing contrastive learning methods have
demonstrated reasonable performance on generic datasets,
they still face challenges in learning discriminative represen-
tations in fine-grained settings, which can be attributed to
the “coarse-grained bias” mentioned in previous works [8].

2.2. Fine-Grained Visual Representation Learning
Fine-grained visual representation learning (FGVR) [45]
focuses on learning discriminative features to distinguish
between visually similar subordinate categories. Traditional
supervised approaches achieve this by explicitly localizing
discriminative parts [39, 49], encoding higher-order feature
statistics via models like Bilinear CNNs [24, 25], or incor-
porating external information [15].

However, these supervised methods are constrained by
their reliance on costly fine-grained labels. To mitigate
this, recent self-supervised FGVR methods have been de-
veloped [38, 43, 47]. A common strategy is to leverage
”prior knowledge” for guidance. For instance, LCR [38]
and LDF [43] utilize attention maps from Grad-CAM [33]
as pseudo-supervision to direct the model’s focus toward
relevant regions, while CVSA [47] aligns features with pre-
trained saliency detectors.

In contrast to these methods that require saliency or CAM
maps as “prior knowledge”, our method does not rely on any
such external guidance. Instead, it focuses on redesigning
the data augmentation strategy and employs holistic-partial
contrastive learning to directly enhance the self-supervised
fine-grained visual representation capability.

3. Preliminary Results
Observations Presently, the majority of CL methods [5,
6, 11, 14] concentrate on attracting positive views while
repelling negative samples on a hypersphere, thereby in-
creasing the angular separation between different samples to
improve model performance [41]. Additionally, several re-
cent studies [17, 54] have adopted the strategy of multi-stage
alignment. This strategy focuses on aligning features across
various stages of the encoders fq and fk, thereby enhancing
the representational power of CL. To empirically evaluate
the impact of multi-stage alignment on CL, we conducted an
experiment comparing supervised training with the widely
used contrastive learning method MoCo v2 [7] on the generic
dataset Caltech-256 [10].

To assess the separation of representations in CL, we
calculate the average angle between the normalized embed-
dings of each sample and all other samples throughout the
training process. The results are depicted in Figure 1a. On
the generic dataset, both supervised training and MoCo v2
showed a gradual increase in the average angle over the
course of training, with a negligible final difference between
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(a) Training on Caltech-256.
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(b) Training on CUB200.

Figure 1. The average angle between embeddings of different samples on the generic dataset Caltech-256 and the fine-grained dataset
CUB200. The vertical axis ranges from 0 to 180 degrees. Multi-stage alignment proves beneficial for enhancing MoCo v2 on the generic
dataset but encounters challenges on the fine-grained dataset. Our proposed Stage-wise Progressive Augmentation (SPA) module effectively
alleviates this issue, as detailed in Section 4.

them. This suggests that, in CL, the embeddings of differ-
ent samples are repelled on a hypersphere, underscoring the
efficacy of CL. Notably, when multi-stage alignment was
incorporated into MoCo v2, the difference between super-
vised and contrastive learning was further reduced and even
surpassed the supervised level during the final epochs, in-
dicating the effectiveness of multi-stage alignment on the
generic dataset. These findings raised a question: Is us-
ing multi-stage alignment equally effective in enhancing
MoCo v2 on fine-grained datasets?

As shown in Figure 1b, when the same methods were
applied to fine-grained datasets such as CUB200 [40], the re-
sults diverged significantly. For MoCo v2, the average angle
curve was markedly lower compared to that of supervised
training, with neither the value nor the growth rate being
comparable. This phenomenon aligns with the concept of
“coarse-grained bias”, an issue well-documented in previous
works [8, 16]. However, interestingly, unlike observations
on the generic dataset, multi-stage alignment did not en-
hance the performance of MoCo v2 but instead resulted in
a decline. That is, when dealing with fine-grained images,
multi-stage alignment not only failed to increase the angle of
different samples on a hypersphere but instead encouraged
them to cluster closely. This overarching observation begs
the pivotal question: What are the root causes that lead to
the failure of multi-stage alignment on fine-grained data?

