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Representation Learning: Graphical Abstract
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Representation Learning: Focus on Data
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Mixup: Advanced Data Augmentation

Zhang et al., mixup: Beyond Empirical Risk Minimization, ICLR 2018
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fish: 0.0
shark: 1.0



PhD DefenseSeptember 10, 2024 11

Mixup: Advanced Data Augmentation

interpolating pairs of images

Zhang et al., mixup: Beyond Empirical Risk Minimization, ICLR 2018
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shark: 1.0



PhD DefenseSeptember 10, 2024 12

Mixup: Advanced Data Augmentation

fish: 1.0
shark: 0.0
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and their target labels

fish: 0.4
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Zhang et al., mixup: Beyond Empirical Risk Minimization, ICLR 2018
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Mixup: Advanced Data Augmentation

fish: 1.0
shark: 0.0

fish: 0.0
shark: 1.0

interpolating pairs of images

and their target labels

fish: 0.4
shark: 0.6

Zhang et al., mixup: Beyond Empirical Risk Minimization, ICLR 2018

Mixed image: xmix = λx1 + (1−λ)x2

Mixed label: ymix = λy1 ​ + (1−λ)y2

λ is called interpolation factor
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Manifold Mixup: Advanced Data Augmentation
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fish: 0.0
shark: 1.0
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fish: 0.4
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Verma et al., Manifold Mixup: Better Representations by Interpolating Hidden States, ICML 2018
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Representation Learning: Focus on the Encoder
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Encoder: Convolutional Neural Network

Encoder

Features

Convolutional 
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Krizhevsky et al., ImageNet Classification with Deep Convolutional Neural Networks, NeurIPS 2012
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Encoder: Vision Transformer
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Dosovitskiy et al., An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2021
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Representation Learning: Focus on the Global Representation
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Global Representation in CNNs

Convolutional 
Neural Network

He et al., Deep residual learning for image recognition, CVPR 2016
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Global Representation in ViTs
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Dosovitskiy et al., An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2021
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Representation Learning: Tasks
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Representation Learning: Tasks
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Representation Learning: Tasks
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Tasks: Image Classification vs. Metric Learning

“shark”

Prediction

Encoder

Loss function (Cross Entropy) considers one 
example at a time, independently of others



True Label
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Tasks: Image Classification vs. Metric Learning

“shark”

Loss function (Cross Entropy) considers one 
example at a time, independently of others

Prediction

Encoder

It penalizes the model if the predicted probability 
ŷ does not match the true label y

“fish”
≠

Cross Entropy is thus additive over examples 
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Tasks: Image Classification vs. Metric Learning

Loss functions (e.g. Contrastive) do not consider 
single examples (i.e. pairs)

Encoder

True Label
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Loss function (Cross Entropy) considers one 
example at a time, independently of others

Prediction

Encoder

It penalizes the model if the predicted probability 
ŷ does not match the true label y

“fish”
≠

Cross Entropy is thus additive over examples 

Hadsell et al., Dimensionality Reduction by Learning an Invariant Mapping, CVPR 2006
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Tasks: Image Classification vs. Metric Learning

Encoder

True Label

“shark”

Loss function (Cross Entropy) considers one 
example at a time, independently of others

Prediction

Encoder

It penalizes the model if the predicted probability 
ŷ does not match the true label y (here, binary)

“fish”
≠

Cross Entropy is thus additive over examples 

Loss functions (e.g. Contrastive) do not consider 
single examples (i.e. pairs)

It penalizes the model when the similarity s between 
two examples does not align with their label y, pulling 

positives closer together

Contrastive is thus non-additive over examples 

Positives

Hadsell et al., Dimensionality Reduction by Learning an Invariant Mapping, CVPR 2006
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Tasks: Image Classification vs. Metric Learning

Encoder
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Loss function (Cross Entropy) considers one 
example at a time, independently of others

Prediction

Encoder

It penalizes the model if the predicted probability 
ŷ does not match the true label y (here, binary)

“fish”
≠

Cross Entropy is thus additive over examples 

Loss functions (e.g. Contrastive) do not consider 
single examples (i.e. pairs)

It penalizes the model when the similarity s between 
two examples does not align with their label y, pushing 

negatives further apart

Contrastive is thus non-additive over examples 

Negatives

Hadsell et al., Dimensionality Reduction by Learning an Invariant Mapping, CVPR 2006
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Tasks: Image Classification vs. Metric Learning

Encoder

True Label

“shark”

Loss function (Cross Entropy) considers one 
example at a time, independently of others

Prediction

Encoder

It penalizes the model if the predicted probability 
ŷ does not match the true label y (here, binary)

“fish”
≠

Classes are exactly the same in training and test

Loss functions (e.g. Contrastive) do not consider 
single examples (i.e. pairs)

It penalizes the model when the similarity s between 
two examples does not align with their label y, pushing 

negatives further apart

Classes are different in training and test (zero-shot recognition)

Negatives

Hadsell et al., Dimensionality Reduction by Learning an Invariant Mapping, CVPR 2006
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Visual Representation Learning: Graphical Abstract
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Multimodal Representation Learning: Graphical Abstract
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Multimodal Representation Learning: Full Graphical Abstract
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Multimodal Representation Learning: Tasks
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Multimodal Representation Learning: Tasks
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CLIP: Contrastive Language-Image Pretraining
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Radford et al., Learning Transferable Visual Models From Natural Language Supervision, PMLR 2021

Embeddings are 
on the same space
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CLIP: Contrastive Language-Image Pretraining
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CLIP: Contrastive Language-Image Pretraining
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Radford et al., Learning Transferable Visual Models From Natural Language Supervision, PMLR 2021
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Zero-Shot Recognition with CLIP
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Zero-Shot Recognition with CLIP
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Zero-Shot Recognition with CLIP
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Zero-Shot Recognition with CLIP
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Main Objectives

Data-centric perspective via advanced data augmentation (mixup)

Model-centric perspective via model architecture component (pooling)

Introduce a new task into Remote Sensing and a new flexible method

Expand the task of domain conversion in composed image retrieval 
and introduce a discrete-space memory-based textual inversion method

1. Address the challenges of learning and improving visual representations from a:

2. Leverage the multimodal capabilities of a pre-trained, frozen VLM to:
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Main Contributions

✓ Develop a generic way of representing and interpolating labels, allowing 
the straightforward extension of any kind on mixup to metric learning.

