Ty
AN
SR
71"’

4 ,
% X=
W . ‘\‘ N
s X
=L

Deep Learning
Advanced Models & Methods

Prof. Antonino Furnari (antonino.furnari@unict.it)
Corso di Laurea Magistrale in Informatica

- <= Dip. di Matematica e Informatica

CU e mosounes  Universita di Catania

VA

v$‘/¢

7\ ‘5\9
77

<

>

1

ANYAY

N

v, o

>
2

%

k. ‘I’,_g —
W8\ =l O

VAN

L)

A
]

V2,
ALY

Deep Metric Learning



Deep Learning is all About Data Representation

Deep Learning aims to transform high-dimensional raw data, like pixels, into jsstzEististy il BN v S5 o) BB BT e s E B v i dadaatzlatenst. This process helps

capture the essence of the data while discarding irrelevant details.
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Neural Downstream Task
Network (e.g., Linear
Classification)
Raw Photographs Latent Representation Space

An ideal representation is both robust to nuisance factors (e.g., lighting, pose) and discriminative of semantic content (e.g., identity, category).

Standard classification models (like ResNet with CrossEntropy) implicitly learn such representations as they optimize for classification accuracy.
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Distance is All You Need

Measuring distances between data points is fundamental to many Al applications. BN (Sas (8L @DIVER)] addresses the challenge of learning
meaningful distance functions that capture FatEiales - Eliteyiditi rather than just raw data differences.

Retrieval Systems Recommendation Systems Classification

Finding similar items based on queries. Discovering items similar to user Assigning labels based on proximity to
Examples include engines, preferences. Examples include finding known examples. [SNINRIESSTITE S rely
document retrieval in |S¥AERAEE, and similar products to recommend, suggesting entirely on distance metrics to determine
visual product search. related content, and [ IEe RN NSRS, class membership.

Input Images Representation Space
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Neural Large distance (d)

Network
Cat 2 P

Large distance (d.y)
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The Limits of Classification Alone

While classification models learn effective feature representations, they are optimized for assigning labels within a predefined set. This

approach encounters significant limitations in many real-world scenarios where flexibility and nuanced similarity are paramount.

Open-Set & Long-Tail Challenges

Classifiers are inherently "SR 8a¢ ' systems, struggling with unseen

classes or rare examples (long-tail distributions). Updating for new

identities is costly, whereas metric learning provides reusable

embeddings where new classes can be added dynamically.

Open Set Classification Problem

Training Data

AN

Ct

Classification Space

Known Class A

Known|Class B

Unknown/Novel Class

(Open Set)

Correctly Identified
as Unknown 7

Correclly / Misclassified as B
Classified
A) (Error)

Test Data

Optimizing for Similarity

Many tasks, such as product ranking, personalized recommendations,

or anomaly detection, require understanding "ste\ia5tlER" items are,

not just "which class" they belong to. Standard classifiers don't directly

optimize this crucial similarity objective.

OPTIMIZING FOR SIMILARITY

STANDARD CLASSIFIER
(Class Optimization)

Feature Space

Binary Classification:
Correct

Class A

How
Decision Similar?

Boundary Class B

\
Outcome:
Poor Similarity Measurement

(Distances not optimized)

Product A

OPTIMIZING FOR SIMILARITY
(Distance Optimization)

Similarity Space

(o) Highly Similar
High Similarity
(C\alss A)R

Dissimilar
(Large Distance)
High Similarity
(Class B)

s

Product B

Good Similarity Measurement

Qutcome:
(Accurate Ranking, Recommendations)

Goal: Understand ‘How Similar’ ltems Are
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The Problem of Fine-Grained Details

In traditional classification, the primary objective is to maximize separability between distinct classes. The model [€atis to draw clear boundaries,
ensuring that instances from different categories are easily distinguished.

However, this focus on inter-class separation comes with a limitation: glassification does not guarantee that fine-grained details within the

same class are preserved or modeled in the latent space.

The model is optimized to distinguish between classes, but the intricate relationships and subtle differences between elements within the same class may

not be captured effectively.

For example, a 'Car’ classifier successfully groups all cars together. Yet, it might not preserve the information that 'Sports Car A’ is far more similar to

'Sports Car B' than it is to 'SUV C', as these intra-class relationships are not part of the classification objective.

Before Classification (Mixed Data) After Classification (Collapsed Clusters)

iy Cars (blue icons)
@ Trucks (red icons)

=

Sports Car A
s

L) S
Sports Car B
% o= J“
Sports Car A TR

ﬁ-

SUVC

&y Cars (blue icons)
M5 Trucks (red icons)

Antonino Furnari - Deep Learning Advanced Models and Methods



The Data Scarcity Challenge
When Fine-Tuning Fails

One way to recover this specificity is to perform fine-tuning. However, let's consider the following example:

Imagine needing to retrieve an image that matches a specific query, such as finding a particular dress among many different clothes. This common

real-world problem poses a significant challenge for traditional deep learning approaches.

Impractical Fine-Tuning

T
Query '
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Limited Data

We often have very few examples (1 or 2) of the specific instance Not enough data for effective fine-tuning, leading to severe

overfitting. The computational cost of retraining a classifier for

R 1l iRl t's very hard to create a "class" for each possible

every new query is prohibitive.

This necessitates models that learn reusable representations, capable of performing recognition and retrieval without constant retraining for every

new item.
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Learning to Measure Distances

The core shift in Deep Metric Learning is from traditional classification (P(y|x)) to [ei8e=aiia EE Rttt ie Bl d=R s GRS a8 VA (T, To )Ll Na bt

Core Idea: Semantic Similarity in Embedding Space

We train a function f(z) such that distances (e.g., Euclidean) in the resulting embedding space correspond to semantic similarity. Close embeddings

mean similar concepts.

This fundamental approach allows models to generalize to Open Sets—recognizing and relating to classes never encountered during training—by

learning the underlying principles of "what makes things similar".

