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https://singularityhub.com/2019/04/17/in-defense-of-black-box-ai/
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https://www.theclickreader.com/building-a-convolutional-neural-network/
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Matrix Factorization
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Previous Work

D. D. Lee and H. S. Seung, Learning the Parts of Objects by Non-Negative Matrix Factorization" Nature, 1999.

K=49 rows of V

Row of U of a  
particular face instance Approximation
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Non-Negativ Matrix Factorization 
with ReLU based CNN’s

Edo Collins, Radhakrishna Achanta, Sabine Süsstrunk, Deep Feature Factorization for Concept Discovery, ECCV 2018
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Semantic localization with 
matrix U: where 

Content-based image retrieval 
with matrix V: what 
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Semantic localization with 
matrix U: where 

Content-based image retrieval 
with matrix V: what 
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Reshaping U into heatmaps
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Deep Feature Factorization 

Deep Feature Factorization For Concept Discovery 3

Image Feature extraction Factorization
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Fig. 2: An illustration of Deep Feature Factorization. We extract features from
a deep CNN and view them as a matrix. We apply NMF to the feature matrix
and reshape the resulting k factors into k heat maps. See section 3 for a detailed
explanation. Shown: Statute of Liberty subset from iCoseg with k = 3.

2.2 CNN Features as Part Detectors

The ability of DFF to localize parts stems from the CNN’s ability to distinguish
parts in the first place. In Gonzales et al. [11] and Bau et al. [2] the authors
attempt to detect learned part-detectors in CNN features, to see if such detectors
emerge, even when the CNN is trained with object-level labels. They do this
by measuring the overlap between feature map activations and ground truth
labels from a part-level segmentation dataset. The availability of ground truth
is essential to their analysis, yielding a catalog of CNN units that su�ciently
correspond to labels in the dataset.

We confirm their observations that part detectors do indeed emerge in CNNs.
However, as opposed to these previous methods, our NMF-based approach does
not rely on ground truth labels to find the parts in the input. We use labeled
data for evaluation only.

2.3 Non-negative Matrix Factorization

Non-negative matrix factorization (NMF) has been used to analyze data from
various domains, such as audio source separation [12], document clustering [36],
and face recognition [13].

There has been work extending NMF to multiple layers [6], implementing
NMF using neural networks [9] and using NMF approximations as input to a
neural network [34]. However, to the best of our knowledge, the application of
NMF to the activations of a pre-trained neural network, as is done in DFF, has
not been previously proposed.

Edo Collins, Radhakrishna Achanta, Sabine Süsstrunk, Deep Feature Factorization for Concept Discovery, ECCV 2018
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𝐾 = 1

NMF heatmaps – VGG-19 
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𝐾 = 2

NMF heatmaps – VGG-19 
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𝐾 = 3

NMF heatmaps – VGG-19 
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𝐾 = 4

NMF heatmaps – VGG-19 
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For VGG-19, K=1 often highlights the salient object. 
Setting K>1 results in a decomposition into semantic parts. 
Incrementing K reveals a cluster hierarchy in feature space, e.g. 

Semantic decomposition

body midsection

limbs arms

legs
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𝐾 = 1

NMF heatmaps – VGG-19 
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𝐾 = 2

NMF heatmaps – VGG-19 
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𝐾 = 3

NMF heatmaps – VGG-19 
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𝐾 = 4

NMF heatmaps – VGG-19 
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𝐾 = 4

NMF heatmaps – VGG-19 
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𝐾 = 3

NMF heatmaps – VGG-19 
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NMF heatmaps – ResNet-50

𝐾 = 1
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𝐾 = 2

NMF heatmaps – ResNet-50
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𝐾 = 3

NMF heatmaps – ResNet-50
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𝐾 = 4

NMF heatmaps – ResNet-50
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𝐾 = 5

NMF heatmaps – ResNet-50
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• The matrix  can be reshaped into  sets of low-resolution heatmaps. 

• Each set corresponds to a semantic part, based on learned CNN 

invariance. 

• Increasing  reveals a part hierarchy in feature space. 

• Residual connections (e.g., ResNet) lead to distinctly different matrix 

factors. 

• Co-segmentation/co-localization results as good as or better than domain-
specific methods.

𝑈 𝐾

𝐾

Semantic localization with matrix U 

Edo Collins, Radhakrishna Achanta, Sabine Süsstrunk, Deep Feature Factorization for Concept Discovery, ECCV 2018
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pytorch-gradcam
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Semantic localization with 
matrix U 

Semantic retrieval with 
matrix V 
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𝐴 ≈ 𝑈

𝑉

  is a global dictionary𝑉

E. Collins, S. Süsstrunk. Deep Feature Factorization for Content-based Image Retrieval and Localization. IEEE 
ICIP 2019
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𝐴 ≈ 𝑈

𝑉

  is a global dictionary𝑉

E. Collins, S. Süsstrunk. Deep Feature Factorization for Content-based Image Retrieval and Localization. IEEE 
ICIP 2019
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𝑈1,𝐾

  is a global dictionary𝑉

E. Collins, S. Süsstrunk. Deep Feature Factorization for Content-based Image Retrieval and Localization. IEEE 
ICIP 2019
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≈

Gradient ascent visualization of  𝑉
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frozen

