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Abstract

Recent studies have revealed Neural Collapse (NC) in deep
classifiers, where last-layer weights and features align into
an equiangular tight frame (ETF), concentrating class infor-
mation along specific embedding directions. However, con-
ventional fine-tuning typically disregards this structure, ini-
tializing task-specific classifier heads randomly. To explicitly
leverage this phenomenon, we propose a simple yet effec-
tive method for metric learning: (1) initializing the classifier
head along each class’s NC direction from a pretrained model
to preserve the emergent structure, and (2) injecting small
isotropic Gaussian noise during finetuning to boost general-
ization. In addition, we provide a theoretical bound proving
that our method explicitly reduces cumulative weight drift
from the NC-initialization, compared to standard finetuning.
This suggests that our method better preserves the pretrained
model’s class-specific structure. Empirically, this structural
preservation yields Recall@K gains: reduced weight drift
correlates with better performance. Concurrent decreases in
the Neural Collapse 1 (NC1) measure confirm that stronger
intra-class cohesion underlies these improvements. Further-
more, we validate the effectiveness of our method on class-
imbalanced benchmarks.

Introduction
Deep neural classifiers using softmax and cross-entropy loss
exhibit a phenomenon called Neural Collapse (NC) (Papyan,
Han, and Donoho 2020). Class features converge to their
means, forming a simple geometric structure known as an
equiangular tight frame (ETF) (Zhu et al. 2021). Moreover,
pretrained classifiers exhibit NC, which has been exploited
in transfer learning for generalization bounds and transfer-
ability (Galanti, György, and Hutter 2022; Li et al. 2022;
Wang et al. 2023c). However, despite these promising de-
velopments, this emergent geometry remains largely under-
utilized in downstream tasks such as deep metric learning.

Metric learning (Nie et al. 2023; Yan, Hui, and Li 2023;
Wang et al. 2023b) aims to learn an embedding space where
similar samples are close and dissimilar ones are far apart.
This paradigm has been effectively applied to various tasks,
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(a) NC-Init with PI (b) Motivational Illustration

Figure 1: (a) Our Method: Initializing with collapsed di-
rections leverages transferable structure, while perturbations
promote broader utilization of the feature space. (b) Motiva-
tion: (Top left) Neural collapse leads pretrained features to
converge along class-specific directions, resulting in feature
collapse on fine-grained data. (Top right) Random initial-
ization misaligns feature representations, thereby underuti-
lizing the transferable structure learned during pretraining.
(Bottom right) Our method preserves the transferable struc-
ture for coherent downstream clustering.

including face recognition (Yi et al. 2014; Liu et al. 2017),
image retrieval, and clustering (Movshovitz-Attias et al.
2017; Kim et al. 2020). Among various approaches, proxy-
based methods using classification loss offer strong perfor-
mance in enhanced training stability and Recall@k (Zhai
and Wu 2019). This has shown effectiveness on fine-grained
domain-specific datasets such as CUB (Wah et al. 2011) and
CAR (Krause et al. 2013), which are considered subsets of
broader datasets like ImageNet (Deng et al. 2009). Notably,
metric learning typically builds on pretrained models trained
on large-scale broader datasets, whose final layers exhibit
NC. However, this emergent geometry is rarely leveraged in
metric learning, which still commonly rely on randomly ini-
tialized heads, while prior works have incorporated NC as an
inductive bias during training (Zhu et al. 2021; Yang et al.
2022; Kasarla et al. 2022).

To address this oversight, we analyze features extracted
from fine-grained datasets using a model pretrained on Ima-
geNet, and report two key observations on how the collapsed
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features of the pretrained model are inherited:

• Observation 1. Intra-class Collapse: The embedded fea-
tures from one class of the fine-grained dataset are al-
ready tightly concentrated into its class mean—a direct
consequence of NC—even before additional finetuning.

• Observation 2. Inter-class Collapse: Due to the nature
of domain similarity of fine-grained dataset, the princi-
pal component of embeddings of different classes tend to
exhibit high angular similarity.

These two observations motivate two key design princi-
ples in Fig.1(a). First, by initializing the downstream clas-
sifier head along the collapsed directions extracted from a
pretrained backbone as Observation 1, we fully leverage the
rich, transferable structure learned on large-scale data. How-
ever, NC-informed initialization (NC-Init) alone can leave
embeddings confined to a narrow concentrated region, due
to Observation 2. Second, to address this, we introduce small
Perturbation Injection (PI) at each update. This perturba-
tion encourages exploration beyond the concentrated regions
of the feature space, leading to more generalizable represen-
tations (He, Rakin, and Fan 2019; Lim et al. 2021).