Input: Cat Images (Different Breeds) Output: Feature Space Mapping

A

Persian ®

Siamese

>

Measurement: Distance in Feature Space

®—0

|III|TII|III|IlI|III|IIIIIII|III|

Distance: Small (High Similarity)

() Definition: Deep Metric Learning is the process of optimizing the embedding space directly by using distance-based objectives.
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Typical Applications of Metric Learning

Face Recognition Person Re-Identification Visual Search
Millions of identities; cannot retrain Softmax Tracking a subject across non-overlapping "Find me a shirt that looks like this one."
for every new user (e.g., FaceID). The system camera views. Match embeddings from Retrieve visually similar items from massive
computes embeddings and compares different perspectives and lighting databases without predefined categories.
distances rather than retraining weights. conditions.
r - F NN,
u
1
Find me o shirt that
] J N looks like this one.
S
FacelD
’

[RE'D] MATBH Retrieve similar items from

massive databases without

— predefined categories.
k\ IIIIS —————— R \_J
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The Metric Learning Dictionary

Embedding f(x)

4

A low-dimensional vector representation of high-dimensional data (e.g., R3*224x224 _, R512)

Metric d(x, y)

A function quantifying dissimilarity (usually Euclidean or Cosine distance)

Anchor (z,)

The reference datum in comparison operations

Positive (z,)

A datum of the same class as the anchor

Negative (z,)

A datum of a different class from the anchor

Intra-class Variance

[
ol
Variability within the same class (minimize this)
< Inter-class Variance
v\

Variability between different classes (maximize this)

Uni
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Historical Evolution: From Classical to Deep

Pre-2012: Classical Methods

Mahalanobis Distance Learning: Learn matrix M such that dy/(z,y) = v/(z — y)TM(z — y)

e LMNN (Large Margin Nearest Neighbor)

e Linear transformations of hand-crafted features (SIFT, HOG)

e Limited by linear assumptions

2014-Present: Deep Metric Learning
Deep CNNs learn the non-linear mapping fy(z)

Distance is usually simple Euclidean/Cosine on top of complex features

End-to-end optimization

Breakthrough performance on face recognition and retrieval tasks

Historically, we hand-engineered features and tried to learn a linear matrix M to stretch or shrink the space.

Today, we assume the distance metric is fixed (usually just Euclidean), and we use a Deep Network to warp the data into a shape that fits that metric.

This fundamental shift has enabled unprecedented performance on real-world recognition tasks.

Antonino Furnari - Deep Learning Advanced Models and Methods 10



The limits of Pixel Distance

Euclidean distance in pixel space is semantically meaningless in high-dimensional data like images.

Example: L, pixel distance between two poses of the same person can exceed the distance between two different people with the same background.

IMAGE FACES

Face A FaceB Face C
(Person1) (Person1) (Person 2)

Distance (A, B) = High (Darker Pixels)

DISTANCEIN
PIXEL SPACE

Ostance

(Sfmﬁa, Pfstiw

# Distance (A, C) < Distance (A, B)

Uni
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The Manifold Hypothesis

The hypothesis is that high-dimensional data like images lie on low-dimensional manifolds.

Unfold the manifold so that geodesic distance on the manifold becomes Euclidean distance in the embedding space. We need a function that is invariant to

lighting and pose but sensitive to identity.

() Manifold: a topological space that locally resembles Euclidean space near each point.

3D SWISS ROLL MANIFOLD UNROLLED 2D MANIFOLD

Long Semantic
Distance

Semantic
Distance,

Unrolling
>

This is crucial: Why not just compare pixels? Because pixel distance is sensitive to lighting and pose, not identity. The manifold hypothesis posits

that natural images lie on a low-dimensional manifold embedded in high-dimensional pixel space. Deep metric learning learns to unfold this manifold.

Uni
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Re-arranging the Embedding Space

More in general, we can see metric learning as the problem of transforming raw input data into a meaningful embedding space.

@@

S
Q =
'@
o

>

Metric
Learning

’ d(cat,, cat,)
. is small

is lar

d(cat,, c gz\

(6o
——

>

In this learned space, semantically similar items, such as different images of the same object or category, are clustered closely together. Conversely,

dissimilar items are pushed farther apart. The distance between points in this embedding space directly corresponds to their semantic similarity, allowing

for effective classification and recognition of novel data points even if they haven't been seen during training.

Antonino Furnari - Deep Learning Advanced Models and Methods
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Mathematical Setup

Formal Problem Definition

Input Space: X C RP

¢ Pairwise Labels:

{1 if x; is similar to x;
,L.7j

0 otherwise

Embedding Function: f; : ¥ — R?whered < D

Distance Metric: D(z;,z;) = d(fa(z:) — fo(x;))

Where d is a distance measure (more on this in the next
slide).

Objective

iflij =0: D(mi,azj) >m

Where m is a margin providing a safety zone.

A) INTER-CLASS MARGIN MAXIMIZATION

B) INTRA-CLASS COMPACTNESS

v DECISION
oo [< BOUNDARY
PULL TOGETHER
£ N (ATTRACT)
& o J
PUSH PUSH

E AWAY <— @ ® —> \way E O— «—©
[FE] L
[V (N

SAFETY

MARGIN —»

(GAP)
FEATURE 1 i FEATURE 1 i

Figure X. Two Key Concepts in Metric Learning: Margin Maximization and Intra-class Compactness

Classes to Pairwise Labels

Often, we will consider elements z; to be associated to a class label y; € Y = {0,..., M}.In

that case, we can still define [;; = 1(y;

= y;), where 1(-) is the indicator function.

Note the dimension d. Usually, this is 128, 512, or 2048. It needs to be compact for efficient storage and retrieval. The objective defines a "safety zone"

(margin) between the distributions of positive and negative pairs, ensuring robust classification boundaries.

Antonino Furnari - Deep Learning Advanced Models and Methods
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Choosing the Ruler: Distance Metrics

In metric learning, the choice of distance function is paramount. While many types of distance metrics can be utilized, two stand out for their widespread

use and distinct properties in various applications.