✓ Introduce and systematically evaluate a novel mixup method (Metrix).

✓ Formulate a generic pooling framework, allowing easy inspection of a wide 
range of methods. Utilize it to derive an attention-based pooling (SimPool)

✓ Quantitatively evaluate the attention maps of SimPool through 
experiments using them for object localization and object discovery.
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Main Contributions

✓ Introduce a new task, Remote Sensing Composed Image Retrieval, 
accompanied by a new benchmark dataset, PatternCom, to facilitate evaluation.

✓ Develop a training-free method, WeiCom, leveraging a pre-trained, frozen 
VLM, utilizing a control parameter for more image- or text-oriented search 
results. 

✓ Expand the task of domain conversion in composed image retrieval, by 
introducing new benchmark datasets.  

✓ Develop a training-free, discrete-space memory-based textual inversion 
method, FreeDom, leveraging a pre-trained, frozen VLM. 



2. Visual Representations
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Learning Visual Representations 
via Data Augmentation
[Metrix]
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Venkataramanan*, Psomas* et al. It Takes Two to Tango: 
Mixup for Deep Metric Learning, ICLR 2022

Source code: https://github.com/billpsomas/metrix
*equal contribution

https://github.com/billpsomas/metrix/
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Recap: Image Classification vs. Metric Learning

Encoder

True Label

“shark”

Loss function (Cross Entropy) considers one 
example at a time, independently of others

Prediction

Encoder

“fish”
≠

Cross Entropy is thus additive over examples 

Loss functions (e.g. Contrastive) do not consider 
single examples (i.e. pairs)

Contrastive is thus non-additive over examples 

Positives

Classes are exactly the same in training and test Classes are different in training and test

Hadsell et al., Dimensionality Reduction by Learning an Invariant Mapping, CVPR 2006
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Motivation: Mixup for Metric Learning?
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Loss function (Cross Entropy) considers one 
example at a time, independently of others

Prediction

Encoder

“fish”
≠

Cross Entropy is thus additive over examples 

Loss functions (e.g. Contrastive) do not consider 
single examples (i.e. pairs)

Contrastive is thus non-additive over examples 

Positives

Classes are exactly the same in training and test Classes are different in training and test

Motivation: Mixup should play a significant role!
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Related Work: Mixup for Metric Learning

Motivation: Mixup should play a significant role!

Ko & Gu, Augmentation in embedding space for deep metric learning, CVPR 2020
Gu et al., Proxy synthesis: Learning with synthetic classes for deep metric learning, AAAI 2021
Kalantidis et al., Hard negative mixing for contrastive learning, NeurIPS 2020

Embedding Expansion
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Related Work: Mixup for Metric Learning

Motivation: Mixup should play a significant role!

Ko & Gu, Augmentation in embedding space for deep metric learning, CVPR 2020
Gu et al., Proxy synthesis: Learning with synthetic classes for deep metric learning, AAAI 2021
Kalantidis et al., Hard negative mixing for contrastive learning, NeurIPS 2020

Embedding Expansion

Interpolates pairs of embeddings
in a deterministic way within the 

same class (positives).

Interpolates only positives; does 
not interpolate labels.
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Related Work: Mixup for Metric Learning

Motivation: Mixup should play a significant role!

Ko & Gu, Augmentation in embedding space for deep metric learning, CVPR 2020
Gu et al., Proxy synthesis: Learning with synthetic classes for deep metric learning, AAAI 2021
Kalantidis et al., Hard negative mixing for contrastive learning, NeurIPS 2020

Embedding Expansion

Interpolates pairs of embeddings
in a deterministic way within the 

same class (positives).

Proxy Synthesis

Interpolates between classes, 
applying to proxy-based losses

only.

Risks synthesizing false negatives 
when the interpolation factor λ

is close to 0 or 1.

Interpolates only positives; does 
not interpolate labels.
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Related Work: Mixup for Metric Learning

Motivation: Mixup should play a significant role!

Ko & Gu, Augmentation in embedding space for deep metric learning, CVPR 2020
Gu et al., Proxy synthesis: Learning with synthetic classes for deep metric learning, AAAI 2021
Kalantidis et al., Hard negative mixing for contrastive learning, NeurIPS 2020

Embedding Expansion

Interpolates pairs of embeddings
in a deterministic way within the 

same class (positives).

Proxy Synthesis

Interpolates between classes, 
applying to proxy-based losses

only.

MoCHi

Interpolates anchor with 
negative embeddings.

Interpolates only positives; does 
not interpolate labels.

Risks synthesizing false negatives 
when the interpolation factor λ

is close to 0 or 1.

Does not interpolate labels, 
chooses λ in [0, 0.5] to avoid 

false negatives.
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Why Mixup is difficult in Metric Learning?
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Why Mixup is difficult in Metric Learning?

Cross Entropy is additive over examples Contrastive is non-additive over examples 

Recap!
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Why Mixup is difficult in Metric Learning?

Cross Entropy is additive over examples Contrastive is non-additive over examples 

Mixup involves linear interpolation between 
examples and their labels

Recap!
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Why Mixup is difficult in Metric Learning?