We claim that our proposed method preserves transfer-
able structure and induce coherent downstream clustering,
as depicted in Fig.1(b). To support this, we empirically con-
firm that both the drift between initial and final weights (Ta-
ble 3), indicating preservation of transferable structure, and
the NC1 measure (Fig. 5), indicating coherent downstream
clustering, are consistently reduced. Moreover, these reduc-
tions jointly correlate with improved Recall@k.

Moreover, we theoretically show in Theorem 1 that the
hyperparameter of our method offer precise control over cu-
mulative drift during finetuning. Specifically, small pertur-
bations anchor the weights to the NC-initialization, max-
imizing utilization of the pretrained information, whereas
large perturbations allow for broader exploration of the fea-
ture space. This interpretable mechanism enables a control-
lable trade-off between preserving pretrained information
and encouraging feature space exploration.
Contributions and Novelty of Our Method
• We propose a novel metric learning method that, for the

first time, leverages and preserves the pretrained feature
structure by initializing classifier weights along NC di-
rections and introducing controlled perturbations.

• We derive a novel drift bound, providing the first theo-
retical characterization of weight drift in metric learning.
Our analysis shows that the proposed perturbation main-
tains strictly smaller deviation from pretrained weights
compared to standard finetuning.

• We empirically show that constrained drift promotes
stronger intra-class cohesion, preserving pretrained fea-
ture geometry and boosting performance, confirming
that maintaining pretrained geometry yields practical im-
provements in metric learning.

Related Work
Metric Learning for Embedding Space Smoothing. Deep
metric learning methods that smooth the embedding space

for clustering include techniques based on GANs (Lin et al.
2018), approaches employing multiple proxies with impor-
tance scoring (Qian et al. 2019), ensemble methods (Mil-
bich et al. 2020), and probabilistic methods using flow-
based models (Roth, Vinyals, and Akata 2022). Augmen-
tation has also been applied through transformation in im-
age space (Fu et al. 2021). Feature mixup (Gu, Ko, and Kim
2021; Venkataramanan et al. 2021; Ko and Gu 2020; Kalan-
tidis et al. 2020) allowed to use the embedding space contin-
uously. In contrast, our method employs perturbation injec-
tion to smooth the embedding space, under the guiding prin-
ciple of preserving as much of the pretrained model’s infor-
mation as possible. Inspired by noise injection (He, Rakin,
and Fan 2019; Lim et al. 2021), which injects noise into
network training, we apply small isotropic Gaussian pertur-
bations. This NC-Init+Perturbation strategy faithfully pre-
serves the pretrained model’s structural priors to smooth de-
cision boundaries and boost metric learning performance.

Neural Collapse. The NC phenomenon was first intro-
duced in (Papyan, Han, and Donoho 2020). In (Zhu et al.
2021), a geometric analysis of NC was conducted, and it was
studied under normalized conditions in (Yaras et al. 2022),
demonstrating that NC also arises in a normalized softmax
setting, like metric learning. In (Kasarla et al. 2022), perfor-
mance improvement and OOD stability were confirmed by
incorporating NC as a weight-based inductive bias. More re-
cent studies have extended NC to class-imbalanced learning
and analyzed its dynamics under cross-entropy loss (Zhang
et al. 2025; Dang et al. 2024), while others have exam-
ined NC’s role in transfer learning to derive generalization
bounds and insights into transferability (Galanti, György,
and Hutter 2022; Li et al. 2022; Wang et al. 2023c).

Unlike these methods, our approach introduces a novel
weight initialization strategy for metric learning classifiers
by leveraging the ETF properties of the pre-trained model.

Weight Initialization. To stabilize and accelerate train-
ing, various weight initialization methods (Balduzzi et al.
2017; Zhang, Dauphin, and Ma 2019; Schneider 2022) have
been proposed, highlighting their importance. Random ini-
tialization of neural networks was introduced in (Glorot and
Bengio 2010) and further refined in (He et al. 2015), be-
coming widely used in computer vision research. As shown
in (Aguirre and Fuentes 2019; Das, Bhalgat, and Porikli
2021; Yam et al. 2002; Duch, Adamczak, and Jankowski
1997), if the weights of the neural network represent data
clusters, they are well-suited for classification tasks and can
accelerate training. In particular, PCA-based initialization
of neural networks was proposed in (Seuret et al. 2017;
Krähenbühl et al. 2015; Gan et al. 2015). They attempted
to initialize weights more uniformly to mitigate vanishing
or exploding issues caused by miscalibrated weights.

