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From information theory to machine learning algorithms

• Information theory studies how to communicate over or compress distributions

• fundamental limits (achievability and converse);
• coding schemes;
• information measures;
• mathematical tools; …
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to develop machine learning algorithms?

• A few information-theoretic strategies to approach to a learning problem:

• abstract out the gist from it in the infinite-sample limit;
• reduce it to a probability estimation problem and plug-in a “good” probability;
• adapt and apply relevant ideas from information theory,

e.g., Wyner’s common information, context-tree weighting, mixture probability, …
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A few vignettes

1 Representation learning

• learning a generative model with succinct representation learning [Ryu+21];
• a fast kernel embedding without matrix eigendecomposition [RHK21];
• unifying and generalizing contrastive representation learning methods [in progress]

2 Nonparametric methods for large-scale data

• optimal classification, regression [RK22], and density estimation [in progress] with
1-nearest neighbors;

• consistent density-functional estimation with fixed-k-nearest neighbors [Ryu+22];
• an online mode-estimation algorithm [in progress]

3 Assumption-free data processing

• efficient universal discrete denoising [RK18];
• parameter-free online learning with side information via universal gambling [RBK22];
• universal portfolio with continuous side information [BRK22]
• time-uniform concentration inequality via universal gambling [in progress]
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Part I

From Wyner’s Common Information
to Learning with Succinct Common Representation
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Problem setting

• Data: {(Xi,Yi)} i.i.d. ∼ q(x, y); high. dim., many-to-many relations

• Examples: {(storyi, illustrationi)},

• Goal: learn the data distribution and sample from it (a.k.a. generation)

• A. Use information theory to learn disentangled representations!
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Alice was beginning to
get very tired of sitting
…when suddenly a White
Rabbit with pink eyes ran
close by her …see it pop
down a large rabbit-hole
under the hedge.
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• Examples: {(storyi, illustrationi)}, {(imagei, captioni)}, …

• Goal: learn the data distribution and sample from it (a.k.a. generation)

• Fit a generative model with structured latent representations (Z,U,V)
• Disentangle commonality Z from private properties U and V

• a.k.a. cross-domain disentanglement problem

• A. Use information theory to learn disentangled representations!
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• Disentangle commonality Z from private properties U and V
• a.k.a. cross-domain disentanglement problem

• A. Use information theory to learn disentangled representations!
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Problem setting

• Data: {(Xi,Yi)} i.i.d. ∼ q(x, y); high. dim., many-to-many relations
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• Goal: learn the data distribution and sample from it (a.k.a. generation)
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• Data: {(Xi,Yi)} i.i.d. ∼ q(x, y); high. dim., many-to-many relations

• Examples: {(storyi, illustrationi)}, {(imagei, captioni)}, …

• Goal: learn the data distribution and sample from it (a.k.a. generation)

• Fit a generative model with structured latent representations (Z,U,V)

Q. What is an optimal common representation?

• A. Use information theory to learn disentangled representations!
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Motivation

• Cooperative game between Alice and Bob

• Alice and Bob wish to draw a nice portrait of adulthood from a child’s photo
• What description dose Alice need to generate and send to help Bob?
• Alice can maximally help Bob by providing the most “succinct” description!
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Channel synthesis (Cuff 2013)
• Problem: simulate a channel q(y|x) by communicating nR bits

• Question: What is the minimum rate R∗?

• Answer: Wyner’s common information R∗ = J(X;Y)

• Single-letter characterization
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Distributed simulation (Wyner 1975)
• Problem: simulate a joint distribution q(x, y) from nR common bits

• Question: What is the minimum rate R∗∗?
• Answer: R∗∗ = J(X;Y)
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Learning distributions based on Wyner’s common information

• Channel synthesis → conditional generation
• Distributed simulation → joint generation

Definition
Given q(x, y), define Wyner’s common representation as a solution of

minimize I(X,Y;Z)
subject to X − Z − Y
variables qϕ(z|x, y)

• Call Wyner’s optimization problem
• I(X,Y;Z) quantifies the complexity of the representation Z

• Given samples, let’s learn a generative model with Wyner’s common representation

• Consider the latent variable models induced by the single letter characterizations
• Fit the generative models to data based on Wyner’s optimization problem
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Probabilistic model