Cross Entropy is additive over examples Contrastive is non-additive over examples 

Mixup involves linear interpolation between 
examples and their labels

In Classification, we can easily interpolate 
between two labels, e.g., for 𝑦=1 and 𝑦′=0, we 

can mix them as 𝜆𝑦+(1−𝜆)𝑦′.

Recap!
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Why Mixup is difficult in Metric Learning?

Cross Entropy is additive over examples Contrastive is non-additive over examples 

Mixup involves linear interpolation between 
examples and their labels

In Classification, we can easily interpolate 
between two labels, e.g., for 𝑦=1 and 𝑦′=0, we 

can mix them as 𝜆𝑦+(1−𝜆)𝑦′.

In Metric Learning, we are dealing with binary 
labels for pairs (positives = 1, negatives = 0).

If we mix a positive and a negative example, how 
we define the label for the mixed example?

Recap!
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Why Mixup is difficult in Metric Learning?

Cross Entropy is additive over examples Contrastive is non-additive over examples 

Mixup involves linear interpolation between 
examples and their labels

In Classification, we can easily interpolate 
between two labels, e.g., for 𝑦=1 and 𝑦′=0, we 

can mix them as 𝜆𝑦+(1−𝜆)𝑦′.

In Metric Learning, we are dealing with binary 
labels for pairs (positives = 1, negatives = 0).

If we mix a positive and a negative example, how 
we define the label for the mixed example?

Problem with label interpolation!

Recap!
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Towards Solution: The Generic Loss Formulation
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Towards Solution: The Generic Loss Formulation

Anchor point from the training set
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Towards Solution: The Generic Loss Formulation

Pair of an example and its binary label
(𝑦=1 for positives, 𝑦=0 for negatives)
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Towards Solution: The Generic Loss Formulation

The union of positives and negatives of anchor
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Towards Solution: The Generic Loss Formulation

A decreasing function of similarity between 
anchor and positive example
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Towards Solution: The Generic Loss Formulation

An increasing function of similarity between 
anchor and negative example
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Towards Solution: The Generic Loss Formulation

Non-linear functions



PhD DefenseSeptember 10, 2024 68

Towards Solution: The Generic Loss Formulation

This formulation serves as a unifying framework for various existing loss functions
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The Mixed Loss Function: Achieving Mixup in Metric Learning

There is still no mixup happening here:
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The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:
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The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:

Pair of examples 
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The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:

Pair of labels 
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The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:

The mixed embedding of the pair of examples 
with interpolation factor λ



PhD DefenseSeptember 10, 2024 74

The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:

The interpolated label, which is no longer binary 
but in [0,1]



PhD DefenseSeptember 10, 2024 75

The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:

The set of pairs of examples to mix
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The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:

The set of pairs of examples to mix.

We allow mixing between: 
positive – positive
positive – negative 
negative – negative
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The Mixed Loss Function: Achieving Mixup in Metric Learning

We define the set of labeled mixed embeddings:

There is still no mixup happening here:

So, now, the mixed loss function:
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The Mixed Loss Function: Achieving Mixup in Metric Learning

So, now, the mixed loss function:

✓With this formulation, every mixed embedding contributes to both positive and negative terms, 
especially in positive-negative pairs

Key Insights:
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The Mixed Loss Function: Achieving Mixup in Metric Learning

So, now, the mixed loss function:

✓With this formulation, every mixed embedding contributes to both positive and negative terms, 
especially in positive-negative pairs

✓ The label is interpolated (𝑦 in [0,1])  both terms are non-zeromixup achieved 

Key Insights:
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The Mixed Loss Function: Achieving Mixup in Metric Learning

So, now, the mixed loss function:

✓With this formulation, every mixed embedding contributes to both positive and negative terms, 
especially in positive-negative pairs

✓ The label is interpolated (𝑦 in [0,1])  both terms are non-zeromixup achieved 

✓ For positive-negative pairs, the mixed embedding behaves both positive and negative to varying 
degrees based on λ

Key Insights:
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Metrix: Mixup in Metric Learning

Metrix (= Metric Mix) allows an anchor to interact with positive, negative and 
interpolated examples, which also have interpolated labels
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Metrix types

Metrix/input

Encoder

Metrix/embed
Metrix/feature 

or Metrix
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Quantitative Evaluation

Evaluating the impact of Metrix on four metric learning loss functions; ResNet-50 with 
embedding size d=512; Recall@K on four datasets.
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Quantitative Evaluation

Evaluating the impact of Metrix on four metric learning loss functions; ResNet-50 with 
embedding size d=512; Recall@K on four datasets.
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Quantitative Evaluation

Evaluating the impact of Metrix on four metric learning loss functions; ResNet-50 with 
embedding size d=512; Recall@K on four datasets.

+2.1%

+1.9%

+1.4%

+1.1%
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Quantitative Evaluation

Comparison of Metrix/input and Metrix/embed with other mixing methods; ResNet-50 
with embedding size d=512; Recall@K on four datasets.
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Quantitative Evaluation

Comparison of Metrix/input and Metrix/embed with other mixing methods; ResNet-50 
with embedding size d=512; Recall@K on four datasets.
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Quantitative Evaluation

Comparison of Metrix/input and Metrix/embed with other mixing methods; ResNet-50 
with embedding size d=512; Recall@K on four datasets.