Neural Collapse-Informed Initialization
with Perturbation Injection

We introduce Neural Collapse-Informed Initialization (NC-
Init) with Perturbation Injection (PI), a novel method that
leverages the structure induced by the NC phenomenon to
enhance class representation discriminability and improve
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Figure 2: Characterization of metric-learning benchmark embeddings. (a) Observation 1: Intra-class variance measured
for each dataset and compared against that of ImageNet; (b) Observation 2: Cosine similarity heatmap of the first principal
component from the pretrained model (indices 0–98: CAR, 99–198: CUB, 199–298: SOP, 299–398: ISC), showing strong
intra-dataset coherence. (c-d) t-SNE produced by a randomly initialized and ImageNet-1K pretrained networks, respectively.

the generalization performance of Deep Metric Learning
(DML) models. We first analyze NC in the features of
fine-grained datasets produced by a backbone pre-trained
on a large-scale, general dataset. We then present our ap-
proach in detail and theoretically demonstrate that it better
preserves the geometry of the pre-trained embedding.

Analysis of the NC Phenomenon

For our analysis in Figs.2 and 3, we used a ResNet-50 with
random initialization and ImageNet 1K pretraining. All ex-
periments were executed on an NVIDIA RTX 3090, Intel
Xeon 5218, and 128GB RAM with Ubuntu 18.04.

Observation 1: Intra-class collapse Fig.2(a) shows the
trace of average intra-class covariance measured for each
dataset compared to ImageNet. Each dataset exhibits lower
variance, indicating that the embedded class features in
fine-grained datasets are already tightly concentrated around
their class centroids before any additional finetuning.

Observation 2: Inter-class Collapse Fig.2(b) presents a
cosine similarity heatmap of the first principal component
for each class feature. Fig.2(c)(d) visualizes t-SNE embed-
dings of a random initialized network and an ImageNet-
pretrained network. The visualization confirms that the pre-
trained backbone already produces dataset-specific clusters
before any finetuning, although the clusters are not yet sep-
arable at the class level. These findings collectively indicate
the presence of inter-class collapse.

This can be explained by the influence of the pretrained
model: for example, if it includes a general class such as
“cat,” and the fine-tuning dataset contains subclasses like
“Persian,” “Ragdoll,” and “Siamese,” the resulting embed-
dings for these subclasses are likely to align along simi-
lar directions shaped by the original “cat”. To further sup-
port this, we include prediction histogram by the ImageNet-
pretrained model on the fine-grained datasets in Appendix.
We observed that most samples are inferred to a few Ima-
geNet classes that align with their domain.
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Figure 3: Analysis on Principal Components Space. We
select a target class and extract features from it and the
classes most similar and dissimilar to it. We then project
features into the principal component space of the far classes
for (a) the random network f0 and (b) the pretrained network
f1, where f1 exhibits both intra- and inter-class collapse.

Analysis on Principal Components Space We further
investigate these phenomena on the principal components
space from feature space of a randomly initialized model
(f0) and and an ImageNet-pretrained model (f1). We se-
lected a target class (No. 45 in CAR) and defined near and
far classes based on cosine similarity between their uncen-
tered first principal components and that of the target class.
We construct a projection space using the first principal di-
rections of far classes, expected to capture high between-
class variance for analyzing class separability, motivated by
Linear Discriminant Analysis. Fig.3 visualizes projections,
mirroring the patterns observed in Fig.2 (c)(d): the randomly
initialized model (f0) yields a scattered distribution, while
The pretrained model (f1) exhibits tight clustering with col-
lapsed intra- and inter-class variance. This PCA-based anal-
ysis further validates the NC-induced alignment and col-
lapse in the embedding space. Results on the remaining
datasets, exhibiting similar trends are in the appendix.

Brief Discussion Through the preceding analyses, we
confirmed that, given a domain-specific fine-grained dataset,
the pretrained embeddings tend to align and collapse along
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specific directions. Since these features inherently reflect the
pretrained model’s feature structure, we argue that randomly
initializing a new classification head and fine-tuning distort
the embedded features and degrade the underlying semantic
information. To preserve the NC-induced geometry, in the
next section, we propose NC-Init with PI for maintaining
robust, smooth representations that generalize effectively.