Euclidean Distance (L)

n

> (ui —vi)?

1=1

d(u,v) = |lu — vz =

This is the standard, intuitive "straight-line" distance between two points
in an N-dimensional space. It's sensitive to both the direction and
magnitude of the embedding vectors. Ideal when the absolute difference

in feature values is meaningful.

Cosine Similarity

S(u,v) = ——

ol

Measures the cosine of the angle between two vectors, ranging from -1
(opposite) to 1 (identical direction). The actual distance is often
represented as d.,; = 1 — S(u,v). Crucially, it ignores vector magnitude
and focuses solely on their orientation. This makes it particularly effective
for Face Recognition and other tasks where feature magnitude might
vary due to lighting or expression, but the underlying identity's "direction”

in the embedding space remains consistent.

A) Euclidean Distance

Y2 y
|
I

Y1 T s i i

Xv

X4 X2

d =/ (=%1)2 + (yo—y1)?

Measures the straight-line distance between
two points in space. Sensitive to magnitude.

Y &

B) Cosine Similarity

B =(x2 ¥2)

Vector B

Measures the cosine of the
angle between two vectors.
Indicates similarity in
direction, independent of
vector magnitude.

-
A-B s
cos(9) = amiE

Measures the cosine of the angle between two
vectors. Indicates similarity in direction,

Antonino Furnari - Deep Learning Advanced Models and Methods
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The Geometry of High Dimensions

ersphere.

f
,,/ |/
SN
' !

Hypersphere Embedding

Constraining || f(z)||2 = 1 (unit radius) is a powerful technique primarily used to:
* Regularize the learning process and prevent exploding values within the
network.

* Avoid a ""race of magnitude" during training, ensuring the network focuses
on learning meaningful angular relationships instead of indefinitely increasing

embedding magnitudes.

* Focus optimization on angular distances, enabling more robust

|. comparisons between embeddings.
This approach transforms the embedding space, offering further benefits:

» The effective "space" for comparison becomes the surface of the manifold.

e It enables the use of interpretable angular distances for similarity.

When we use "Cosine Similarity”, we are effectively projecting everything onto

a hypersphere.

Antonino Furnari - Deep Learning Advanced Models and Methods
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Why Do We Need a Margin?

Separability Is Not Enough

The bare minimum requirement is d(4, P) < d(A, N), but this is

insufficient for robust performance. Negative Zone

Problem: If d(A, P) = 0.5 and d(A4, N) = 0.50001, the loss is zero, but the

decision is highly unstable and sensitive to noise.

The Margin (m)

A
R KK
TSRS
SRR
et

We enforce d(A, P) + m < d(A, N)

b %%
8RS
bodete %

This forces the model to push negatives further away than strictly

%
55

55

XX

necessary, improving generalization to unseen data.

,

Think of the margin as an insurance policy against noise in the test set.

By requiring a buffer zone between positive and negative pairs, we

ensure that small perturbations or variations in test conditions don't R
eteleleletede’
LK

cause misclassifications. The margin is a hyperparameter that trades

off between tighter clusters and more stable boundaries.

Uni
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Siamese Networks

Architecture
Distance Calculation Similarity
.g., Euclid Dist. S
Two identical subnetworks (clones) with Shared Weights: W is the S core
same for both branches.
* Input: Pair (z, z,)
* Output: Distance d(z1,z2) = D(f(z1) — f(x2))
Where D is usually the Euclidean or cosine distance.
Neural Network [—— —1 Neural Network

Expected Behavior Shared Weights

The siamese network takes as input two elements and returns a real | L
number. We expect this number to be: T T

¢ small if the two elements are similar

Input A Input B
e large if the two elements are dissimilar

If this happens, we can use the siamese network as as distance function

and, importantly, the neural network f as a feature extractor.

Bromley, J., Guyon, 1., LeCun, Y., Sickinger, E., & Shah, R. (1993). Signature verification using a" siamese" time delay neural network. Advances in neural
information processing systems, 6.

Uni
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Training a Siamese Network
Training Strategy

e Minimize distance if Label=1 (Same class)

e Maximize distance if Label=0 (Different class)

This is also called [fo)siE e R ibhi

Loss Function

In practice, we use the following contrastive Loss formula (Hadsell et al., 2006): Where:
I l 1 1 1.d 9 1 l 0 P 9 e [;; = 0 for similar pairs (same class)
( v ”) 2 ( ”) ( v J) 2" [ ’ ( v )] e [;; = 1for dissimilar pairs (different classes)
e m is the margin parameter
Dynamics

e Positives (y = 1): Attract like a spring. Quadratic penalty for any distance.

e Negatives (y = 0): Repel, but only if they are within margin m. If they are far enough, loss is 0.

Note the max on the negative term. Why? If a negative is already far away, we don't care. We don't want to spend computational energy pushing "sky"

away from "grass" if they are already clearly distinct. We focus gradient updates on the confusing pairs near the margin boundary.

Siamese Network: Shared Weights

—»L—— Dpistance
_’_D_,——'V d(xirxj)

Pair of Elements '

(%, %;) —

Positives: Attract (Label=1, Same Class) Negatives: Repel (Label=0, Different Class)

———
- H-\.
b

i
/ Margin m *,

O—Ti—e T @ Yl @
[ j Xi ;I xj

Maximize distance. If d <m, L ~ (m — d)>2.

¢ plans e
viinimize distance. L = (d) If d = m, Loss = 0 (Max on negative term)

Loss Function Dynamics: Attract positives, Repel negatives beyond margin.

Bromley, J., Guyon, 1., LeCun, Y., Sickinger, E., & Shah, R. (1993). Signature verification using a" siamese" time delay neural network. Advances in neural
information processing systems, 6.

Hadsell, Raia, Sumit Chopra, and Yann LeCun. "Dimensionality reduction by learning an invariant mapping." In 2006 IEEE computer society conference
on computer vision and pattern recognition (CVPR'06), vol. 2, pp. 1735-1742. IEEE, 2006.