+0.6%

+1.5%

+0.8%
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Summarizing Insights

 Introduce a direct extension of mixup from classification to metric learning

 Develop a generic way of representing and interpolating labels, allowing the 
straightforward extension of any kind on mixup to metric learning for a large 
class of loss functions

 Propose and systematically evaluate a novel mixup method under different 
settings



Learning Visual Representations 
via Model Architecture Component
[SimPool]
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Psomas et al. Keep It SimPool: Who Said Supervised 
Transformers Suffer from Attention Deficit?, ICCV 2023

Source code: https://github.com/billpsomas/simpool

https://github.com/billpsomas/simpool
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Recap: Global Representation in CNNs vs. ViTs

Convolutional 
Neural Network

Vision 
Transformer

Dosovitskiy et al., An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, ICLR 2021



Related Work: Supervised ViTs have “low-quality” attention maps
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ViT-S on Imagenet-1k; mean attention map of the [CLS]; final block
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Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021

ViT-S on Imagenet-1k; images from COCO val set; 
attention maps of the [CLS] for 3 different heads; final block

Supervised Self-supervised w/ DINO
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Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021

ViT-S on Imagenet-1k; images from COCO val set; 
attention maps of the [CLS] for 3 different heads; final block

Supervised Self-supervised w/ DINO

Is supervision the problem?
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- Pooling at the very last step of both network types improving over default?
- Pooling for high-quality spatial attention?
- Validity in both supervised and self-supervised settings?



Generic Pooling Framework

PhD DefenseSeptember 10, 2024 100

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Generic Pooling Framework

PhD DefenseSeptember 10, 2024 101

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Generic Pooling Framework

PhD DefenseSeptember 10, 2024 102

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Generic Pooling Framework

PhD DefenseSeptember 10, 2024 103

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Generic Pooling Framework

PhD DefenseSeptember 10, 2024 104

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Generic Pooling Framework

PhD DefenseSeptember 10, 2024 105

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Generic Pooling Framework

PhD DefenseSeptember 10, 2024 106

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Formulate methods as instantiations 

PhD DefenseSeptember 10, 2024 107

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

simple, k=1, 
non-attention



Formulate methods as instantiations 

PhD DefenseSeptember 10, 2024 108

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

simple, k=1, 
non-attention

k>1



Formulate methods as instantiations 

PhD DefenseSeptember 10, 2024 109

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

simple, k=1, 
non-attention

k>1

modules 
within arch.



Formulate methods as instantiations 

PhD DefenseSeptember 10, 2024 110

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

simple, k=1, 
non-attention

k>1

modules 
within arch.

vision 
transformers



Discuss and derive

PhD DefenseSeptember 10, 2024 111

used in 
category-level 

tasks

iterative

# pooled 
vectors

init.
pooled 
vectors

query 
mapping

key
mapping

similarity
function

attention 
map

value
mapping

pooling 
function

output 
mapping

output 
mapping

classification 
accuracy on 
ImageNet-1k

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

simple, k=1, 
non-attention

k>1

modules 
within arch.

vision 
transformers



SimPool

PhD DefenseSeptember 10, 2024 112

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



SimPool

PhD DefenseSeptember 10, 2024 113

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



SimPool

PhD DefenseSeptember 10, 2024 114

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



SimPool

PhD DefenseSeptember 10, 2024 115

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



SimPool

PhD DefenseSeptember 10, 2024 116

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Property: “Universal” (Network & Settings)
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

Classification accuracy on ImageNet-1k; 
Supervised training; 

Baseline: GAP for convolutional, [CLS] for transformers.
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Classification accuracy on ImageNet-1k; 
Supervised training; 

Baseline: GAP for convolutional, [CLS] for transformers.
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

Classification accuracy on ImageNet-1k; 
Supervised training; 

Baseline: GAP for convolutional, [CLS] for transformers.

Classification accuracy on ImageNet-1k; 
Self-supervised pre-training w/ DINO; 

Baseline: GAP for convolutional, [CLS] for transformers.
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

Classification accuracy on ImageNet-1k; 
Supervised training; 

Baseline: GAP for convolutional, [CLS] for transformers.

Classification accuracy on ImageNet-1k; 
Self-supervised pre-training w/ DINO; 

Baseline: GAP for convolutional, [CLS] for transformers.
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023
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ViT-S on Imagenet-1k; mean attention map of the [CLS] vs. SimPool attention map
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023
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ViT-S on Imagenet-1k; mean attention map of the [CLS] vs. SimPool attention map
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023
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image

block 1 block 2 block 3 block 4 block 5 block 6 block 7 block 8 block 9 block 10 block 11 block 12

ViT-S on Imagenet-1k; supervised training; 
mean attention map of the [CLS]
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

input
image

block 1 block 2 block 3 block 4 block 5 block 6 block 7 block 8 block 9 block 10 block 11 block 12 SimPool

ViT-S on Imagenet-1k; supervised training; 
mean attention map of the [CLS] vs. SimPool attention map
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Choe et al., Evaluating weakly supervised object localization methods right, CVPR 2020
Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021
Simeoni et al., Localizing Objects with Self-Supervised Transformers and no Labels, BMVC 2021

What does “high-quality” attention maps mean? 
How can we quantitatively evaluate the quality of the attention maps?
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Choe et al., Evaluating weakly supervised object localization methods right, CVPR 2020
Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021
Simeoni et al., Localizing Objects with Self-Supervised Transformers and no Labels, BMVC 2021

Object localization MaxBoxAccV2 with ViT-S;
Baseline: mean attention map of the [CLS];

SimPool attention map; 
@20: at epoch 20

What does “high-quality” attention maps mean? 
How can we quantitatively evaluate the quality of the attention maps?
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Choe et al., Evaluating weakly supervised object localization methods right, CVPR 2020
Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021
Simeoni et al., Localizing Objects with Self-Supervised Transformers and no Labels, BMVC 2021

Object localization MaxBoxAccV2 with ViT-S;
Baseline: mean attention map of the [CLS];

SimPool attention map; 
@20: at epoch 20

Unsupervised object discovery CorLoc with ViT-S;
DINO-seg uses attention maps;