Proposed Method
We present our method, NC-Init+PI, for metric learning,
which explicitly leverages the pretrained neural collapse
geometry. NC-Init initializes the classifier weights along
equiangular tight-frame directions derived from a pretrained
model, effectively capturing the rich and transferable struc-
ture learned from large-scale data. To prevent overfitting
to the narrow region defined by NC-Init and to encourage
broader feature exploration, PI injects small isotropic Gaus-
sian noise at each update step. We further derive a theoret-
ical drift bound that guarantees limited cumulative weight
drift from the NC-initialized parameters, indicating that our
method preserves the pretrained structure while enabling ro-
bust and discriminative embedding learning.

Notations. We denote our features and labels of training
set by D = {(x, y)}, where x ∈ Rd is the d-dimensional
embedding, and y ∈ {1, . . . , C} is its class label. The fi-
nal classification head consists of weights {w1, . . . ,wC} ⊂
Rd, one for each class.We denote by wT

c the weight after T
noisy-gradient updates, and by w∗

c = argminw LNS(w) the
global optimum, where LNS is the loss defined in Eq.3.

NC-Init (Algorithm 1). We initialize classifier head w0
c

to the first principal component vc of its pretrained embed-
ding cluster. This NC-informed initialization anchors the
weights to meaningful directions, avoiding the abrupt and
arbitrary shifts of features from random initialization, which
can erode pretrained semantic information and cause feature
degradation.

PI (Algorithm 2). At each training step t, we add isotropic
Gaussian noise εt to the proxies before computing gradients:

w̃t
c = wt

c + εt, εt ∼ N (0, σ2I),

wt+1
c = wt

c − η∇LNS

(
w̃t

c; {xi, yi}
)
,

(1)

where η > 0 is the learning rate used in the gradient up-
date. Although the same σ is used across all classes, the NC-
based initialization causes these small perturbations to have
a larger relative effect on nearby classes than on distant ones.
As a result, the proxies remain anchored to their pretrained
directions while still adapting to task-specific adjustments,
leading to better preservation of the pretrained structure and
improved generalization.

Theoretical Analysis
NC-Init mitigates the abrupt and semantically damaging
shifts from random initialization, while PI promotes adap-
tation to downstream tasks. However, excessive noise in PI
may cause weight drift similar to random finetuning, degrad-
ing embedding quality. We address this trade-off by deriving

Algorithm 1: NC-Init

Require: Training set D, classes C, backbone f1
1: for c ∈ C do
2: Ec ← {f1(x) | (x, y) ∈ D, y = c}
3: vc ← PCA1(Ec)
4: w0

c ← vc/∥vc∥
5: end for
6: return {w0

c}

Algorithm 2: Perturbation Injection

Require: Proxies {wt
c}, batch {(xi, yi)}, learning rate η,

noise scale σ
1: for c ∈ C do
2: εt,c ∼ N (0, σ2I)
3: w̃t

c ← wt
c + εt,c

4: ŵt
c ← w̃t

c/∥w̃t
c∥

5: end for
6: Lt ←

1

N

∑
i

LNS({ŵt
c};xi, yi)

7: for c ∈ C do
8: wt+1

c ← wt
c − η∇wcLt

9: end for
10: return {wt+1

c }

a theoretical drift bound, showing that with properly chosen
learning rate η and noise scale σ, cumulative deviation from
NC initialization is strictly lower than that from random ini-
tialization. This bound guarantees that our method preserves
the pretrained model’s class-specific geometry while permit-
ting controlled feature refinement for downstream tasks.

Definition 1 (Drift from Initialization). To quantify the ex-
tent of drift from the initialized proxy vc, we define the drift
D between the vc and a current weight wc as the squared
ℓ2 distance ∥wc − vc∥2. At initialization, w0

c = vc, so
Dinit = 0. Under our NC-Init+PI scheme, the drift after T
updates is DPI(T ) which incorporates the expectation over
the injected Gaussian noise ε. Finally, we define Dgrad with
w∗

c is the global optimum obtained by standard fine-tuning.
In summary, this can be compactly written as in

Dinit := ∥w0
c − vc∥2 = 0,

DPI(T ) := Eε

[
∥wT

c − vc∥2
]
, Dgrad := ∥w∗

c − vc∥2.
(2)

Definition 2 (Norm-Softmax loss). The Norm-Softmax loss
for a single example (x, y) is

LNS(w;x, y) = − log
exp

(
(x̃⊤w̃y)/τ

)∑C
c=1 exp

(
(x̃⊤w̃c)/τ

) ,
where x̃ =

x

∥x∥
, w̃c =

wc

∥wc∥
,

(3)

enforcing unit-norm on both embeddings and proxies, re-
spectively. τ > 0 is the temperature.