Uni
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The Feature Extractor: Architecture Backbones

< 2

ResNet-50 / ResNet-101 Inception-BN

Standard choice for most DML applications. Reliable performance with Used in original FaceNet. Multi-scale feature extraction through parallel
reasonable computational cost. convolutions.

S &

MobileNet Vision Transformers (ViT)

For wearable and mobile applications. Efficient depthwise separable Current trend. Captures global context better than CNNs through self-
convolutions. attention mechanisms.

The DML "Head" sits on top of a standard backbone. For aggregation, we typically use Global Average Pooling (GAP) or Global Max Pooling (GMP).

Backbones are often pretrained on supervised datasets (e.g., Imagenet).

Antonino Furnari - Deep Learning Advanced Models and Methods
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Siamese Network Demo

Metric Learning Lab

@ CONVERGED ACC: 100.0% LOSS: 8.0071 STEP: 21
Interactive Manifolds & Architectures

DATA MANIFOLD Input Space 2D Embedding Space Zoom: 2.5x Learned 2D

Clusters Swiss

< ARCHITECTURE .ﬂ.
.
o e %

Proxy NCA Proxy Anchor @
2

Siamese Triplet

ArcFace (Unit Sphere)

% MINING <% METRIC
Random < Euclidean ¢ ‘- o
.. '.’.
I.
> Start Training > 3 Range: [-2.5, ito-Centered)
Margin (0.5)

0.0049

Learning Rate (0.02)

Hidden Layer Size (10)

s NETWORK ARCHITECTURE
Input (2D) < Hidden (18) » Output (2D)

(D Contrastive Loss

Mines Pairs. If same class, minimizes d2. If different,
minimizes max (margin - d, 8)2. Only sees one
relationship type at a time.

Uni
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Shortcomings of Siamese Networks

While Siamese Networks laid crucial groundwork for metric learning, their pairwise training approach presents several challenges that highlighted the

need for more sophisticated architectures and loss functions.

Pairwise Training Bottleneck

Siamese networks consider only pairs of

examples. This N-squared complexity

leads to Slow convergenice and doesn't

efficiently capture the global structure of

the embedding space.

Absolute Margin, Not Relative

The contrastive loss enforces an absolute
margin between dissimilar pairs. It
doesn't explicitly ensure that an anchor is
closer to its positive than to a specific
negative, making decision boundaries less

robust.

Antonino Furnari - Deep Learning Advanced Models and Methods

Inefficient Negative Sampling

Many randomly chosen negative pairs are
"easy" and quickly satisfy the margin
constraint, providing little to no learning
signal. Training can become inefficient,

focusing on already-separated samples.

22
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Triplet Networks

Architecture

Three identical branches with Shared Weights.
Input: Triplet (z,, z,, z,,)

Output: Pairwise distances d(z,, z,) and d(z,, z,,)
Expected behavior

For any triplet, we expect the distance between the anchor (z,) and the
positive (z,) to be smaller than the distance between the anchor and

the negative (z,) by at least m :
d(zq,zp) + m < d(zq, xn)

Core Logic

Contextual comparison: the anchor here serves as a sort of context.
We don't care about absolute distances, only relative distances
d(xa, zp) < d(Ta,Tn).

d(RA)

(

d(N,A)

Neural Network
(Shared Weights)

Neural Network
(Shared Weights)

Neural Network
(Shared Weights)

1

i

Positive

Anchor

Negative

Schroff, F., Kalenichenko, D., & Philbin, J. (2015). Facenet: A unified embedding for face recognition and clustering. In Proceedings of the IEEE

conference on computer vision and pattern recognition (pp. 815-823).

Antonino Furnari - Deep Learning Advanced Models and Methods




Triplet Loss

The Triplet network is trained using a Triplet loss function, defined as follows:

Input: Triplet (z,, z,, z,,)

L = max(0, d(zq, zp) — d(x4, zn) +m)

Objective: Ensure the anchor is closer to the positive than to the negative by at least a margin m.

d(zg,zp) + m < d(xq, xn)

Often, we choose d as the Euclidean distance, but other distance measures are possible.

Training with Triplet Loss

Shared Network (4, P, N)

Triplet of Elements
(AJ PJ N)

> Triplet Loss
Calculation

Initial State (Before Training)

@:—/0000000—®

A (Ancho:%‘ P (Positive)

®,

Anchor far from Positive,
close to Negative. Loss > 0.

Negative)

[

Goal State (After Training)

N
(Negative)

Anchor close to Positive,
Negative beyond Margin. Loss = 0.

Triplet Loss Function: L = max(0,d(4,P) —d(A,N) + m).
Minimize distance to Positive, Maximize distance to Negative.

Issue: The number of possible triplets is cubic O(N?). Most triplets satisfy the constraint easily (loss=0) and contribute no gradient, leading to

extremely slow convergence without proper mining strategies.

Schroff, F., Kalenichenko, D., & Philbin, J. (2015). Facenet: A unified embedding for face recognition and clustering. In Proceedings of the IEEE

conference on computer vision and pattern recognition (pp. 815-823).

Antonino Furnari - Deep Learning Advanced Models and Methods
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The Importance of Mining

Random Sampling

Approximately 99% of triplets produce 0 loss (gradients vanish).
Convergence is extremely slow and inefficient. The network learns

nothing from easy triplets.

Hard Negative Mining
Find z, such that d(a, n) is smallest.

Risk: Model collapse into bad local minima, noise amplification from
outliers and mislabeled data.

Semi-Hard Mining (FaceNet)
Find z, where d(a,p) < d(a,n) < d(a,p) + m

These are "confusing” negatives but not "impossible” ones. They
violate the margin but not the ordering, providing informative
gradients without the instability of hard mining.

Margin

Positives

Easy Negatives

Semi-Hard Negatives

ko

Hard Negatives

Key Insight: RERGI TRt E = e vilo) =R st ot izeaib B MBLYIM If you feed your network easy triplets, it learns nothing. Proper mining strategies are

the difference between convergence in days versus weeks.