∑ cos𝐴,  𝑉

gradient

Olah	et	al.	2017

Gradient ascent visualization of  𝑉
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𝐾 = 3

Gradient ascent visualization of  – VGG-19𝑉
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Gradient ascent visualization of  – VGG-19𝑉
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Gradient ascent visualization of  – VGG-19𝑉
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Gradient ascent visualization of  – VGG-19𝑉
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𝐾 = 4

Gradient ascent visualization of  – VGG-19𝑉
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Gradient ascent visualization of  – VGG-19𝑉



U
nc

ov
er

in
g 

lo
ca

l s
em

an
tic

s 
10

/2
02

2
Gradient ascent visualization of  – VGG-19𝑉
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Gradient ascent visualization of  – VGG-19𝑉
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Gradient ascent visualization of  – ResNet50𝑉
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𝐾 = 5

Gradient ascent visualization of  – ResNet50𝑉
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Gradient ascent visualization of  – ResNet50𝑉



U
nc

ov
er

in
g 

lo
ca

l s
em

an
tic

s 
10

/2
02

2
Gradient ascent visualization of  – ResNet50𝑉
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Gradient ascent visualization of  – ResNet50𝑉
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Gradient ascent visualization of  – ResNet50𝑉
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Gradient ascent visualization of  – ResNet50𝑉
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• Instance-based	image	retrieval	

• Relevant	images	are	those	depicting	the	same	instance	

• Semantic	image	retrieval	

• Relevant	images	are	those	depicting	the	same	class

Content-based image retrieval
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CNN

reshape	to	
𝑁 × 𝐶 × 𝐻 × 𝑊

(𝑁 ∙ 𝐻 ∙ 𝑊 ) × 𝐶

Channel	weights	Wc

NMF

U

𝐾
V𝐾

𝐶

Query	
filtering

PCA	
whitening

-normalization𝚤2

Query	
bounding	box

reshape	to	
(𝑁 ∙ 𝐻 ∙ 𝑊 ) × 𝐾

𝑁 × 𝑘 × 𝐻 × 𝑊 𝑣

Content-based image retrieval

E. Collins, S. Süsstrunk. Deep Feature Factorization for Content-based Image Retrieval and Localization. IEEE 
ICIP 2019
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Semantic image retrieval  1/2

Mean	average	precision	@	30
E. Collins, S. Süsstrunk. Deep Feature Factorization for Content-based Image Retrieval and Localization. IEEE 
ICIP 2019
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Mean	average	precision	@	30

Semantic image retrieval  2/2

E. Collins, S. Süsstrunk. Deep Feature Factorization for Content-based Image Retrieval and Localization. IEEE 
ICIP 2019
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• 	is	a	global	dictionary	representing	important	concepts

• Rows	of	 	can	be	directly	visualized	using	gradient	ascent	

• Image	descriptors	derived	from	 	are	useful	for	semantic	image	
retrieval	

• Adding	spatial	information	yields	descriptors	useful	for	instance-based	
image	retrieval

𝑉

𝑉

𝑉

Semantic retrieval with matrix 𝑉
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What about GANs?
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Video
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Changing local semantics in an image

Reference Target
style

eyes mouthnose

Conditioned	on
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FFHQ StyleGAN, layer 32x32, =2𝐾
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FFHQ StyleGAN, layer 32x32, =3𝐾
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FFHQ StyleGAN, layer 32x32, =10𝐾
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FFHQ StyleGAN, layer 32x32, =25𝐾
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FFHQ StyleGAN, layer 128x128, =25𝐾
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Labeling clusters

eyes nose mouth
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The best overlapping channel with eyes
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The best overlapping channel with nose
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The best overlapping channel with mouth
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E. Pajouheshgar, T Zhang, S Süsstrunk, Optimizing Latent Space Directions for Gan-Based Local Image Editing, ICASSP 2022.
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Video
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Original

Image Editing with GANs

E. Pajouheshgar, T Zhang, S Süsstrunk, Optimizing Latent Space Directions for Gan-Based Local Image Editing, ICASSP 2022.
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Original + hair

Image Editing with GANs

E. Pajouheshgar, T Zhang, S Süsstrunk, Optimizing Latent Space Directions for Gan-Based Local Image Editing, ICASSP 2022.
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Original + hair + Eye movement

Image Editing with GANs

E. Pajouheshgar, T Zhang, S Süsstrunk, Optimizing Latent Space Directions for Gan-Based Local Image Editing, ICASSP 2022.
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Original + hair + Lipstick+ Eye movement

Image Editing with GANs

E. Pajouheshgar, T Zhang, S Süsstrunk, Optimizing Latent Space Directions for Gan-Based Local Image Editing, ICASSP 2022.
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E. Pajouheshgar, T Zhang, S Süsstrunk, Optimizing Latent Space Directions for Gan-Based Local Image Editing, ICASSP 2022.
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Comprehensive neural architecture 
explainability and interpretability is still a 
ways off… 
“Old” tools from mathematics, image and 
video processing are helpful in solving some 
of the mysteries… 
…and they can lead to applications to even 
further improve the photographic 
experience. experience.

Conclusions



U
nc

ov
er

in
g 

lo
ca

l s
em

an
tic

s 
10

/2
02

2
Thank you!

Edo Collins Ehsan Pajouheshgar