Assumption 1 (Regularity Conditions). Let L > 0 denote
the Lipschitz-gradient constant of LNS, µ > 0 its PL con-
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BB Method
CUB CAR SOP

1 2 4 8 1 2 4 8 1 10 100 1000

Im
ag

eN
et

1K

BN-I

NS1024
1 (Zhai and Wu 2019) 62.2 73.9 82.7 89.4 87.9 93.2 96.2 98.1 74.7 88.3 95.2 -

MS (Wang et al. 2019) 65.7 77.0 86.3 91.2 84.1 90.4 94.0 96.5 78.2 90.5 96.0 98.7
SoftTriple (Qian et al. 2019) 65.4 76.4 84.5 90.4 84.5 90.7 94.5 96.9 78.3 90.3 95.9 -
ProxyGML (Zhu et al. 2020) 66.6 77.6 86.4 - 85.5 91.8 95.3 - 78.0 90.6 96.2 -
DRML-PA (Zheng et al. 2021) 68.7 78.6 86.3 91.6 86.9 92.1 95.2 97.4 71.5 85.2 93.0 -
CircleLoss (Sun et al. 2020) 66.7 77.4 86.2 91.2 83.4 89.8 94.1 96.5 78.3 90.5 96.1 98.6
DAM (Xu et al. 2021) 69.1 79.8 87.2 91.8 86.9 92.1 95.3 97.9 - - - -
PADS (Roth, Milbich, and Ommer 2020) 66.6 77.2 85.6 - 81.7 88.3 93.0 - - - - -
HIST (Lim et al. 2022) 69.7 80.0 87.3 - 87.4 92.5 95.4 - 79.6 91.0 96.2 -
PA (Kim et al. 2020) 68.4 79.2 86.8 91.6 86.1 91.7 95.0 97.3 79.1 90.8 96.2 98.7

R50

NS (Zhai and Wu 2019) 61.3 73.9 83.5 90.0 84.2 90.4 94.4 96.9 78.2 90.6 96.2 -
Div&Conq128 (Sanakoyeu et al. 2019) 65.9 76.6 84.4 90.6 84.6 90.7 94.1 96.5 75.9 88.4 94.9 98.1
MIC128 (Roth, Brattoli, and Ommer 2019) 66.1 76.8 85.6 - 82.6 89.1 93.2 - 77.2 89.4 95.6 -
PADS128 (Roth, Milbich, and Ommer 2020) 67.3 78.0 85.9 - 83.5 89.7 93.8 - 76.5 89.0 95.4 -
RankMI128 (Kemertas et al. 2020) 66.7 77.2 85.1 91.0 83.3 89.8 93.8 96.5 74.3 87.9 94.9 98.3
EPSHN (Xuan, Stylianou, and Pless 2020) 64.9 75.3 83.5 - 82.7 89.3 93.0 - 78.3 90.7 96.3 -
DiVA (Milbich et al. 2020) 69.2 79.3 - - 87.6 92.9 - - 79.6 91.2 - -
IBC (Seidenschwarz, Elezi, and Leal-Taixé 2021) 70.3 80.3 87.6 92.7 88.1 93.3 96.2 98.2 81.4 91.3 95.9 -
HIST (Lim et al. 2022) 71.4 81.1 88.1 - 89.6 93.9 96.4 - 81.4 92.0 96.7 -
HIER (Kim, Jeong, and Kwak 2023) 70.1 79.4 86.9 - 88.2 93.0 95.6 - 80.2 91.5 96.6 -

PA (Kim et al. 2020) 69.7 80.0 87.0 92.4 87.7 92.9 95.8 97.9 - - - -

Im
ag

eN
et

21
K

R50
PA (reproduced) 81.8 88.5 92.9 95.7 86.8 92.4 95.5 97.5 81.8 92.6 97.1 99.0
PA + Ours 83.2 89.2 93.3 95.8 89.2 93.4 96.2 97.8 82.1 92.7 97.2 99.1

ViT

HIER (Kim, Jeong, and Kwak 2023) 85.7 91.3 94.4 - 88.3 93.2 96.1 - 86.1 95.0 98.0 -
VPTSP-G 2 (Ren et al. 2024) 86.6 91.7 94.8 - 87.7 93.3 96.1 - 84.4 93.6 97.3 -
DFML-PA (Wang et al. 2023a) 79.1 86.8 - - 89.5 93.9 - - 84.2 93.8 - -

HypViT (Ermolov et al. 2022) 85.6 91.4 94.8 96.7 86.5 92.1 95.3 97.3 85.9 94.9 98.1 99.5
HypViT + Ours 85.9 91.5 94.8 96.8 88.5 93.2 95.7 97.6 86.3 95.2 98.2 99.5

Table 1: Comparison on the CUB, CAR, and SOP datasets in Recall@k. Pre-trained datasets are grouped first, followed by
backbones and their respective methods. The best performance is boldfaced, while the second-best performance is underlined.

stant, and G > 0 an upper bound on its gradient norm.

