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“Everything should be made as simple as possible,
but not any simpler.”

– Albert Einstein
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Objectives for Learning from Data Precursors and Motivations

High-Dim Data with Mixed Nonlinear Low-Dim Structures

Figure: High-dimensional Real-World Data: data samples X = [x1, . . . ,xm] in
RD lying on a mixture of low-dimensional submanifolds X ⊂ ∪k

j=1Mj ⊂ RD.
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The main objective of learning from (samples of) such real-world data:

seek a most compact and structured representation of the data.
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Objectives for Learning from Data Precursors and Motivations

Fitting Class Labels via a Deep Network
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Figure: Black Box DNN for Classification: y is the class label of x represented
as a “one-hot” vector in Rk. To learn a nonlinear mapping f(·, θ) : x 7→ y, say
modeled by a deep network, using cross-entropy (CE) loss.

min
θ∈Θ

CE(θ,x,y)
.
= −E[⟨y, log[f(x, θ)]⟩] ≈ − 1

m

m∑
i=1

⟨yi, log[f(xi, θ)]⟩. (1)

Prevalence of neural collapse during the terminal phase of deep learning training,

Papyan, Han, and Donoho, 2020.
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Objectives for Learning from Data Precursors and Motivations

Fitting Class Labels via a Deep Network

In a supervised setting, using cross-entropy (CE) loss:

min
θ∈Θ

CE(θ,x,y)
.
= −E[⟨y, log[f(x, θ)]⟩] ≈ − 1

m

m∑
i=1

⟨yi, log[f(xi, θ)]⟩. (2)

Figure: [Zhang et al, ICLR’17]

Issues (an elephant in the room):

• A large deep neural networks can
fit arbitrary data and labels.

• Statistical and geometric meaning
of internal features not clear.

• Task/data-dependent and
not robust nor truly invariant.

What did machines actually “learn” from doing this?
In terms of interpolating, extrapolating, or representing the data?
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Objectives for Learning from Data Precursors and Motivations

A Hypothesis: Information Bottleneck
[Tishby & Zaslavsky, 2015]

A feature mapping f(x, θ) and a classifier g(z) trained for downstream
classification:

x
f(x,θ)−−−−−−→ z(θ)

g(z)−−−−→ y.

The IB Hypothesis: Features learned in a deep network trying to

max
θ∈Θ

IB(x,y,z(θ))
.
= I(z(θ),y)− βI(x, z(θ)), β > 0, (3)

where I(z,y)
.
= H(z)−H(z|y) and H(z) is the entropy of z.

• Minimal informative features z that most correlate with the label y

• Task and label-dependent, consequently sacrificing generalizability,
robustness, or transferability
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Objectives for Learning from Data Precursors and Motivations

Gap between Theory and Practice (a Bigger Elephant)

For high-dimensional real data,
many statistical and information-theoretic concepts such as entropy,
mutual information, K-L divergence, and maximum likelihood:

• curse of dimensionality for computation.

• ill-posed for degenerate distributions.

• lack guarantees with finite (or non-asymptotic) samples.

Reality check: principled formulations are replaced with approximate bounds,

grossly simplifying assumptions, heuristics, even ad hoc tricks and hacks.

How to provide any performance guarantees at all?
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Objectives for Learning from Data Precursors and Motivations

A Principled Computational Approach

For high-dim data with mixed linear low-dimensional structures:

learn to compress, and compress to learn!

b) noisy samples c) noisy samples with outliers a) sample points

oS1

S2 S3 Z = S1 ∪ S2 ∪ S3

Generalized PCA for mixture of subspaces [Vidal, Ma, and Sastry, 2005]
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Objectives for Learning from Data Precursors and Motivations

1. Clustering Mixed Data (Interpolation)

Assume data X = [x1,x2, . . . ,xm]
are i.i.d. samples from a mixture
of distributions: p(x, θ) =

∑k
j=1 πjpj(x, θ).

Classic approaches to cluster the data:
the maximum-likelihood (ML) estimate
via Expectation Maximization (EM):

max
θ,π

E
[
log

( k∑
j=1

πjpj(x, θ)
)]

≈ max
θ,π

1

m

m∑
i=1

log
( k∑

j=1

πjpj(xi, θ)
)
.

Difficulties: ML is not well-defined when distributions are degenerate.