Conjecture & Discussions In fine-grained settings, small
sample differences result in small angles between embed-
dings on a hypersphere, making them prone to semantic mis-
alignment under strong data augmentation. Recent studies,
like [16], also emphasize the importance of data augmenta-
tion for CL, especially in fine-grained scenarios. Thus, we

Algorithm 1 Linear Augmentation Pseudocode
Input: Intensity s of data augmentation; Input image img.
Output: Augmented image aug img.
1: BEGIN
2: Initialize augmentation sequence:
3: # s ∈ [0, 1], representing the intensity of augmentation.
4: RandomResizedCrop(size=224, scale=(1.0− 0.8s, 1.0))
5: RandomGrayscale(probability=0.2s)
6: ColorJitter(params=(0.2s, 0.2s, 0.2s, 0.1s), probability=0.8s)
7: GaussianBlur(sigma=(0.1s, 2.0s), probability=0.5s)
8: RandomHorizontalFlip()
9: ToTensor()

10: Normalize(mean, std)
11: aug img ← Apply augmentation sequence to img
12: RETURN aug img
13: END

conjecture: Does the data augmentation strategy used by
multi-stage alignment alter semantic information at different
stages, thereby impeding CL?

To substantiate this hypothesis, we conducted an experi-
ment on the CUB200 dataset, involving the application of a
set of increasing data augmentation intensities at different
stages of the backbone to explore semantic changes.

Firstly, we define qs
l as the pooled query vector from the l

stage of the encoder fq , and ks
l as the positive view from fk.

The variable s represents the intensity of data augmentation
applied to the input image, where s ∈ [0, 1]. At s = 0,
the augmentation includes only horizontal flipping. As s
increases within (0, 1), we linearly enhance augmentation
hyperparameters, such as the probability of ColorJitter, to
achieve intermediate augmentation levels. At s = 1, the
augmentation is equivalent to the original MoCo v2, rep-
resenting the strongest augmentation level. The details are
shown in Algorithm 1.
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Figure 2. The average angle between embeddings and their positive
views, generated by different stages of fq and fk. The horizontal
axis represents a set of incremental augmentations defined in Sec-
tion 3. As the intensity of augmentations increases, the average
angles at different stages steadily rise.

Subsequently, we utilize ResNet-50 [13] as the encoder
for both fq and fk, focusing on the last three stages,
i.e., stages 2, 3, and 4. We denote a set of incremen-
tal augmentations as {ϕ0, ϕ1, ϕ2, ϕ3, ϕ4, ϕ5}, where ϕi =
{{q0.2i

2 ,k0.2i
2 }, {q0.2i

3 ,k0.2i
3 }, {q0.2i

4 ,k0.2i
4 }}. For each ϕi,

we randomly select 5,000 training images to compute the av-
erage angle between q0.2i

j and k0.2i
j for j ∈ {2, 3, 4}. Note

that, unlike Figure 1, we calculate the angle between em-
beddings of the sample and their positive views, rather than
the sample and other samples. The results are illustrated in
Figure 2. It can be clearly observed that, as data augmenta-
tion was continuously enhanced, the average angle across all
stages increased steadily. This indicates that there are vary-
ing degrees of semantic shift between qs

l and ks
l produced

by each stage. Moreover, it was worth noting that for deep
stages, the change amplitude was small, while for shallow
stages, the change amplitude was drastic, which reflected the
characteristics of CNNs: Deeper stages exhibit the stronger
capacity for abstracting semantic information, making them
more tolerant to augmentation than shallower stages [53].