LOST uses raw features;
@20: at epoch 20

What does “high-quality” attention maps mean? 
How can we quantitatively evaluate the quality of the attention maps?
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Choe et al., Evaluating weakly supervised object localization methods right, CVPR 2020
Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021
Simeoni et al., Localizing Objects with Self-Supervised Transformers and no Labels, BMVC 2021

Object localization MaxBoxAccV2 with ViT-S;
Baseline: mean attention map of the [CLS];

SimPool attention map; 
@20: at epoch 20

Unsupervised object discovery CorLoc with ViT-S;
DINO-SEG uses attention maps;

LOST uses raw features;
@20: at epoch 20

 Up to +14% when supervised and up to +7%
when self-supervised

What does “high-quality” attention maps mean? 
How can we quantitatively evaluate the quality of the attention maps?
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Choe et al., Evaluating weakly supervised object localization methods right, CVPR 2020
Caron et al., Emerging Properties in Self-Supervised Vision Transformers, ICCV 2021
Simeoni et al., Localizing Objects with Self-Supervised Transformers and no Labels, BMVC 2021

Object localization MaxBoxAccV2 with ViT-S;
Baseline: mean attention map of the [CLS];

SimPool attention map; 
@20: at epoch 20

Unsupervised object discovery CorLoc with ViT-S;
DINO-SEG uses attention maps;

LOST uses raw features;
@20: at epoch 20

 Up to +25% for DINO-seg and up to +6% for LOST

What does “high-quality” attention maps mean? 
How can we quantitatively evaluate the quality of the attention maps?

 Up to +14% when supervised and up to +7%
when self-supervised
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Choe et al., Evaluating weakly supervised object localization methods right, CVPR 2020

Object localization MaxBoxAccV2 with ViT-S;
Baseline: mean attention map of the [CLS];

SimPool attention map; 
@20: at epoch 20

Object localization on ImageNet-1k; 
green: ground-truth; red: baseline; blue: SimPool

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023



Summarizing Insights

PhD DefenseSeptember 10, 2024 135

Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

SimPool:

 Improves performance of convolutional networks and transformers 
under supervised or self-supervised setting

 Outperforms the other pooling methods
 Incurs low additional cost
 Produces high-quality attention maps that delineate object boundaries
 Presents strong localization properties



3. Multimodal Representations
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Extracting Multimodal Representations 
for Remote Sensing Composed Image Retrieval
[WeiCom]
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Psomas et al. Composed Image Retrieval for Remote Sensing, IGARSS 2024

Source code: https://github.com/billpsomas/rscir

https://github.com/billpsomas/rscir/
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Related Work: Remote Sensing Image Retrieval

query image

Dongyang et al., Exploiting low dimensional features from the mobilenets for remote sensing image retrieval, Earth Science Informatics, 2020
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Dongyang et al., Exploiting low dimensional features from the mobilenets for remote sensing image retrieval, Earth Science Informatics, 2020
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Related Work: Remote Sensing Image Retrieval

query image

Dongyang et al., Exploiting low dimensional features from the mobilenets for remote sensing image retrieval, Earth Science Informatics, 2020
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Related Work: Remote Sensing Image Retrieval

query image top-k retrieved images

descending order of 
similarity to the query image

Dongyang et al., Exploiting low dimensional features from the mobilenets for remote sensing image retrieval, Earth Science Informatics, 2020
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Related Work: Remote Sensing Image Retrieval

query image

residential residential basketball 
court

parking 
space

residential

top-k retrieved images

Dongyang et al., Exploiting low dimensional features from the mobilenets for remote sensing image retrieval, Earth Science Informatics, 2020
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Related Work: Remote Sensing Image Retrieval
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top-k retrieved images

Dongyang et al., Exploiting low dimensional features from the mobilenets for remote sensing image retrieval, Earth Science Informatics, 2020
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Related Work: Remote Sensing Image Retrieval

unisource

single-label

query image

residential residential basketball 
court

parking 
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top-k retrieved images

cross-source

Zhou et al., Remote sensing image retrieval in the past decade: Achievements, challenges, and future directions, IEEE J-STARS, 2023
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Related Work: Remote Sensing Image Retrieval

unisource

single-label

query image

residential residential basketball 
court

parking 
space

residential

top-k retrieved images

multi-label

cars, grass, 
pavement

cars, grass, 
pavement

cars, grass, 
pavement

cars, 
pavement

pavement

cross-source

Zhou et al., Remote sensing image retrieval in the past decade: Achievements, challenges, and future directions, IEEE J-STARS, 2023
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Related Work: Remote Sensing Image Retrieval

unisource
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Limitation of Remote Sensing Image Retrieval

unisource

cross-source

single-label

query image

multi-label

view

query image

query image

query of
single modality! 
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Limitation of Remote Sensing Image Retrieval

unisource

cross-source

single-label

query image

multi-label

view

query image

query image

query of
single modality!

restricts users 
from expressing 

specific 
requirements…
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Remote Sensing Composed Image Retrieval
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Remote Sensing Composed Image Retrieval

query image
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Remote Sensing Composed Image Retrieval

query image

query text

“dense”
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Remote Sensing Composed Image Retrieval

query image

query text

“dense”
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Remote Sensing Composed Image Retrieval

query image

top-k retrieved images

query text

“dense”

expressive and flexible
search!
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Our method, WeiCom

Radford et al., Learning transferable visual models from natural language supervision, ICML, 2021
Liu et al., Remoteclip: A vision language foundation model for remote sensing, IEEE TGRS, 2024
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Our method, WeiCom