Antonino Furnari - Deep Learning Advanced Models and Methods
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Triplet Network Demo

Metric Learning Lab

Interactive Manifolds & Architectures

DATA MANIFOLD

Clusters Swiss

ARCHITECTURE

Siamese Triplet
Proxy NCA Proxy Anchor

ArcFace (Unit Sphere)

3 MINING % METRIC

Random < Euclidean

[> Start Training >

Margin (0.5)
Learning Rate (0.02)
Hidden Layer Size (10)

sa NETWORK ARCHITECTURE

Input (2D) » Hidden (18) - Output (2D)

( Triplet Loss

<o

~

Mines Anchor, Positive, and Negative. Optimizes:

max(d(A,P) — d(A,N) + margin, @).

Simultaneously pulls positives and pushes negatives.

Ct

Input S

pace

!
e8

N

(~) CONVERGED

2D

o8 o
&
o S
®
e
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ACC: 100.0% LOSS: 0.0085

Embedding Space Zoom: 2.5x

2.5] (Auto-Centered)

STEP: 21

Learned 2D
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Proxy-Based Methods
Using Classes Explicitly

' @
e ®
e 0
’ ﬁ
Data Points

Note: proxies are learnable parameters. In coding terms, this

means, they are initialized as nn.Parameter and added to the
optimizer.

Motivation

Triplet mining is expensive and noisy. Computing all pairwise or triplet distances
is O(N?) or O(N3).

Core Idea

If examples z; are explicitly associated to classes y;, we can define "proxy” vectors
py for each class y.

Instead of comparing Data [ Data, compare Data _.] Proxy.
Proxy:

e Alearnable vector p. representing class c.

e Stored in a memory bank, updated via backprop.

Loss:

e Pull f(z) towards its class proxy p,, push away from other proxies.
Benefits:

e Reduces complexity from O(N?) or O(N?) to O(N - C).

Kim, Sungyeon, Dongwon Kim, Minsu Cho, and Suha Kwak. "Proxy anchor loss for deep metric learning." In Proceedings of the IEEE/CVF conference on

computer vision and pattern recognition, pp. 3238-3247. 2020.

Antonino Furnari - Deep Learning Advanced Models and Methods
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Learning Mechanism: Proxy-Based Methods

—_—— —————  &—————

Forward Pass Backward Pass (Dual Updates)

Input data point = is embedded to f(z). Distances are computed Gradients update the embedding network f, (pulling f(z) to its proxy,

between f(z) and all class proxies p.. pushing from others) and the proxies p. (moving them towards class
centers).

Note: Proxies are not computed as the average of points of the same class. They are randomly initialized parameters and are free to move during
training. The Proxy-NCA loss pulls each class proxy toward its class embeddings (and pushes it away from others), so proxies naturally drift toward

class centers as an emergent effect of optimization, without any explicit ‘center’ term.

Loss Function (Proxy-NCA)

exp(—d(z,py))
>y exp(—d(z, p.))

Where, d(z,p,) = D(f(z),py) and D is chosen as the Euclidean distance.
This loss pulls the embedding f(x) towards its true class proxy p, while simultaneously pushing it away from all other negative proxies. Proxies p. are

learnable parameters updated via backpropagation to optimally represent their respective classes.

Note: the loss function is a proxy-based variant of the NCA (Neighbourhood Components Analysis) objective, and can be seen as a softmax cross-

entropy that tries to correctly ‘classify’ the current sample zx among proxies, where proxies play the role of class weight vectors.

Triplet Loss Proxy-NCA

pos1t1ves < *HegatiVeS i

anchor i *
negatives

Py

Kim, Sungyeon, Dongwon Kim, Minsu Cho, and Suha Kwak. "Proxy anchor loss for deep metric learning." In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 3238-3247. 2020.
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Proxy-NCA Demo

Metric Learning Lab

Interactive Manifolds & Architectures

DATA MANIFOLD

Clusters Swiss

> ARCHITECTURE

Siamese Triplet
Proxy NCA Proxy Anchor

ArcFace (Unit Sphere)

A MINING 2, METRIC

Random ol Euclidean

[> Start Training > o

Margin (0.1)

Learning Rate (0.02)

Hidden Layer Size (10)

s NETWORK ARCHITECTURE

Input (2D) » Hidden (18) = Output (2D)

(@ Proxy NCA

Compares Anchor to learnable Class Proxies

(Squares). Loss: =log( P(y|x) ) via Softmax. Pulls

data to the correct proxy and pushes away from
others. Proxies move too!

<

Input Space

w75
72

() CONVERGED

2D

ACC: 100.0%

Embedding Space

LOSS: 9.0113

Zoom: 2.5x

Range: [-2.5, 2.5] (Auto-Centered)
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Motivation: Moving Beyond Proxy-NCA

Problems with Proxy-NCA

* Fixed Positive Gradient: All positive examples pull with the same force, regardless of their distance to the proxy.
e Ignores Data-to-Data Hardness: No mechanism to prioritize harder examples within a batch, leading to inefficient learning.

e Limited Fine-Grained Control: Cannot exploit which positives/negatives are more challenging to optimize.

Idea - Use proxies as anchors and compare to all data in the batch

Instead of each data point comparing itself to all proxies, Proxy-Anchor flips this: each proxy now acts as an anchor, evaluating its relationship with all

Ct

positive and negative samples in the batch. This fundamental shift enables more nuanced comparisons.

Key Benefits of Proxy-Anchor

Efficiency

O(N-C) complexity,
matching Proxy-NCA. Much
faster convergence than Triplet
or N-Pair, eliminating costly

tuple mining.

Hardness Weighting

Enables relative hardness
weighting: stronger pulls for
far positives, stronger pushes
for near negatives, optimizing

informative gradients.

O
[

o O
Triplet

Robustness

More robust to noisy labels
and outliers, preserving the
integrity of the proxy

representation.

Hybrid Strength

Combines proxy-based speed
with the fine-grained
structure and rich supervisory

signals of pair-based losses.