Under the fine-grained setting, multi-stage alignment
aligns qs

l and ks
l across different stages to enhance CL. How-

ever, the experimental result indicates that when the positive
view is augmented using MoCo v2’s data augmentation, de-
noted as ϕ5, the semantic offset between qs

l and ks
l at the

shallow stage becomes significant, leading to a semantic mis-
alignment. This confirms our conjecture. Moreover, from
the perspective of Expectation Maximization (EM) optimiza-
tion [22], this misalignment hinders k+ from acting as the
positive view to q. Consequently, the model attempts to pull
q towards the negative samples k−, which misguides the
optimization process and consequently degrades the model’s
performance. We provide more mathematical details in the
supplementary material.

To ensure semantic consistency during multi-stage align-
ment, we propose a novel Stage-wise Progressive Augmenta-
tion (SPA) module. This module employs varying intensities

of data augmentation at different stages to obtain qs
l and

ks
l for semantic alignment. The detailed implementation is

described in Section 4.1. Upon applying this method, as
illustrated by “MoCo v2 with our SPA” in Figure 1b, the
average angle exhibited a steady increase, thereby alleviating
the problem and validating our module’s effectiveness.

4. Methodology

Building on the conjecture presented in Section 3, we in-
troduce the Progressive Augmentation Prototype-based Net-
work (PAPN), which comprises two pivotal modules: Stage-
wise Progressive Augmentation (SPA) and Prototype-based
Holistic-Partial Contrastive Learning (PHP). SPA is designed
to ensure the semantic consistency of each stage in encoders
fq and fk during semantic alignment. Furthermore, acknowl-
edging the critical role of local parts in fine-grained im-
ages [16], PHP employs prototype clustering to extract part
information and implements holistic-partial contrastive learn-
ing to enhance the efficacy of contrastive learning. Detailed
descriptions are provided in Figure 3.

4.1. Stage-wise Progressive Augmentation
Preliminary results in Section 3 indicate that the data aug-
mentation strategy employed by multi-stage alignment can
alter semantic information at various encoder stages. To
mitigate the risk of semantic deviation caused by inappro-
priate augmentation, we introduce a novel progressive aug-
mentation strategy in this module. This strategy ensures
semantic consistency at different stages during the training
process. Subsequently, we apply stage-wise semantic align-
ment across stages, thereby enhancing the performance of
contrastive learning.

Progressive Augmentation As discussed in Section 3,
different training stages exhibit varying tolerance to data
augmentation. To prevent semantic shifts that could occur
from applying inappropriate augmentation, we implement
progressive augmentation during the training process.

Formally, let us assume that the backbone f consists of
L stages. Here, we consider the outputs of the last T stages.
We follow the symbols qs

l and ks
l defined in Section 3, where

l ∈ {L − T + 1, L − T + 2, . . . , L}, s denotes the inten-
sity of data augmentation, and qs

l ∈ RCl , where Cl is the
number of output channels at the l stage. To accommodate
varying augmentation tolerances at different stages shown in
Figure 2, we define a set of progressively increasing values
{s1, s2, . . . , sT } to represent the intensity of data augmenta-
tion as each stage deepens.

During training, we first start with the small-
est value s1 in {s1, s2, . . . , sT } to obtain the pair
{qs1

L−T+1,k
s1
L−T+1} at the L − T + 1 stage, and then

progressively use the increased values in {s1, s2, . . . , sT }
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Figure 3. Overview of the proposed Progressive Augmentation Prototype-based Network (PAPN) method, which integrates two pivotal
modules: Stage-wise Progressive Augmentation (SPA) and Prototype-based Holistic-Partial Contrastive Learning (PHP). The pink branch
depicts the query encoder fq , while the blue branch represents the key encoder fk. In the Prototype Clustering, xi denotes the descriptor
from the last stage of the encoder, pi represents the learnable prototype, ai signifies the corresponding part feature, and the gray circle
indicates the dot product following ℓ2 normalization.

to obtain pairs produced by deeper stages (such as
{qsT

L ,ksT
L }). This process yields a set of pairs β =

{{qs1
L−T+1,k

s1
L−T+1}, {q

s2
L−T+2,k

s2
L−T+2}, . . . , {q

sT
L ,ksT

L }}.
The goal is to align {qsi

L−T+i,k
si
L−T+i} for i range from

1 to T semantically, thereby enhancing the consistency
between the features extracted by fk and fq .