Ma (IDS& CDS, HKU) Design Deep Networks September 21, 2025 9 / 37



Objectives for Learning from Data Precursors and Motivations

Clustering via Compression
[Yi Ma, Harm Derksen, Wei Hong, and John Wright, TPAMI’07]

A Fundamental Idea:
Data belong to mixed low-dim
structures should be compressible.

Cluster Criterion:
Whether the number of binary bits
required to store the data is less
(information gain):

#bits(X ∪ Y ) ≥ #bits(X) + #bits(Y )?

“The whole is greater than the sum of the parts.”
– Aristotle, 320 BC
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Objectives for Learning from Data Precursors and Motivations

Coding Length Function for Subspace-Like Data

Theorem (Ma, TPAMI’07)

The number of bits needed to encode data X = [x1,x2, . . . ,xm] ∈ RD×m

up to a precision ∥x− x̂∥2 ≤ ϵ is bounded by:

L(X, ϵ)
.
=

(
m+D

2

)
log det

(
I +

D

mϵ2
XX⊤

)
.

This can be derived from constructively quantifying SVD of X or by
sphere packing vol(X) as samples of a noisy Gaussian source.

Linear subspace Gaussian source
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Objectives for Learning from Data Precursors and Motivations

Cluster to Compress

L(X) ≥ Lc(X)
.
= L(X1) + L(X2) +H(|X1|, |X2|)?

partitioning:

sifting:
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Objectives for Learning from Data Precursors and Motivations

A Greedy Algorithm

Seek a partition of the data X → [X1,X2, . . . ,Xk] such that

minLc(X)
.
= L(X1) + · · ·+ L(Xk) +H(|X1|, . . . , |Xk|).

Optimize with a bottom-up pair-wise merging algorithm [Ma, TPAMI’07]:

1: input: the data X = [x1,x2, . . . ,xm] ∈ RD×m and a distortion ϵ2 > 0.
2: initialize S as a set of sets with a single datum {S = {x} | x ∈ X}.
3: while |S| > 1 do
4: choose distinct sets S1, S2 ∈ S such that

Lc(S1 ∪ S2)− Lc(S1, S2) is minimal.
5: if Lc(S1 ∪ S2)− Lc(S1, S2) ≥ 0 then break;
6: else S :=

(
S \ {S1, S2}

)
∪ {S1 ∪ S2}.

7: end
8: output: S
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Objectives for Learning from Data Precursors and Motivations

Surprisingly Good Performance

Empirically, find global optimum and extremely robust to outliers
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Objectives for Learning from Data Precursors and Motivations

Natural Image Segmentation [Mobahi et.al., IJCV’09]

Compression alone, without any supervision, leads to state of the art
segmentation on natural images (and many other types of data).

(a) Animals (b) Buildings (c) Landscape (d) People (e) Water
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Objectives for Learning from Data Precursors and Motivations

2. Classify Mixed Data (Extrapolation)

Assume data X = [x1,x2, . . . ,xm]
are i.i.d. samples from a mixture of
distributions: p(x, θ) =

∑k
j=1 πjpj(x, θ).

Classic approach to classify the data is
via maximum a posteriori (MAP) classifier:

ŷ(x) = argmax
j

log pj(x, θ) + log πj .

Difficulties: distributions pj are hard to estimate and log likelihood is not
well-defined when distributions are degenerate.

(probably why SVMs or deep networks prevail instead...)
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Objectives for Learning from Data Precursors and Motivations

Classify to Compress
[Wright, Tao, Lin, Shum, and Ma, NIPS’07]

A Fundamental Idea:
Count additional #bits needed
to encode a query sample x
with data in each class Xj :

δLϵ(x, j)
.
= Lϵ(Xj∪{x})−Lϵ(Xj)+L(j).

Classification Criterion: Minimum Incremental Coding Length (MICL):

ŷ(x) = argmin
j

δLϵ(x, j).

Law of Parsimony: “Entities should not be multiplied without necessity.”
–William of Ockham
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Objectives for Learning from Data Precursors and Motivations

Asymptotic Property of MICL
Theorem (Wright, NIPS’07)

As the number of samples m goes to infinity, the MICL criterion converges
at a rate of O(m−1/2) to the following criterion:

ŷϵ(x) = argmax
j

LG

(
x | µj ,Σj +

ϵ2

D
I
)
+ log πj︸ ︷︷ ︸

Regularized MAP

+
1

2
Dϵ(Σj),

where Dϵ(Σj)
.
= tr

(
Σj

(
Σj +

ϵ2

DI
)−1

)
is the effective dimension.