∥∇L(u)−∇L(v)∥ ≤ L ∥u− v∥, (A1)
1
2 ∥∇L(w)∥

2 ≥ µ
(
L(w)− L(v)

)
, (A2)

∥∇LNS(w)∥ ≤ G. (A3)

Theorem 1 (T-step Drift Upper Bound). Under Assumption
1, for any time step T ≥ 1, ∃(η, σ) s.t. our PI drift satisfies:

DPI(T ) ≤
η2G2 + ηL2d σ2

µ

ηµ

(
1− (1− ηµ)T

)
. (5)

lim sup
T→∞

DPI(T ) ≤ R2 < Dgrad,

where R2 =
η G2

µ
+

L2d σ2

µ2
.

(6)

This suggest that despite the perturbations (σ > 0), NC-
Init+PI preserves the pretrained proxy directions more faith-
fully than pure-gradient training. Although our theoretical
analysis focuses on classifier weights, the alignment be-
tween features and weights in the terminal phase of training
suggests that similar conclusions hold for the feature repre-
sentations.

1Subscript specifies the embedding dimension (default 512).
2It leverages LLM model.

BB Method
ISC

1 10 20 30

Im
ag

eN
et

1K

BN-I
NS1024 86.6 97.0 98.0 98.5
MS 89.7 97.9 98.5 98.8
PA 91.5 98.1 98.8 –

R50

NS 88.6 97.5 98.4 98.8
Div&Conq128 85.7 95.5 96.9 97.5
MIC128 88.2 97.0 – 98.0
EPSHN 87.8 95.7 96.8 –
IBC 92.8 98.5 99.1 –
HIER 92.4 98.2 98.8 –

Im
ag

eN
et

21
K R50

PA (reproduced) 92.0 98.2 98.8 99.1
PA + Ours 92.5 98.2 98.8 99.1

ViT

HIER 92.8 98.4 99.0 –
VPTSP-G 91.2 97.6 98.4 –
HypViT 92.5 98.3 98.8 99.1
HypViT + Ours 92.9 98.4 99.0 99.2

Table 2: Comparison on the ISC dataset in Recall@k.

Experiments
We followed the standard protocol in DML (Oh Song et al.
2016) to evaluate the effectiveness of the proposed method.
The experiments were conducted on widely used met-
ric learning benchmark datasets, including Caltech-UCSD
Birds (CUB) (Wah et al. 2011), CARS196 (CAR) (Krause
et al. 2013), Stanford Online Products (SOP)(Oh Song et al.
2016), and InShop Cloths (ISC) (Liu et al. 2016). We se-
lected several baseline methods and evaluated the proposed
NC-init and PI techniques by applying them to these base-
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CUB

η
Baseline NC-Init only NC-Init+PI

Drift R@1 Drift R@1 Drift R@1

1 × 10−4 2.0106 81.18 0.1214 80.33 0.0878 80.55
5 × 10−4 2.0154 81.63 0.3218 82.14 0.3257 82.34
1 × 10−3 2.0146 81.75 0.5146 82.70 0.5512 83.23
5 × 10−3 2.0210 81.85 1.1606 82.48 1.1609 82.48

CAR

η
Baseline NC-Init only NC-Init+PI

Drift R@1 Drift R@1 Drift R@1

1 × 10−4 2.0047 81.68 0.1620 80.25 0.1615 80.62
5 × 10−4 2.0112 83.22 0.3490 84.81 0.3496 84.90
1 × 10−3 2.0164 84.28 0.5500 86.11 0.5502 86.34
5 × 10−3 2.0275 86.80 1.1896 88.70 1.1912 89.15

Table 3: Comparison of three configurations of our
method—baseline, NC-Init only, and NC-Init+PI—across
different warm-up LR η on the CUB and CAR datasets.

lines. Specifically, we chose Proxy Anchor (CNN-based)
and HypViT (ViT-based) as baselines due to their rela-
tively few hyperparameters and strong reproducibility, mak-
ing them well-suited for evaluation.