Compared to the original strategy, which uses the same
intensity for augmentation across all stages, our progressive
augmentation strategy enables the model to mitigate the se-
mantic inconsistency problem, particularly when features are
semantically aligned, especially in fine-grained scenarios.

Stage-wise Semantic Alignment The purpose of CL is to
attract embeddings and their positive views while repelling
embeddings of different samples on a hypersphere. To nar-
row the distance between embeddings and their positive
views, we perform a comprehensive alignment of the output
at each stage, thereby significantly enhancing the perfor-
mance of contrastive learning.

Concretely, we aim to impose an alignment loss
between pairs β obtained by the progressive augmenta-
tion strategy. To this end, we introduce a simple fully
connected layer gqL−T+i at the L − T + i stage that
takes the qsi

L−T+i as input and reduces it to a vector
zq
L−T+i of dimension D, similar to the layer gkL−T+i and

the vector zk
L−T+i. Following that, the set β becomes

{{zq
L−T+1, z

k
L−T+1}, {z

q
L−T+2, z

k
L−T+2}, . . . , {z

q
L, z

k
L}}.

To ensure that zq
L−T+i is as close as possible to zk

L−T+i,
thereby enhancing the data augmentation invariance of
contrastive learning at different stages, we use the MSE loss
to align these features as follows:

LSPA =

T∑
i=1

||ẑk
L−T+i − ẑq

L−T+i||
2
2 , (1)

where ẑ = z/||z||2.

4.2. Prototype-based Holistic-Partial Contrastive
Learning

Object parts, such as the red head and dotted tail of a bird,
play a pivotal role in the characterization of fine-grained vi-
sual objects [45]. The ability to capture these discriminative
parts and derive powerful part-level features is essential for
accurate fine-grained self-supervised learning. In our work,
we leverage the concept of prototype clustering to identify
different parts of the image in the latent space and then
implement fine-grained contrastive learning by combining
whole-level and part-level features.

Prototype Clustering For an input sample, when it is fed
into an L-stage CNN model, we can obtain an output tensor
XL ∈ RH×W×C at the last layer, where H , W , and C de-
note the height, width, and number of channels, respectively.
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This tensor can also be interpreted as a set of HW deep
feature descriptors, denoted as XL = [x1,x2, . . . ,xHW ],
where xi ∈ RC . Subsequently, to cluster these deep feature
descriptors, we introduce N learnable prototypes, denoted as
P = [p1,p2, . . . ,pN ], where pi ∈ RC . These prototypes
are used to group the descriptors into N clusters, which are
shared across all categories. Mathematically, we first normal-
ize both XL and P to calculate the cosine similarity matrix
M between them, as follows:

M = P̂⊤X̂L , (2)

where P̂ = [p̂1, p̂2, . . . , p̂N ] and p̂i = pi/||pi||2, similar
to X̂L. Each element mij of the matrix M lies within the
range [0, 1] and represents the similarity between the proto-
type pi and the descriptor xj . This can be conceptualized as
a clustering process. However, unlike traditional clustering
methods, we do not assign each descriptor xj to a specific
cluster to avoid an empty cluster. Instead, we use the simi-
larities in M to compute a weighted sum of the descriptors,
resulting in N vectors that represent the part information.

A = XLM
⊤ = [a1,a2, . . . ,aN ] . (3)

At last, we average the matrix A to fuse these part features
for contrastive learning.

vpart =

∑N
i=1 ai

N
. (4)

Holistic-Partial Contrastive Learning In addition to
leverage part-level information, we also use the features
produced by the last T stages after pooling to derive the
whole-level feature vwhole, and then concatenate the vwhole

and vpart to get vwp, which integrates both holistic and partial
information of the image:

vwhole = [pool(XL−T+1); . . . ; pool(XL)] , (5)

vwp = [vwhole;vpart] . (6)

After that, vwp is projected as qwp by the projct layer projq
or projected as kwp by projk. Then qwp and kwp are used
to perform holistic-partial contrastive learning by extending
the original InfoNCE loss function [14] as:

LPHP = − log
exp(qwp · kwp

+ /τ)∑K
i=0 exp(q

wp · kwp
i /τ)

, (7)

where τ is a temperature hyper-parameter, vwp
q is the feature

of the query image and vwp
k is the feature of the key image.