Everything else equal, MICL prefers a
class with higher effective dimension.

Err on the side of caution!
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Objectives for Learning from Data Precursors and Motivations

Extrapolation of Low-Dim Structure for Classification

Figure: A truly extrapolating (nearest subspace) classifier!

(a) MICL (b) k-Nearest Neighbors (c) SVM-RBF

Difficulty in practice: inference computationally costly (non-parametric)
and possibly need a kernel (nonlinearity).

Go beyond (non-parametric) data interpolation and extrapolation?
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Objectives for Learning from Data Linear and Discriminative Representation (LDR)

Represent Multi-class Multi-dimensional Data

f(x, ✓)

RD Rd

M

M1

M2

Mj

xi

S1
S2

Sj

zi

Figure 1: Left and Middle: The distribution D of high-dim data x 2 RD is supported on a manifold M and
its classes on low-dim submanifolds Mj , we learn a map f(x, ✓) such that zi = f(xi, ✓) are on a union of
maximally uncorrelated subspaces {Sj}. Right: Cosine similarity between learned features by our method
for the CIFAR10 training dataset. Each class has 5,000 samples and their features span a subspace of over 10
dimensions (see Figure 3(c)).

the component distributions Dj are (or can be made). One popular working assumption is that the
distribution of each class has relatively low-dimensional intrinsic structures.9 Hence we may assume
the distribution Dj of each class has a support on a low-dimensional submanifold, say Mj with
dimension dj ⌧ D, and the distribution D of x is supported on the mixture of those submanifolds,
M = [k

j=1Mj , in the high-dimensional ambient space RD, as illustrated in Figure 1 left.

With the manifold assumption in mind, we want to learn a mapping z = f(x, ✓) that maps each of
the submanifolds Mj ⇢ RD to a linear subspace Sj ⇢ Rd (see Figure 1 middle). To do so, we
require our learned representation to have the following properties:

1. Between-Class Discriminative: Features of samples from different classes/clusters should
be highly uncorrelated and belong to different low-dimensional linear subspaces.

2. Within-Class Compressible: Features of samples from the same class/cluster should be
relatively correlated in a sense that they belong to a low-dimensional linear subspace.

3. Maximally Diverse Representation: Dimension (or variance) of features for each class/cluster
should be as large as possible as long as they stay uncorrelated from the other classes.

Notice that, although the intrinsic structures of each class/cluster may be low-dimensional, they are
by no means simply linear in their original representation x. Here the subspaces {Sj} can be viewed
as nonlinear generalized principal components for x [VMS16]. Furthermore, for many clustering
or classification tasks (such as object recognition), we consider two samples as equivalent if they
differ by certain class of domain deformations or augmentations T = {⌧}. Hence, we are only
interested in low-dimensional structures that are invariant to such deformations,10 which are known to
have sophisticated geometric and topological structures [WDCB05] and can be difficult to learn in a
principled manner even with CNNs [CW16, CGW19]. There are previous attempts to directly enforce
subspace structures on features learned by a deep network for supervised [LQMS18] or unsupervised
learning [JZL+17, ZJH+18, PFX+17, ZHF18, ZJH+19, ZLY+19, LQMS18]. However, the self-
expressive property of subspaces exploited by [JZL+17] does not enforce all the desired properties
listed above; [LQMS18] uses a nuclear norm based geometric loss to enforce orthogonality between
classes, but does not promote diversity in the learned representations, as we will soon see. Figure 1
right illustrates a representation learned by our method on the CIFAR10 dataset. More details can be
found in the experimental Section 3.

2 Technical Approach and Method

2.1 Measure of Compactness for a Representation

Although the above properties are all highly desirable for the latent representation z, they are by no
means easy to obtain: Are these properties compatible so that we can expect to achieve them all at

9There are many reasons why this assumption is plausible: 1. high dimensional data are highly redundant; 2.
data that belong to the same class should be similar and correlated to each other; 3. typically we only care about
equivalent structures of x that are invariant to certain classes of deformation and augmentations.

10So x 2 M iff ⌧(x) 2 M for all ⌧ 2 T .