PhD DefenseSeptember 10, 2024 159

Our method, WeiCom



PhD DefenseSeptember 10, 2024 160

Our method, WeiCom



PhD DefenseSeptember 10, 2024 161

Our method, WeiCom



PhD DefenseSeptember 10, 2024 162

Our method, WeiCom
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WeiCom’s control parameter λ

query image
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WeiCom’s control parameter λ

query image query text

“dense”

“concrete”

image only
λ=0
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retrieved images
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PatternCom, our benchmark dataset

Statistics for color and shape attributes of PatternCom

Zhou et al., Patternnet: A benchmark dataset for performance evaluation of remote sensing image retrieval, ISPRS Journal, 2018
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PatternCom, our benchmark dataset

Statistics for color and shape attributes of PatternCom
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PatternCom, our benchmark dataset

Statistics for color and shape attributes of PatternCom

>21k queries in total!

query image

query text

“oval”

query text

“kidney-
shaped”

retrieved 
image

retrieved 
image
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PatternCom: attributes

query image query text retrieved image

“purple”(a) color
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PatternCom: attributes

query image query text retrieved image
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query image query text retrieved image

“water”(b) context



PhD DefenseSeptember 10, 2024 179

PatternCom: attributes

query image query text retrieved image
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PatternCom: attributes

query image query text retrieved image

“purple”(a) color

“dense”(c) density

query image query text retrieved image

“water”(b) context

“full”(d) existence
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PatternCom: attributes

query image query text retrieved image

“purple”(a) color

“dense”(c) density

“four”(e) quantity
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PatternCom: attributes

query image query text retrieved image

“purple”(a) color

“dense”(c) density

“four”(e) quantity

query image query text retrieved image

“water”(b) context

“full”(d) existence

“oval”(f) shape
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Quantitative Evaluation

CLIP

Radford et al., Learning transferable visual models from natural language supervision, ICML, 2021



Liu et al., Remoteclip: A vision language foundation model for remote sensing, IEEE TGRS, 2024
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Quantitative Evaluation

CLIP

RemoteCLIP

Attribute modification mAP (%); comparison of WeiCom with baselines.
For each attribute value, average mAP over all the rest attribute values.
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Quantitative Evaluation

CLIP

RemoteCLIP

Attribute modification mAP (%); comparison of WeiCom with baselines.
For each attribute value, average mAP over all the rest attribute values.

+9%
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Quantitative Evaluation

CLIP

RemoteCLIP

Attribute modification mAP (%); comparison of WeiCom with baselines.
For each attribute value, average mAP over all the rest attribute values.

+15.1%
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Quantitative Evaluation

CLIP

RemoteCLIP

Attribute modification mAP (%); comparison of WeiCom with baselines.
For each attribute value, average mAP over all the rest attribute values.

+5.4%



PhD DefenseSeptember 10, 2024 188

Summarizing Insights

 Introduce Remote Sensing Composed Image Retrieval, accompanied with 
PatternCom, a benchmark dataset

 Demonstrate its versatility through use cases modifying attributes like 
color and shape

 Introduce WeiCom, a training-free method utilizing a modality control 
parameter λ 



Extracting Multimodal Representations
via Discrete-Space Textual Inversion
[FreeDom]

September 10, 2024 189 PhD Defense

Efthymiadis, Psomas et al. Composed Image Retrieval for
Training-Free Domain Conversion, WACV 2025 [under review]

Source code: TBA
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Recap: Zero-Shot Recognition with CLIP

Image
Encoder

“A photo of a cat”

Text
Encoder

T1

“A photo of a dog”

I1

T2

Radford et al., Learning Transferable Visual Models From Natural Language Supervision, PMLR 2021

Unseen 
class

“A photo of a zebra”

“A photo of a horse”

Text 
descriptions

T3

T4

Tokenizer

I1

T1 T1⋅I1

T2 T2⋅I1

T3 T3⋅I1

T4 T4⋅I1

Similarity
Computation

“A photo of 
a horse”
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Query
Image

Query 
Text

TokenizerA photo of *

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

TokenizerA photo of *

Query
Image

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

Tokenizer
Le

ar
n
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le

A photo of *

Query
Image

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

TokenizerA photo of *

Query
Image

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

TokenizerA photo of *

Query
Image

Lcos

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

TokenizerA photo of *

Query
Image

Lcos

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

TokenizerA photo of *

Query
Image

Done ✓

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

TokenizerA photo of *

Query
Image

Done ✓

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

Tokenizer

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023

Database

Le
ar

n
ed

.

.

.



An origami of *

PhD DefenseSeptember 10, 2024 200

Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

Tokenizer

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

Tokenizer

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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An origami of *
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Related Work: Continuous-Space Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

Tokenizer

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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Continuous-Space Textual Inversion: The Issue

Text
Encoder

Query 
Text

Tokenizer

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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This neighborhood is not
something the text 

encoder knows from 
training!
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Continuous-Space Textual Inversion: The Issue

Text
Encoder

Query 
Text

Tokenizer

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023
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This neighborhood is not
something the text 

encoder knows from 
training!

Because this input vector is not 
close to the inputs of training!
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Continuous-Space Textual Inversion: The Issue

Text
Encoder

Query 
Text

Tokenizer

Baldrati et al., Zero-Shot Composed Image Retrieval with Textual Inversion, ICCV 2023

Le
ar

n
ed

This neighborhood is not
something the text 

encoder knows from 
training!

Because this input vector is not 
close to the inputs of training!

This pseudo-word does not 
have to exist as a real word…



PhD DefenseSeptember 10, 2024 206

Solution: Discrete-Space Memory-Based Textual Inversion

Text
Encoder

TokenizerTextual 
Memory .

.

.
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Solution: Discrete-Space Memory-Based Textual Inversion
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Image
Encoder



PhD DefenseSeptember 10, 2024 208

Solution: Discrete-Space Memory-Based Textual Inversion

Text
Encoder

TokenizerTextual 
Memory .