O

Q

Kim, Sungyeon, Dongwon Kim, Minsu Cho, and Suha Kwak. "Proxy anchor loss for deep metric learning." In Proceedings of the IEEE/CVF conference on

O

@ o
Q

Proxy-NCA

e ® ]

Proxy-Anchor

computer vision and pattern recognition, pp. 3238-3247. 2020.
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Learning Mechanism: Proxy-Anchor Loss

We use the following loss function:

0.

|P+|Zlog 14 Y el |P|Zlog 14 3 ol

pePt a:EXp* peP acEXp*
Where:

* X is the batch

e P+ isthe set of proxies such that at least an element (a positive) appears in X

e X, is the set of elements in X which are of the same class as proxy p (positives for p)
e «isascaling factor

e sisthe similarity matrix

e §isthe margin

e P is the full set of proxies

o X

» is the set of elements in X which are of a different class from p

We can "read"” the loss as follows:

e (First term) Take all proxies of classes appearing in the batch. For each proxy, maximise the similarities between the proxy and all positives, beyond

margin §. In practice, if s(z,p) > § for all positives, the exponential e - is smaller than zero and log(1 + ...) = 0.

* (Second term) Take all proxies. For each of them, sample negatives and minimise the similarities between the proxy and the negatives below margin 4.

In practice, if s(z,p)) < 4, then e'-- is smaller than zero and the term log(1 +...) ~ 0.

Kim, Sungyeon, Dongwon Kim, Minsu Cho, and Suha Kwak. "Proxy anchor loss for deep metric learning." In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 3238-3247. 2020.
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Weighing on hardness

Unlike Proxy-NCA (which uses constant gradients for positives), each sample's gradient in Proxy-Anchor is normalized by its hardness relative to others in

the batch, enabling data-to-data interactions for more nuanced optimization.

We define positive and negative hardness as follows:

Positive Hardness Negative Hardness

+ _ - _
hy (z) = exp ( — a(s(z,p) - 9)) h, (z) = exp (o (s(z,p) + 9))
b p
Here, positive hardness i (z) is large when a positive sample is far from its proxy, while negative hardness h,, () is large when a negative sample is close
to a proxy. This ensures informative gradients.

Indeed, it can be shown that the gradient weight for each sample is proportional to an exponential hardness term: hard positives (far from the proxy) and

hard negatives (close to the proxy) receive larger updates, while easy samples contribute almost nothing.

Kim, Sungyeon, Dongwon Kim, Minsu Cho, and Suha Kwak. "Proxy anchor loss for deep metric learning." In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 3238-3247. 2020.
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Proxy-Anchor Demo

Metric Learning Lab (© CONVERGED ACC: 100.0% LOSS: 2.8920 STEP: 21

Interactive Manifolds & Architectures

DATA MANIFOLD Input Space 2D Embedding Space Zoom: 18.1x Learned 2D
Clusters Swiss
- ARCHITECTURE e o
e °® gl"
) ) ‘ oF (X
Siamese Triplet 8 . ® & afoe
et e © o ‘sg‘
Proxy NCA Proxy Anchor
ArcFace (Unit Sphere) .
1 ©
A MINING & METRIC #
Random < Cosine <
o
of® *°
e

[> Start Trai > 5 Range: [-18.1, 18.1] (Auto-Centered)

Delta (Margin) (0.9)

0.2707

Learning Rate (0.02)

Hidden Layer Size (10)

& NETWORK ARCHITECTURE
Input (2D) > Hidden (18) > Output (2D)

Scale (s) (24)

@ Proxy Anchor

Treats Proxies as Anchors. Weighs each pair by
difficulty (hardness). Loss pulls Anchor to match
proxy strongly if far, and pushes incorrect proxies
strongly if close.
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Classification Weights ARE Proxies

Revisiting Softmax The Insight
eWyT z+by If we constrain W; and « to be unit vectors (this can be done by
P (y ‘ .’L‘) = <7 dividing the output of the network by its module):
Z BWi T+b;

* W; acts exactly like a Proxy for class j

Let's assume no bias terms b, = b; = 0. . o
e The dot product W; - z measures cosine similarity between the

 The last layer of a classifier computes z; = W; - = input and the class proxy

Classification is Metric Learning if we constrain the

e W; is a weight vector for class j
e The dot product measures similarity between input and class weights ‘

geometry

Fully Connected Layer Class Proxy w;
J

A
m— W’F \ (from W)
11 | W2 |¥Wajl - [Wim \

Comparison
(e.g., Dot Product)

Input Vector x

>

W1 |Wha an * Wam

[ Column j of W

Deng, Jiankang, Jia Guo, Niannan Xue, and Stefanos Zafeiriou. "Arcface: Additive angular margin loss for deep face recognition.” In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pp. 4690-4699. 2019.
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Learning Mechanism: ArcFace Loss

The above intuition is formalised in the the ArcFace, formulated as follows:

es-cos(Qyi +m)

es-cos(ﬂyi +m) + Zj;féyi eS'COS(ej)

L(wia yZ) - = 1Og

Where:

z; is the input data point

y; is its class

s is a feature scale or temperature (a scaling factor)

6, is the angle between proxy W, and data point z; computed as 6, = arccos(WyT x;)

* /misamargin

ArcFace introduces the @ddifive angular margin m to the ground-truth class proxy only, directly optimizing for greater discriminative power in embedding
spaces. This method ensures that feature embeddings for different classes are separated by a clear angular boundary, leading to highly distinct
representations.

The loss function components serve distinct purposes:

» Positive terms: This part of the loss aims to maximize the similarity (represented by cos(8)) between a sample's embedding and its ground-truth
class proxy. The additive margin +m is applied to the angle 6,, which effectively makes the decision boundary for the positive class more stringent. If
6, + m is sufficiently large, meaning the sample is very close to its proxy with the required margin, this term's contribution to the total loss approaches
Zero.