3

Given samples
X = [x1, . . . ,xm] ⊂ ∪k

j=1Mj ,
seek a good representation
Z = [z1, . . . ,zm] ⊂ Rd

through a continuous mapping:
f(x, θ) : x ∈ RD 7→ z ∈ Rd.

Goals of “re-present” the data:

• compression: from high-dimensional samples to compact features.

• linearization: from nonlinear structures ∪k
j=1Mj to linear ∪k

j=1Sj .

• sparsity: from separable components Mj ’s to incoherent Sj ’s.

• self-consistent: from compact structured Z back to the data X.
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Objectives for Learning from Data Linear and Discriminative Representation (LDR)

Seeking a Linear Discriminative Representation (LDR)

Desiderata: Representation z = f(x, θ) have the following properties:

1 Within-Class Compressible: Features of the same class/cluster should
be highly compressed in a low-dimensional linear subspace.

2 Between-Class Discriminative: Features of different classes/clusters
should be in highly incoherent linear subspaces.

3 Maximally Informative: Dimension (or variance) of features for each
class/cluster should be the same as that of the data.

Is there a principled objective for all such properties, together?
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Compactness Measure for Linear/Gaussian Representation

Linear subspace Gaussian source

Theorem (Coding Length, Ma & Derksen TPAMI’07)

The number of bits needed to encode data X = [x1,x2, . . . ,xm] ∈ RD×m

up to a precision ∥x− x̂∥2 ≤ ϵ is bounded by:

L(X, ϵ)
.
=

(
m+D

2

)
log det

(
I +

D

mϵ2
XX⊤

)
.

This can be derived from constructively quantifying SVD of X or by
sphere packing vol(X) as samples of a noisy Gaussian source.
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Compactness Measure for Linear/Gaussian Representation

If X is not (piecewise) linear or Gaussian, consider a nonlinear mapping:

X = [x1,x2, . . . ,xm] ∈ RD×m f(x,θ)−−−−−−→ Z(θ) = [z1, z2, . . . ,zm] ∈ Rd×m.

The average coding length per sample (rate) subject to a distortion ϵ:

R(Z, ϵ)
.
=

1

2
log det

(
I +

d

mϵ2
ZZ⊤

)
. (4)

Rate distortion is an intrinsic
measure for the volume of all features.
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Compactness Measure for Mixed Linear Representations

The features Z of multi-class data

X = X1 ∪X2 ∪ · · · ∪Xk ⊂ ∪k
j=1Mj .

may be partitioned into multiple subsets:

Z = Z1 ∪Z2 ∪ · · · ∪Zk ⊂ ∪k
j=1Sj .

W.r.t. this partition, the average coding rate is:

Rc(Z, ϵ | Π)
.
=

k∑
j=1

tr(Πj)

2m
log det

(
I +

d

tr(Πj)ϵ2
ZΠjZ

⊤
)
, (5)

where Π = {Πj ∈ Rm×m}kj=1 encode the membership of the m samples
in the k classes: the diagonal entry Πj(i, i) of Πj is the probability of
sample i belonging to subset j. Ω

.
= {Π | ∑Πj = I,Πj ≥ 0.}
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Parsimony: Clustering by Minimizing Coding Rate/Length

Segmentation of Multivariate
Mixed Data via Lossy Coding
and Compression,
Yi Ma et. al., TPAMI, 2007.

min
Π

Rc(Z | Π, ϵ) =

k∑
j=1

tr(Πj)

2m
log det

(
I+

d

tr(Πj)ϵ2
ZΠjZ

⊤
)
.

State of the art unsupervised image segmentation (IJCV 2011):
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Measure for Linear Discriminative Representation (LDR)

A fundamental idea: maximize the difference between the coding rate
of all features and the average rate of features in each of the classes:

∆R
(
Z,Π, ϵ) =

1

2
log det

(
I +

d

mϵ2
ZZ⊤

)
︸ ︷︷ ︸

R

−
k∑

j=1

tr(Πj)

2m
log det

(
I +

d

tr(Πj)ϵ2
ZΠjZ

⊤
)

︸ ︷︷ ︸
Rc

.

This difference is called rate reduction (measuring information gain):

• Large R: expand all features Z as large as possible.

• Small Rc: compress each class Zj as small as possible.

Slogan: similarity contracts and dissimilarity contrasts!
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Interpretation of MCR2: Sphere Packing and Counting

Example: two subspaces S1 and S2 in R2.