4.3. Loss Function
Overall, the proposed PAPN method is end-to-end trainable
by considering Eqn. (1), Eqn. (7) as:

L = LSPA + LPHP , (8)

where the trade-off parameters between these terms are uni-
formly set to 1, underscoring the non-tricky and practical
nature of our method.

5. Experiments

In this section, we evaluate the performance of the propose
method on four fine-grained image datasets: Caltech UCSD-
Birds (CUB200) [40], Stanford Cars (Cars) [20], FGVC-
Aircraft (Aircraft) [27], and iNaturalist 2019(iNat2019) [1].
Our experiments aim to understand the effectiveness and the
components of our method.

5.1. Settings

Implementation Details We adopt ResNet-50 [13] as the
network backbone, which comprises four stages. For a fair
comparison, we follow the settings described in [38], initial-
izing the backbone with ImageNet-1k pretrained weights for
all methods listed in Table 1. Our approach is built upon
MoCo v2, with the momentum value and memory size set
to 0.999 and 4096, respectively. The projector head in our
method consists of two fully-connected layers, each followed
by ReLU activation [21] and batch normalization [18], with
an output dimension of 256. The temperature parameter is
set to 0.15. We set the mini-batch size as 128 and used an
SGD optimizer with a learning rate of 0.03, a momentum
of 0.9 and a weight decay of 0.0001. 100 epochs are used
to train the feature extractor. The number of prototypes N
for clustering is set to 5. We set T = 3 to select the last
three stages for stage-wise progressive augmentation, with
{s1, s2, s3} set to {0.45, 0.7, 0.95} for all datasets, and the
reduction dimension D of g is set to 128. During training,
the images from the datasets are resized to 224×224. During
testing, images are first resized to 256 pixels and then are
center cropped to 224×224.

Evaluation Protocols We evaluate the proposed method
in two primary settings: linear probing classification and
image retrieval. Linear probing classification [30, 38] is
a widely adopted evaluation protocol in SSL, where the
backbone trained via SSL is fixed, and a linear classifier
is subsequently trained on top of the learned features. The
classification performance of this linear classifier serves as
an indicator of the quality of the learned representations.
Image retrieval [43] is another critical method for assessing
the effectiveness of representation learning, which can also
be viewed as a nearest-neighbor classification task. This
task aims to find images belonging to the same category as
the query images based on the learned features. We report
three common metrics: top-1 accuracy for linear probing
classification, rank-1 and rank-5 accuracy for image retrieval.

4130



Table 1. Performance comparison of various methods on classification and retrieval tasks. The results include top-1 classification accuracy
(in %), as well as rank-1 and rank-5 retrieval accuracies (in %). All results of baselines except DINOv2 are reported in [38, 43]. ResNet-50†:
Indicates the use of ImageNet-1k pretraining weights, where the backbone is frozen and only the linear classifier is fine-tuned. DINOv2∗:
Results reproduced using the official implementation adapted for ViT-S, with weights pre-trained on ImageNet-1k for a fair comparison.