» Negative term: The summation over all other classes j # y in the denominator ensures that the sample's embedding is pushed away from incorrect
class proxies. This term works to minimize the angular similarity to negative classes, thereby enforcing a clear separation. The softmax mechanism
intrinsically drives the decision boundary to create an angular gap where cos(6, + m) > cos(6;) for all other classes.

A A

Touching

Class 1 boundary

r Margin

Class 1

Standard Softmax ArcFace

Deng, Jiankang, Jia Guo, Niannan Xue, and Stefanos Zafeiriou. "Arcface: Additive angular margin loss for deep face recognition.” In Proceedings of the

IEEE/CVF conference on computer vision and pattern recognition, pp. 4690-4699. 2019.
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ArcFace Demo

Metric Learning Lab

Interactive Manifolds & Architectures

i DATA MANIFOLD

Clusters Swiss

ARCHITECTURE
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ArcFace (Unit Sphere)
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( ArcFace (Additive Angular Margin)

Projects embeddings to the Unit Hypersphere. Adds
an angular margin m to the target class angle. Loss: —
log( P_target ) with scaled angles s *
cos(theta + m).
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Metric Learning in the Foundation Model Era

Do we still train from scratch? Often, No.

Foundation Models

CEIP/ DINOV2: Trained on billions of images using Contrastive Learning, these models already possess a powerful and generalized metric space, learned

from vast datasets.

The Modern Workflow

1. Extract features with DINOv2 (Frozen).
2. Train a lightweight "Adapter” or "Head" using ArcFace/Proxy-Anchor.

Result: State-of-the-art performance with a fraction of the cost and data, leveraging pre-trained knowledge.

7 )

i 4

&
"

Foundation Adapter Metric

:{> Model ::> Layer > Learning

(DINOv3) (MLP) Loss

o1nom
01011
011010
o1oom

<7

Data
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How do we know it works?

Visual Assessment (Dimensionality Reduction)

Tools like t-SNE and UMAP project high-dimensional embeddings
(e.g., 512D) into 2D or 3D for human inspection, allowing us to see

how well classes are separated.

The primary goal is to visually confirm that different classes form

distinct, well-separated clusters in the projected space.

(J Visualizations can be misleading! Parameters like
'perplexity’ or mumber of neighbors' in t-SNE/UMAP
significantly alter the perceived shape and separation of
clusters.

Quantitative Metrics (The Truth)

Relying solely on visual cues is insufficient. Robust quantitative

metrics are essential for accurate evaluation:

Recall@K: Measures if the correct match for a given query is

present within the top K retrieved results. Higher is better.

NMI (Normalized Mutual Information): Assesses the quality of
clustering by measuring how well discovered clusters align with

ground-truth class labels. Higher NMI indicates better clustering.

R-Precision: Calculates precision at a cutoff equal to the total
number of relevant items (R) for each query. This gives a balanced

view of retrieval performance.

t-SNE Visualization of Training Progress

Epoch 0: Initial State

Epoch 10: Intermediate Progress

Epoch 100: Final State

Antonino Furnari - Deep Learning Advanced Models and Methods
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Where is Deep Metric Learning used?

Deep Metric Learning powers a variety of real-world applications where precise similarity comparison is crucial for effective results.

Face Recognition Person Re-Identification (Re-
This domain is heavily dominated by ID)

sophisticated Angular Losses like AT¢Face, Re-ID often employs a hybrid approach,
which create highly discriminative feature combining [FHPIEELOSS for fine-grained
embeddings. local detail matching with Softiax/Proxy"
The ability to handle millions of identities _ for robust global cluster

- separation across different camera views.
efficiently makes proxy-based methods P

absolutely essential for large-scale

deployments.

Antonino Furnari - Deep Learning Advanced Models and Methods

Visual Product Search

Applications like "Find similar shoes"
leverage Deep Metric Learning. PXoXys
AREhoT, for instance, is highly effective for
training on massive datasets with 100k+
classes, such as those found in Google

Landmarks or large e-commerce catalogs.

39



Real-World Deployment: Visual Search

The core challenge is how to efficiently search through 100 million or more images and return relevant results within milliseconds.

=

1. Offline Indexing

All catalog images are passed through a pre-
trained Deep Metric Learning backbone to
generate their embeddings. These high-
dimensional vectors are then stored in an
Approximate Nearest Neighbor (ANN) index
like Faiss or HNSW for rapid similarity search.
To optimize memory usage, techniques such as
Product Quantization (PQ) are often applied to

compress these embeddings.

OFFLINE STREAM

Database

Images
“ J \.

ONLINE STREAM

Q
(e

2. Online Query & Embedding

When a user provides an input photo (e.g., of a
shoe), an object detection model first crops the
region of interest. This cropped image is then
fed into the same DML backbone used during
indexing to generate its corresponding
embedding vector, placing the query into the

same metric space as the catalog.

M — _—

"*-—-"'
\-—-"'

Q

3. Retrieval & Ranking

The generated query embedding is used to
perform a "coarse search” on the ANN index,
quickly retrieving the top 1,000 most similar
candidate images. These candidates are then
subjected to a "re-ranking” step, where their
exact cosine distance to the query is calculated,
providing a precise ordering of results for the

user.

1=

User
Smartphone
e vy

Encoder

EMBEDDINGS =
DATABASE sl=
Ranked
Results
2 r i
—fz
Search
5 & Query 2

Ct

Antonino Furnari - Deep Learning Advanced Models and Methods

40



Ct

Collaborative Metric Learning (CML)

In recommender systems, predicting user preferences is key. Collaborative Metric Learning offers a powerful approach to model these interactions by
leveraging distance-based relationships.

The Challenge: Matrix Factorization's Limitations

* Traditional Matrix Factorization (MF) models predict preference via a simple dot product: §,; = u; - v;.

e This approach fundamentally struggles with the [fiangle/Inequality. Just because User U likes Item A, and Item A is similar to Item B, traditional MF
doesn't guarantee U is positioned close to B in its latent space.

» This lack of transitivity can lead to suboptimal recommendations.