To ensure a fair comparison, all baseline hyperparameters,
including the optimizer, embedding size, and pooling type,
were kept consistent across experiments. For Proxy Anchor,
all experimental settings remained identical to the baseline,
except for the hyperparameters (η, σ) introduced in the pro-
posed method. In contrast, HypViT required additional mod-
ifications. Since the baseline lacks a pre-softmax layer cor-
responding to class weights, we added a head to the ViT
model to incorporate class weights initialized by our pro-
posed NC-Init. Additionally, we introduced a NormSoftmax
loss with perturbations applied to the class weights, comple-
menting HypViT’s original pairwise cross-entropy loss to
effectively learn class weights during training. To demon-
strate how effectively our proposed method leverages the
pre-trained dataset, we also compared Proxy Anchor with
a ResNet50 backbone pre-trained on ImageNet-21K. By an-
alyzing the difference between the reproduced baseline re-
sults and the outcomes of our proposed method in this set-
ting, we highlight the effectiveness of our approach in utiliz-
ing the advantages of pre-trained models.

The dataset-specific hyperparameters (warmup learning
rate η, perturbation noise σ) were set as follows: for CUB,
(η, σ) = (0.001, 0.01); for CAR, (0.005, 0.0001); for SOP,
(0.005, 0.0001), and for ISC, (0.005, 0.001).

Comparison with Other DML Methods
Tables 1 and 2 compare the proposed method with other
state-of-the-art approaches across the CUB, CAR, SOP, and
ISC datasets. Table 1 focuses on CNN-based and ViT-based
methods evaluated on the CUB, CAR, and SOP datasets,
while Table 2 highlights results of the ISC dataset. To
facilitate comparison, methods were grouped into CNN-
based and ViT-based categories. Within each group, the
best-performing result was highlighted in boldface and the
second-best result in underlined.

Figure 4: Recall@1 vs. Drift over the grid of warm-up LR
η and PI noise levels σ on CUB datset.

In the CUB dataset, our method, PA + Ours , combined
with PA and ImageNet-21K pre-training, achieved the high-
est performance among CNN-based methods. It surpasses
the second-best method, HIST, by a substantial margin of
11.8 pts in Recall@1 (83.2% vs. 71.4%). While the use of
ImageNet-21K as a pre-training dataset significantly con-
tributed to the performance gains, the additional improve-
ment of 1.4% over the baseline PA (PA (reproduced)) shows
that our method not only benefits from a larger pre-trained
dataset but also effectively enhances generalization. For ViT-
based methods, the proposed HypViT + Ours achieved
the second-highest performance, with Recall@1 of 85.9.
The best performance was recorded by VPTSP-G (86.6), a
method that uses prompts. In contrast to the added complex-
ity and information of VPTSP-G, our approach maintains a
simpler architecture and delivers competitive performance.

When the proposed method is applied to PA trained
on ImageNet-21K, performance increases by 2.4% (from
86.8 to 89.2 in Recall@1), resulting in the second-
highest score among CNN-based methods. Additionally, for
HypViT + Ours , a 2% improvement in Recall@1 was ob-

served on the CAR dataset, increasing from 86.5 to 88.5
compared to the baseline HypViT. The substantial perfor-
mance boost in CNN backbones indicates that the proposed
method effectively mitigates the limitations of using a larger
pre-trained dataset, possibly by improving alignment and
regularization effects.

On SOP, our method boosted Recall@1 from 81.8 to 82.1
(+0.3%) for PA and from 85.9 to 86.3 (+0.4%) for HypViT,
achieving the best results in each category. On ISC, it im-
proved Recall@1 by 0.5% (92.0→92.5) for PA and by 0.4%
(92.5→92.9) for HypViT, ranking second among CNNs and
first among ViTs—demonstrating consistent effectiveness
across architectures.

Ablation Study on the Proposed Method
The proposed method begins with a warmup stage, dur-
ing which the pretrained backbone is frozen—except for its
batch normalization layers—and only the newly added em-
bedding projection and proxy weights are trained using a
learning rate η and PI noise σ. After the warmup phase,
the entire network is unfrozen and trained using the base-
line learning rate schedule.

In this ablation study, we varied the warmup learning rate
(warmup LR) η and the PI noise σ, while keeping the main-
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Figure 5: Intra-/inter-class variances and NC1 for CUB.

training schedule fixed. We performed a sweep over the
following hyperparameters: η ∈ {0.0001, 0.0005, 0.001,
0.005}, σ ∈ {0, 0.0001, 0.001, 0.01, 0.1, 1.0} and eval-
uated each configuration by measuring the final proxy drift
DPI(T ) in Eq.2 after the warmup stage, along with the Re-
call@1 on the CUB and CAR datasets. In addition, we eval-
uated the contributions of each component: NC-Init and PI.