.

.

Query
Image

Image
Encoder

Zebra
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Solution: Discrete-Space Memory-Based Textual Inversion
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Encoder

Query 
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Tokenizer

Database
.
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Image
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Solution: Discrete-Space Memory-Based Textual Inversion

Image
Encoder

Text
Encoder

Query 
Text

Tokenizer

Database
.
.
.

Retrieved 
Image
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Composed Image Retrieval for Domain Conversion

image query text query: “cartoon” text query: “origami” text query: “toy”

Saito et al., Pic2word: Mapping pictures to words for zero-shot composed image retrieval, CVPR 2023
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Composed Image Retrieval for Domain Conversion

image query text query: “cartoon” text query: “origami” text query: “toy”

Saito et al., Pic2word: Mapping pictures to words for zero-shot composed image retrieval, CVPR 2023
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Composed Image Retrieval for Domain Conversion

image: category
domain: style

image query text query: “cartoon” text query: “origami” text query: “toy”

Saito et al., Pic2word: Mapping pictures to words for zero-shot composed image retrieval, CVPR 2023

ImageNet-R
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Domain Conversion: Our Benchmarks 

image: category
domain: style

image: category
domain: context

image query text query: “cartoon” text query: “origami” text query: “toy”

image query text query: “grass” text query: “autumn” text query: “rock”

ImageNet-R

NICO++
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Domain Conversion: Our Benchmarks 

image: category
domain: style

image: category
domain: context

image: instance
domain: style

image query text query: “cartoon” text query: “origami” text query: “toy”

image query text query: “grass” text query: “autumn” text query: “rock”

image query text query: “archive” image query text query: “today”

ImageNet-R

NICO++

LTLL
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Domain Conversion: Our Benchmarks 

image: category
domain: style

image: category
domain: context

image: instance
domain: style

image query text query: “cartoon” text query: “origami” text query: “toy”

image query text query: “grass” text query: “autumn” text query: “rock”

image query text query: “archive” image query text query: “today”

ImageNet-R

NICO++

LTLL

+1 more benchmark
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Continuous-Space vs. Discrete-Space Memory-Based
Continuous-Space Textual 

Inversion with SEARLE
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Continuous-Space vs. Discrete-Space Memory-Based

Discrete-Space Memory-
Based Textual Inversion 

with our method, 
FreeDom
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Continuous-Space vs. Discrete-Space Memory-Based
Number of words retrieved 

from textual memory
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Continuous-Space vs. Discrete-Space Memory-Based
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Number of words retrieved 
from textual memory



PhD DefenseSeptember 10, 2024 221

Continuous-Space vs. Discrete-Space Memory-Based
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Number of words retrieved 
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Problem with our instance-
level LTLL dataset
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Continuous-Space vs. Discrete-Space Memory-Based
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Number of words retrieved 
from textual memory

Makes sense: A single word 
cannot describe an instance well…
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Continuous-Space vs. Discrete-Space Memory-Based
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Number of words retrieved 
from textual memory

This can be fixed using more 
words 
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Continuous-Space vs. Discrete-Space Memory-Based
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Our Full Method: FreeDom
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Our Full Method: FreeDom
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Our Full Method: FreeDom



PhD DefenseSeptember 10, 2024 228

Our Full Method: FreeDom
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Our Full Method: FreeDom
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Our Full Method: FreeDom
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Our Full Method: FreeDom
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Our Full Method: FreeDom

Three hyperparameters:
1. Number of proxy images (k)

Here, k=4
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Our Full Method: FreeDom

Three hyperparameters:
1. Number of proxy images (k)
2. Number of labels per proxy (n)

Here, n=3
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Our Full Method: FreeDom

Three hyperparameters:
1. Number of proxy images (k)
2. Number of labels per proxy (n)
3. Number of selected words (m)

Here, m=2
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FreeDom: Ablations

Three hyperparameters Three method components

The effect of number of selected words (m) on each 
FreeDom component
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FreeDom: Ablations

Three hyperparameters Three method components

The effect of number of selected words (m) on each 
FreeDom component

Continuous-Space Textual Inversion with SEARLE
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FreeDom: Ablations

Three hyperparameters Three method components

The effect of number of selected words (m) on each 
FreeDom component

Continuous-Space Textual Inversion with SEARLE

Discrete-Space Textual Inversion with FreeDom (Textual Memory)
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FreeDom: Ablations

Three hyperparameters Three method components

The effect of number of selected words (m) on each 
FreeDom component

Continuous-Space Textual Inversion with SEARLE

Discrete-Space Textual Inversion with FreeDom (Textual Memory)

+ Visual Memory
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FreeDom: Ablations

Three hyperparameters Three method components

The effect of number of selected words (m) on each 
FreeDom component

Continuous-Space Textual Inversion with SEARLE

Discrete-Space Textual Inversion with FreeDom (Textual Memory)

+ Visual Memory

+ Frequencies as Weights
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FreeDom: Ablations

Three hyperparameters Three method components

The effect of number of selected words (m) on each 
FreeDom component

Continuous-Space Textual Inversion with SEARLE

Discrete-Space Textual Inversion with FreeDom (Textual Memory)

+ Visual Memory

+ Frequencies as Weights
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FreeDom: Ablations
Three hyperparameters:
1. Number of proxy images (k)
2. Number of labels per proxy (n)
3. Number of selected words (m)

The effect of number of proxy images (k) and number of 
labels per proxy (n) in FreeDom

The effect of number of selected words (m) on each 
FreeDom component
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FreeDom: Ablations
Best hyperparameters:
1. Number of proxy images k = 20
2. Number of labels per proxy n = 7
3. Number of selected words m = 7

The effect of number of proxy images (k) and number of 
labels per proxy (n) in FreeDom

The effect of number of selected words (m) on each 
FreeDom component
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Quantitative Evaluation

Domain Conversion mAP (%) on four datasets; comparison of FreeDom with baselines and competitors.
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Quantitative Evaluation

Domain Conversion mAP (%) on four datasets; comparison of FreeDom with baselines and competitors.