• log#(green spheres + blue spheres) = rate of span of all samples R.

• log#(green spheres) = rate of the two subspaces Rc.

• log#(blue spheres) = rate reduction ∆R.
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Comparison to Contrastive Learning
[Hadsell, Chopra, and LeCun, CVPR’06]

When k is large, a randomly chosen pair (xi,xj) is of high probability
belonging to different classes. Minimize the contrastive loss:

min− log
exp(⟨zi, z′

i⟩)∑
j ̸=i exp(⟨zi, zj⟩)

.

The learned features of such pairs of samples together with their
augmentations Zi and Zj should have large rate reduction:

max
∑
ij

∆Rij
.
= R

(
Zi ∪Zj , ϵ

)
− 1

2

(
R(Zi, ϵ) +R(Zj , ϵ)

)
.

MCR2 contrasts triplets, quadruplets, or any number of sets.
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Principle of Maximal Coding Rate Reduction (MCR2)
[Yu, Chan, You, Song, Ma, NeurIPS2020]

Learn a mapping f(x, θ) (for a given partition Π):

X
f(x,θ)−−−−−−→ Z(θ)

Π,ϵ−−−−→ ∆R(Z(θ),Π, ϵ) (6)

so as to Maximize the Coding Rate Reduction (MCR2):

max
θ

∆R
(
Z(θ),Π, ϵ

)
= R(Z(θ), ϵ)−Rc(Z(θ), ϵ | Π),

subject to ∥Zj(θ)∥2F = mj , Π ∈ Ω. (7)

Since ∆R is monotonic in the scale of Z, one needs to:
normalize the features z = f(x, θ) so as to compare Z(θ) and Z(θ′)!

Batch normalization, Sergey Ioffe and Christian Szegedy, 2015.

Layer normalization’16, instance normalization’16; group normalization’18...
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Measure of Information Gain for Representations Principle of Maximizing Coding Rate Reduction (MCR2)

Theoretical Justification of the MCR2 Principle

Theorem (Informal Statement [Yu et.al., NeurIPS2020])

Suppose Z⋆ = Z⋆
1 ∪ · · · ∪Z⋆

k is the optimal solution that maximizes the
rate reduction (7). We have:

• Between-class Discriminative: As long as the ambient space is
adequately large (d ≥ ∑k

j=1 dj), the subspaces are all orthogonal to

each other, i.e. (Z⋆
i )

⊤Z⋆
j = 0 for i ̸= j.

• Maximally Informative Representation: As long as the coding
precision is adequately high, i.e., ϵ4 < minj

{mj

m
d2

d2j

}
, each subspace

achieves its maximal dimension, i.e. rank(Z⋆
j ) = dj . In addition, the

largest dj − 1 singular values of Z⋆
j are equal.

A new slogan, beyond Aristotle:
The whole is to be maximally greater than the sum of the parts!
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Measure of Information Gain for Representations Experimental Verification

Experiment I: Supervised Deep Learning

Experimental Setup: Train f(x, θ) as ResNet18 on the CIFAR10
dataset, feature z dimension d = 128, precision ϵ2 = 0.5.
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Figure: (a). Evolution of R,Rc,∆R during the training process; (b). Training
loss versus testing loss.

Ma (IDS& CDS, HKU) Design Deep Networks September 21, 2025 31 / 37



Measure of Information Gain for Representations Experimental Verification

Visualization of Learned Representations Z
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Figure: PCA of learned representations from MCR2 and cross-entropy.

No neural collapse!
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Measure of Information Gain for Representations Experimental Verification

Visualization - Samples along Principal Components
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(b) Ship

Figure 8: Visualization of principal components learned for class 2-‘Bird’ and class 8-‘Ship’. For each class j,
we first compute the top-10 singular vectors of the SVD of the learned features Zj . Then for the l-th singular
vector of class j, ul

j , and for the feature of the i-th image of class j, zi
j , we calculate the absolute value of inner

product, |hzi
j , u

l
ji|, then we select the top-10 images according to |hzi

j , u
l
ji| for each singular vector. In the

above two figures, each row corresponds to one singular vector (component Cl). The rows are sorted based on
the magnitude of the associated singular values, from large to small.
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(a) 10 representative images from each class based
on top-10 principal components of the SVD of

learned representations by MCR2.
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(b) Randomly selected 10 images from each class.