Methods
Classification Retrieval

CUB200 Cars Aircraft
CUB200 Cars Aircraft

rank-1 rank-5 rank-1 rank-5 rank-1 rank-5
ResNet-50† 63.06 61.41 49.79 40.39 68.94 29.28 54.66 29.48 51.39
supervised 77.46 88.60 85.93 74.43 90.99 80.54 94.35 74.16 90.47

SimSiam [6] 46.75 45.72 38.52 16.24 - 12.45 - 18.49 -
MoCo v2 [7] 63.98 62.02 51.13 39.72 67.14 30.51 56.15 30.02 52.87
LEWEL [17] 64.59 62.91 51.90 39.91 - 32.36 - 31.09 -

ContrastiveCrop [29] 64.23 63.29 52.04 39.84 - 32.71 - 30.37 -
SAM-SSL-Bilinear [37] 64.94 62.85 52.83 40.08 - 33.19 - 30.52 -

BarlowTwins [52] 33.45 31.91 34.77 - - - - - -
VICReg [3] 37.78 30.80 36.00 - - - - - -
LCR [38] 65.24 63.96 53.22 41.26 - 34.74 - 31.55 -

DINOv2∗ [28] 66.02 64.47 54.67 41.65 70.28 34.01 57.12 32.79 57.64
LDF [43] 66.17 65.60 55.28 42.06 69.59 35.81 61.94 33.27 56.80
Our PAPN 69.93 67.48 60.13 45.39 72.81 35.98 59.94 35.13 58.75

5.2. Main Results
Comparison with Previous Results. As shown in Table 1,
our method achieves state-of-the-art performance across both
classification and retrieval tasks on the CUB200, Cars, and
Aircraft datasets. Notably, it outperforms the strongest base-
line, LDF, in classification accuracy, with significant gains
observed particularly on fine-grained distinctions. These
improvements underscore the effectiveness of our approach
in capturing subtle inter-class variations, which are critical
for fine-grained recognition.

Our method also demonstrates robust performance in re-
trieval tasks, achieving consistent rank-1 and rank-5 accuracy
improvements across all datasets. By leveraging a hyper-
sphere embedding strategy, our model effectively attracts
similar samples while repelling dissimilar ones in the latent
space, leading to more discriminative representations. This
design is particularly advantageous for handling both rigid
objects (Cars, Aircraft) and non-rigid objects (CUB200),
showcasing its versatility and practical applicability in real-
world scenarios where labeled data is scarce.

Performance on the Large-Scale Dataset. We further
evaluate our method’s performance on a large-scale dataset
and its adaptability when the source dataset for pretraining
differs from the target evaluation dataset. To this end, we pre-
train our method and competitive baselines on iNat2019 and
evaluate performances on downstream fine-grained datasets.
As shown in Table 2, our method consistently achieves
strong results, highlighting its robustness and generalizabil-
ity. These findings confirm the effectiveness of our method,
even when scaling to large datasets or transferring knowl-
edge across domains.

5.3. Ablation Studies
Key Modules We validate the proposed modules through
ablation studies on the CUB200 dataset. Table 3 summarizes
the results for key components, with baseline (#1) represent-
ing MoCo v2. Introducing SPA (#2 vs. #1) significantly
improves classification and retrieval accuracy, attributed to
its stage-wise semantic alignment. Adding PHP (#3 vs. #1)
further enhances performance by capturing whole- and part-
level features for holistic-partial contrastive learning. Finally,
integrating SPA and PHP (#4 vs. #1) achieves the best results,
leveraging both modules for superior FGVR performance.

Intensity of Data Augmentation We investigate the im-
pact of varying augmentation intensities defined in Sec-
tion 4.1, as shown in Table 4. Initially, we set s2 = 0 and
s3 = 0, then increase s1. The best performance is achieved
at s1 = 0.45, with further increases degrading accuracy.
Next, keeping s1 = 0.45 and s3 = 0, we vary s2, finding
its optimal value to be 0.70. Finally, with s1 = 0.45 and
s2 = 0.70 fixed, we vary s3, determining its optimal value
as 0.95. Results indicate that shallow stages (s1) are highly
sensitive to augmentation, showing significant accuracy fluc-
tuations, while deep stages (s3) are more robust, tolerating
higher intensities with minimal accuracy loss. These findings
align with the observations in Section 3.