PhD DefenseSeptember 10, 2024 246

Quantitative Evaluation

Domain Conversion mAP (%) on four datasets; comparison of FreeDom with baselines and competitors.
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Quantitative Evaluation

Domain Conversion mAP (%) on four datasets; comparison of FreeDom with baselines and competitors.
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Quantitative Evaluation

Domain Conversion mAP (%) on four datasets; comparison of FreeDom with baselines and competitors.
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Quantitative Evaluation

Domain Conversion mAP (%) on four datasets; comparison of FreeDom with baselines and competitors.

+15.9% +15.5%

+11.0% +7.6%
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Quantitative Evaluation

Domain Conversion mAP (%) on four datasets; comparison of FreeDom with baselines and competitors.



Summarizing Insights
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Psomas et al., Keep It SimPool: Who Said Supervised Transformers Suffer from Attention Deficit?, ICCV 2023

FreeDom:

 Training-free composed image retrieval method for domain conversion, 
based on a pre-trained and frozen CLIP

 Key component: discrete-space memory-based textual inversion
 Outperforms SOTA methods by a large margin on the task
 Robust to the choice of hyper-parameters

 Introduced new benchmarks 



4. Conclusion
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Conclusion

 Metrix achieved state-of-the-art results across multiple benchmarks in metric 
learning.

 SimPool improved performance across convolutional and transformer encoders on 
various benchmarks under different settings.

 SimPool provided high-quality attention maps, presenting strong localization
properties.

 WeiCom proved to be an effective, efficient and flexible method for RSCIR.

 FreeDom outperformed state-of-the-art methods in domain conversion.



5. Future Work
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Future Work

Visual Representations:

 Develop a mixup method for metric learning that leverages attention mechanisms to identify 
and align semantic correspondences between images before interpolation.

 Evaluate the effectiveness of Metrix on remote sensing data.

 Implement SimPool in pre-trained and frozen encoders to avoid costly training, positioning it as 
an intermediate step between linear probing and full fine-tuning in self-supervised learning 
scenarios and beyond.

 Apply SimPool iteratively, across different layers of the network, or modify SimPool to generate 
multiple local representations instead of a single global one.
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Future Work

Multimodal Representations:

 Investigate the use of Remote Sensing Composed Image Retrieval for change detection. This 
would allow users to query a scene and a specific type of change.

 Create a new method based on VLMs and train it directly on PatternCom or an expanded 
version, encompassing a broader range of remote sensing scenes and attributes.

 Explore transitioning from text-to-image to image-to-image search in composed image retrieval, 
potentially leveraging synthetic image generation via Stable Diffusion or by combining features 
from both the image and text queries.

 Integrate gradient-based discrete optimization techniques into FreeDom to generate more 
contextually relevant text prompts, improving precision and robustness in complex or nuanced 
cases.
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 S. Venkataramanan*, B. Psomas*, E. Kijak, L. Amsaleg, K. Karantzalos, Y. Avrithis, «It Takes Two 
to Tango: Mixup for Deep Metric Learning», in International Conference on Learning 
Representations (ICLR), 2022

 B. Psomas, I. Kakogeorgiou, K. Karantzalos, Y. Avrithis, «Keep It Simpool: Who Said Supervised 
Transformers Suffer from Attention Deficit?», in International Conference on Computer Vision
(ICCV), 2023

 B. Psomas, I. Kakogeorgiou, N. Efthymiadis, G. Tolias, O. Chum, Y.Avrithis, K. Karantzalos, 
«Composed Image Retrieval for Remote Sensing», in IEEE International Geoscience and Remote 
Sensing Symposium (IGARSS), 2024

 N. Efthymiadis, B. Psomas, Z. Laskar, K. Karantzalos, Y. Avrithis, O. Chum, G. Tolias, «Composed 
Image Retrieval for Training-Free Domain Conversion», under review in Winter Conference on 
Applications of Computer Vision (WACV), 2024
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 I. Kakogeorgiou, S. Gidaris, B. Psomas, Y. Avrithis, A. Bursuc, K. Karantzalos, N. Komodakis, 
«What to Hide from Your Students: Attention-Guided Masked Image Modeling», in European 
Conference on Computer Vision (ECCV), 2022

 P. Riccio, B. Psomas, F. Galati, F. Escolano, T. Hofmann, N. Oliver, «Openfilter: A Framework to 
Democratize Research Access to Social Media AR Filters», Advances in Neural Information 
Processing Systems (NeurIPS), 2022

 S. Vellas, B. Psomas, K. Karadima, D. Danopoulos, A. Paterakis, G. Lentaris, D. Soudris, K. 
Karantzalos, «Evaluation of Resource-Efficient Crater Detectors on Embedded Systems», in IEEE 
International Geoscience and Remote Sensing Symposium (IGARSS), 2024

 M. Sdraka, I. Papoutsis, B. Psomas, K. Vlachos, K. Ioannidis, K. Karantzalos, I. Gialampoukidis, S. 
Vrochidis, «Deep Learning for Downscaling Remote Sensing Images: Fusion and Super-
Resolution», IEEE Geoscience and Remote Sensing Magazine (GRSM), 2022



Open source code
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 Metrix

 SimPool

 WeiCom

https://github.com/billpsomas/metrix

https://github.com/billpsomas/simpool

https://github.com/billpsomas/rscir
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