Figure 9: Visualization of top-10 “principal” images for each class in the CIFAR10 dataset. (a) For each class-j,
we first compute the top-10 singular vectors of the SVD of the learned features Zj . Then for the l-th singular
vector of class j, ul

j , and for the feature of the i-th image of class j, zi
j , we calculate the absolute value of inner

product, |hzi
j , u

l
ji|, then we select the largest one for each singular vector within class j. Each row corresponds

to one class, and each image corresponds to one singular vector, ordered by the value of the associated singular
value. (b) For each class, 10 images are randomly selected in the dataset. These images are the ones displayed in
the CIFAR dataset website [Kri09].

B.3.2 Experimental Results of MCR2 in the Supervised Learning Setting.

Training details for mainline experiment. For the model presented in Figure 1 (Right) and
Figure 3, we use ResNet-18 to parameterize f(·, ✓), and we set the output dimension d = 128,
precision ✏2 = 0.5, mini-batch size m = 1, 000. We use SGD in Pytorch [PGM+19] as the optimizer,
and set the learning rate lr=0.01, weight decay wd=5e-4, and momentum=0.9.

25

Figure: Top-10 “principal” images for class - “Bird” and “Ship” in the CIFAR10.
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Experiment II: Robustness to Label Noise
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(b) R(Z(θ), ϵ)
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(c) Rc(Z(θ), ϵ | Π)

Figure: Evolution of R,Rc,∆R of MCR2 during training with corrupted labels.

Represent only what can be jointly compressed.
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Deep Networks from Optimizing Rate Reduction

X
f(x,θ)−−−−−−→ Z(θ); max

θ
∆R(Z(θ),Π, ϵ).

Final features learned by MCR2 are more interpretable and robust, but:

• The borrowed deep network (e.g. ResNet) is still a “black box”!

• Why is a “deep” architecture necessary, and how wide and deep?

• What are the roles of the “linear and nonlinear” operators?

• Why “multi-channel” convolutions?

• · · ·

Replace black box networks with entirely “white box” networks?
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ensional M
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and M
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Low-Dimensional 

Models
Principles, Computation, and Applications

From the foreword by EMMANUEL CANDÈS

“Students will learn a lot from reading this 

book … They will learn about mathematical 

reasoning, they will learn about data models 

and about connecting those to reality, and 

they will learn about algorithms. The book 

also contains computer scripts so that we 

can see ideas in action, and carefully crafted 

exercises making it perfect for upper-level 

undergraduate or graduate-level instruction. 

The breadth and depth make this a refer-

ence for anyone interested in the mathemat-

ical foundations of data science.”

“At the very core of our ability to process 

data stands the fact that sources of informa-

tion are structured. Modeling data, explic-

itly or implicitly, is our way of exposing this 

structure and exploiting it, being the essence 

of the fields of signal and image processing 

and machine learning. The past two decades 

have brought a revolution to our understand-

ing of these facts, and this ‘must-read’ book 

provides the foundations of these recent 

developments, covering theoretical, numer-

ical, and applicative aspects of this field in 

a thorough and clear manner.”

PROFESSOR MICHAEL ELAD, CS Depart-

ment, Technion

Connecting theor y with practice, this 

systematic and rigorous introduction covers 

the fundamental principles, algorithms, and 

applications of key mathematical models 

for high-dimensional data analysis. Compre-

hensive in its approach, it provides unified 

coverage of many dif ferent low-dimen-

sional models and analytical techniques, 

including sparse and low-rank models, 

and both convex and non-convex formula-

tions. Readers will learn how to develop 

efficient and scalable algorithms for solving 

real-world problems, supported by numer-

ous examples and exercises throughout, 

and how to use the computational tools 

learnt in several application contexts. 

Applications presented include scientific 

imaging, communication, face recognition, 

3D vision, and deep networks for classifica-

tion. With code available online, this is an 

ideal text for senior and graduate students 

in electrical engineering, computer science, 

and data science, as well as for those 

taking courses on sparsity, low-dimensional 

structures, and high-dimensional data. 

wright-ma

Cover image created by Robert Webb’s “Stella” 

software: www.software3d.com/Stella.php.
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Lecture 4: Pursuing Low-Dimensional Structures
via Lossy Compression

Thank you!

Questions, please?

“We compress to learn, and we learn to compress.”
– John Wright & Yi Ma
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