The Metric Learning Solution

Collaborative Metric Learning (CML), introduced by Hsieh et al. (WWW 2017), transforms this problem by mapping users and items into a ifiified metric|
Space. The objective is to minimize the distance between User U and their positively interacted items V:

d(u,v) = [[u—v|;

Crucially, CML uses a _ to explicitly push non-interacted items away from the user, ensuring clear separation.

Enforces Transitivity Better Generalization

By operating in a metric space, CML inherently respects the Triangle CML excels with implicit feedback datasets and addresses the "cold
Inequality, allowing for more consistent and logical recommendations start” problem more effectively for new users or items due to its robust
based on inferred similarity. distance-based embedding.

.
Joint User-ltem <. .
Manifold il
: : II:‘om:Emce
- ® - ovie
® o o d
. 5 3
- L] - . - . .
o - _ "~ e .
’ . Movies & 94 ’ ] L e @ ¢
& - .: . L " ° %0 ... E
g : ¢ : o* O
¢ . ° o
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Metric Learning for RAG Pipelines

Deep Metric Learning is pivotal in Retrieval-Augmented Generation (RAG), enabling large language models to find and use relevant information by

training sophisticated text embedding models.

Query Example Positive Document Negative Document
"How do I reset my router?" "To reset your router, hold the button for "The history of the router dates back to..."
10s..."

Training Methodology: Contrastive Learning

e In-Batch Negatives: Leverage other samples within the batch as negatives (e.g., a batch size of N provides N-1 negatives for each query).
e Hard Negative Mining: Crucial for performance, focusing on negatives that are lexically similar but semantically irrelevant.

e Loss Function: Typically -, a softmax-based version of Contrastive Loss.

This process creates a semantic vector space where questions and correct answers are embedded closely, facilitating highly effective vector search for

LLMs.

Dual Encoder Architecture & Vector Search

X, %o o
—_— Vector -- +[ LLM Prompt] —_—
Database
| -
8 :
= Pull k= Passages
== = )
[ 1 'O Ae Contrastive W o [Correct Answer]
User Question |—> = W oy W >
) Loss o @
]
e % [Hard Negative]
. (0
@ o \, J
)
=
Push Away
| S

Note: We will see InfoNCE in details when talking about self-supervised learning.

Antonino Furnari - Deep Learning Advanced Models and Methods
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Metric Learning for Camera Localization

Problem Setup

Given an image, localize the shopping cart in

the supermarket

Emiliano Spera, Antonino Furnari, Sebastiano Battiato, Giovanni M. Farinella (2021). EgoCart: a Benchmark Dataset for Large-Scale Indoor Image-Based

Localization in Retail Stores. IEEE Transactions on Circuits and Systems for Video Technology, 31, pp. 1253-1267.
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Metric Learning for Camera Localization
Dataset Creation

3D Model

Structure from Motion (SfM)

v

P1 }'zv P3

(P.Q)

Attach estimated 6DOF
pose to each image //

Arbitrary Coordinate System (pose/scale)

95
100 105

110 15

120 125 0.0

camera poses rotated poses scaled/aligned poses

Emiliano Spera, Antonino Furnari, Sebastiano Battiato, Giovanni M. Farinella (2021). EgoCart: a Benchmark Dataset for Large-Scale Indoor Image-Based

Localization in Retail Stores. IEEE Transactions on Circuits and Systems for Video Technology, 31, pp. 1253-1267.
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Metric Learning for Camera Localization
Learning the Distance Function

TRIPLET ARCHITECTURE
[Hoffer & Ailon 2015]

._) p(x*) [Wang et al. 2014]

R d, = llo@ — oI,

5 IEI

— )

" r o) Margin Ranking Loss

g | &

> 5 Nl = .

= g le(x) — @)l loss(d,,d_) = max(0,d, —d + margin)
o =
° .__) Al Pairwise Distances

Embedding Network

Triplets formed based on location similarity/dissimilarity:

e Select a random image as anchor
e Select a distant image (distance in camera position over a threshold) as a negative

e Select a close image (distance in camera position below a threshold) as a positive

Note that this approach does not require to define "classes" at all.

Emiliano Spera, Antonino Furnari, Sebastiano Battiato, Giovanni M. Farinella (2021). EgoCart: a Benchmark Dataset for Large-Scale Indoor Image-Based

Localization in Retail Stores. IEEE Transactions on Circuits and Systems for Video Technology, 31, pp. 1253-1267.
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Metric Learning for Camera Localization
Localization Through a 1-NN Search

R
(15,21,15°) (37,144,-12°)  1-NN Search

(16,19,13°)

Q ¥ @ .

Z QD qu erry Image
c

©

= e R T

o » @ _f_,_--f-ff-“"""f .
— & - e (15,21,15 )
= o«

Emiliano Spera, Antonino Furnari, Sebastiano Battiato, Giovanni M. Farinella (2021). EgoCart: a Benchmark Dataset for Large-Scale Indoor Image-Based

Localization in Retail Stores. IEEE Transactions on Circuits and Systems for Video Technology, 31, pp. 1253-1267.
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Metric Learning for Camera Localization
Demo

A
Centro Studi Hs ° YouTu be 2

e /\/._\ . . . .
' Egocentric Shopping Cart Localization

TEST IMAGE

The video shows the performance of the 1-NN approach based on image representations
obtained using deep metric learning (Triplet Networks). On the right, we report the query image...

Emiliano Spera, Antonino Furnari, Sebastiano Battiato, Giovanni M. Farinella (2021). EgoCart: a Benchmark Dataset for Large-Scale Indoor Image-Based
Localization in Retail Stores. IEEE Transactions on Circuits and Systems for Video Technology, 31, pp. 1253-1267.
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Conclusions and Next Steps

We Have Explored:

e Metric Learning Foundations
* Siamese Loss

e Triplet Loss

* Proxy-NCA

e Proxy-Anchor

e ArcFace

AN
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v,

e Applications
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ADVANCED MODELS AND METHODS
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