Number of Stages To examine the impact of stage selec-
tion on model performance, we vary T , the number of final
stages selected from encoders. The left part of Figure 4a
shows that as T increases, the performance improve steadily,
peaking at T = 3. However, further increasing T to 4 de-
grades performance, indicating that shallower stages may
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Table 2. Performance of methods on the large-scale dataset. We pretrain all methods on the training set of iNat2019 and evaluate them on
different downstream fine-grained datasets. Top-1 classification accuracies (in %) are reported. The results of baselines are supplemented
using the official implementations.

Methods Source Datasets
Evaluation Datasets

iNat2019 val CUB200 test Cars test Aircraft test
MoCo v2 [6] iNat2019 train 43.23 36.66 37.62 30.63
DINOv2 [28] iNat2019 train 46.90 53.14 47.42 38.73

Our PAPN iNat2019 train 48.35 53.83 49.78 40.47

Table 3. Top-1 classification accuracy (in %) and rank-1, rank5
retrieval accuracy (in %) of different configs in ablation studies.

Configs SPA PHP
CUB200

top-1 rank-1 rank-5
#1 63.98 39.72 67.14
#2 ✓ 67.65 43.77 71.34
#3 ✓ 67.91 43.31 70.70
#4 ✓ ✓ 69.93 45.39 72.81

Table 4. Comparisons of different values of set {s1, s2, s3}. Top-1,
rank-1 and rank-5 accuracies (in %) are reported.

# {s1, s2, s3}
CUB200

top-1 rank-1 rank-5
{0.40, 0.00, 0.00} 66.46 42.10 70.70
{0.45, 0.00, 0.00} 67.37 43.51 71.43
{0.50, 0.00, 0.00} 66.72 42.12 70.95
{0.45, 0.60, 0.00} 67.63 44.36 71.58
{0.45, 0.70, 0.00} 68.24 44.55 71.91
{0.45, 0.80, 0.00} 67.82 44.27 71.67
{0.45, 0.70, 0.80} 68.08 45.15 72.17
{0.45, 0.70, 0.95} 69.93 45.39 72.81
{0.45, 0.70, 1.00} 68.41 44.72 72.69

contain less task-relevant information.

Number of Prototypes In the PHP module, deep descrip-
tors are grouped into N prototypes. As shown in the right
part of Figure 4b, varying N impacts performance. With
N = 2, descriptors are categorized into foreground and back-
ground, achieving 66.29% accuracy. Performance improves
significantly at N = 5, but larger values lead to diminishing
returns or even declines, likely due to over-parameterization.

5.4. Visualizing Part Localizations
To visualize part localizations from prototype clustering,
we compute the similarity between each part vector ai and
descriptors [x1, . . . ,xHW ], averaging and normalizing these
values into a heatmap in the range [0, 1]. The heatmap is
interpolated to match the original image size. As shown in
Figure 5, the model highlights specific parts (e.g., bird heads
and wings, airplane engines and tails, car wheels and bodies),
effectively capturing diverse part details for both rigid and
non-rigid objects, demonstrating the method’s effectiveness.
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Figure 4. Ablation studies analyzing the effects of the number of
stages and prototypes on CUB200. Top-1 classification accuracies
(in %) are shown.
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Figure 5. Visualization of part localizations on three datasets.

6. Conclusion
This study mitigated the problem of SSL for FGVR, partic-
ularly the multi-stage alignment strategy, which excels on
generic datasets but struggles with fine-grained distinctions.
We proposed the Progressive Augmentation Prototype-based
Network (PAPN) method for fine-grained representation
learning under self-supervised settings. PAPN introduced
a progressive augmentation strategy that adapts to varying
levels of augmentation tolerances at different stages, thereby
maintaining semantic consistency throughout the process of
stage-wise alignment. Furthermore, by leveraging prototype
clustering to model object parts, PAPN generated both
global and local features for holistic-partial contrastive
learning, which in turn enhances the discriminability of
the learned representations. Experiments on multiple
fine-grained datasets validated the effectiveness of our
method and its components. Future work will explore
the effectiveness of PAPN for visual language mod-
els [35] and other downstream generative applications [19].
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