Analysis on drift and clustering. Table 3 presents the
proxy drift and Recall@1 for each warmup LR η, evaluated
under three configurations: the random-initialization base-
line (no PI), NC-Init only (σ = 0), and NC-Init + PI with
σ = 10−2 on CUB and σ = 10−4 on CAR. Once NC-
Init is applied with a suitably chosen warm-up η, proxy
drift sharply decreases from approximately 2.0 to within the
range [0.1, 1.2]. This result empirically supports our theo-
retical claim that NC-Init aligns proxies closely with their
pretrained NC directions. Adding PI on top of NC-Init yields
drift values comparable to NC-Init alone—except for a slight
increase at the smallest η—while consistently improving
Recall@1 for all but the smallest η setting on both datasets.
These findings suggest that PI offers a modest yet consistent
enhancement in retrieval performance without significantly
disrupting the NC alignment preserved by NC-Init.

Hyperparameter vs. performance. Fig.4 presents the
complete surfaces of Recall@1 and drift over the (η, σ > 0)
grid. The performance surface indicates that Recall@1 is
maximized when moderate to large warm-up learning rates
are paired with small noise magnitudes. The correspond-
ing drift surface shows that this performance peak coin-
cides with an intermediate level of drift—neither minimal
nor excessive. These findings support the conclusion that op-
timal performance in metric learning arises from a balance
between preserving pretrained geometric structure and al-
lowing sufficient adaptation. This balance can be effectively
tuned via the warm-up learning rate and perturbation.

Analysis on intra/inter covariance. Fig.5 reports the
trace of intra-class covariance, inter-class covariance, and
the NC1 metric (capturing the relative intra-class vari-
ance normalized by inter-class variance (Papyan, Han, and
Donoho 2020)) for CUB. Compared to a random-init base-
line, NC-Init+Perturbation achieves a modest reduction in
inter-class variance but, crucially, a much larger decrease in
intra-class variance, indicating tighter class cohesion. Con-
sequently, the NC1 for our method are lower, demonstrating
enhanced class separability with tighter class cohesion.

(a) NC-Init only (b) Random init + PA

(c) NC-Init + PA (d) NC-Init + PI + PA

Figure 6: Proxy-to-proxy affinity matrices and off-
diagonal cosine similarity histograms. (a) immediately
after NC-Init (R@1=62.20); (b) after random-Init + PA
(R@1=81.75); (c) after NC-Init + PA (R@1=82.70); (d) af-
ter NC-Init + PI + PA (R@1=83.23).

Effects: Classifier-Weight Analysis
Fig.6 displays the proxy-to-proxy cosine similarity and cor-
responding off-diagonal similarity density across four dis-
tinct training procedures. In (a), we show the state imme-
diately following NC-Init(prior to any metric-learning up-
dates), where the cosine similarity appears almost entirely
yellow, and the off-diagonal histogram peaks near 1. This
reflects the strong NC structure present in the pretrained
embeddings. Fig.6(b) illustrates the result of applying the
Proxy-Anchor loss to a randomly initialized classifier, where
inter-class similarities shrink toward zero, with off-diagonal
similarities concentrated in the 0–0.3 range. In (c), NC-
Init followed by Proxy-Anchor training reduces the initially
high affinities seen in the pretrained state, while still pre-
serving moderate inter-class alignment compared to random
initialization. Finally, Fig.6(d) presents the full NC-Init +
PI + Proxy-Anchor pipeline: perturbation injection further
suppresses inter-proxy similarities, yielding affinity values
lower than in (c) but higher than the near-zero levels of (b).
This progression illustrates how our method effectively bal-
ances the retention of pretrained structure with the flexibility
required for fine-grained adaptation.

Conclusion
In this paper, we introduce a simple yet principled method
that first aligns classifier weights with the NC directions
of a pretrained model, followed by the injection of small
isotropic Gaussian noise. We theoretically demonstrate that
this NC-Init + Perturbation scheme explicitly constrains cu-
mulative weight drift from the pretrained solution via a novel
drift bound, ensuring strictly smaller deviations compared to
conventional fine-tuning. Empirically, we show that mod-
erate, bounded drift consistently correlates with the high-
est Recall@K, confirming that our theoretical insights yield
tangible retrieval improvements. To our knowledge, we are
the first to propose that preserving Neural Collapse struc-
ture benefits fine-tuning; further research is needed to elu-
cidate the information encoded by pretrained models and to
develop strategies for exploiting it in fine-grained tasks.
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