• Decoders: xθ(z, u), yθ(z, v)
• Priors (source of randomness): common pθ(z), local pθ(u), pθ(v)
• Model (marginal) encoders: qθ(z|x), qθ(z|y)

• Variational encoders: joint qϕ(z|x, y), local qϕ(u|z, x), qϕ(v|z, y)
• Call these components in entirety the variational Wyner model

model θ

variational ϕ

decoders p

encoders q
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Training objectives

• The variational Wyner model induces four distributions:

joint

p→xy(x, y, z, u, v) ≜ pθ(z)pθ(u)pθ(v)δ(x − xθ(z, u))δ(y − yθ(z, v))

cond. (x → y)

px→y(x, y, z, v) ≜ q(x)qθ(z|x)pθ(v)δ(y − yθ(z, v))

cond. (y → x)

py→x(x, y, z, u) ≜ q(y)qθ(z|y)pθ(u)δ(x − xθ(z, u))

variational

qxy→(x, y, z, u, v) ≜ q(x, y)qϕ(z|x, y)qϕ(u|z, x)qϕ(v|z, y)
• Recall Wyner’s optimization problem:

minimize I(X,Y;Z)
subject to X − Z − Y
variables qϕ(z|x, y)

• For each model pmodel ∈ {p→xy, px→y, py→x}, we can relax the problem as

minimize D(pmodel, qxy→) + λCImodelImodel(X,Y;Z)

• Distribution matching with CI regularization
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Training method

• For each model pmodel ∈ {p→xy, px→y, py→x},

minimize D(pmodel, qxy→) + λCImodelImodel(X,Y;Z)

• Distribution matching with CI regularization

• Symmetric KL divergence Dsym(p, q) ≜ DKL(p ∥ q) +DKL(q ∥ p)

• Variational density-ratio estimation technique [Pu+17]
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• Auxiliary losses: reconstruction losses, latent-matching losses, cross-matching loss, …
• Simultaneous training: minimize a weighted sum of the objectives

• In practice, weights including λCI
model can be chosen by trial and error
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Training method
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minimize D(pmodel, qxy→) + λCImodelImodel(X,Y;Z)

• Distribution matching with CI regularization
• Symmetric KL divergence Dsym(p, q) ≜ DKL(p ∥ q) +DKL(q ∥ p)

• Variational density-ratio estimation technique [Pu+17]
• Auxiliary losses: reconstruction losses, latent-matching losses, cross-matching loss, …
• Simultaneous training: minimize a weighted sum of the objectives
• Additional tricks: shared discriminator feature maps, deterministic encoders, instance

noise trick
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Training method

• For each model pmodel ∈ {p→xy, px→y, py→x},

minimize D(pmodel, qxy→) + λCImodelImodel(X,Y;Z)

• Distribution matching with CI regularization
• Symmetric KL divergence Dsym(p, q) ≜ DKL(p ∥ q) +DKL(q ∥ p)

• Variational density-ratio estimation technique [Pu+17]
• Auxiliary losses: reconstruction losses, latent-matching losses, cross-matching loss, …
• Simultaneous training: minimize a weighted sum of the objectives
• Additional tricks: shared discriminator feature maps, deterministic encoders, instance

noise trick
• Plug-in deep neural networks for encoders, decoders, discriminators
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Experiment. MNIST–SVHN add-1 dataset

• (X,Y)=(MNIST, SVHN) with label(SVHN)=label(MNIST)+1

• Z=label, (U,V) ≈ (style of MNIST, style of SVHN)

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 13 / 28



Experiment. MNIST–SVHN add-1 dataset

• (X,Y)=(MNIST, SVHN) with label(SVHN)=label(MNIST)+1

• Z=label, (U,V) ≈ (style of MNIST, style of SVHN)

<latexit sha1_base64="ph+WlZoInRvONpcgLMtrUI9ZWLA=">AAAB8XicbVBNS8NAEJ3Urxq/qh69LBbBU0lEqhex6MVjBftB21A22027dLMJuxuhhP4LLx4U0aM/xLsX8d+4aXvQ1gcDj/dmmDfjx5wp7TjfVm5peWV1Lb9ub2xube8UdvfqKkokoTUS8Ug2fawoZ4LWNNOcNmNJcehz2vCH15nfuKdSsUjc6VFMvRD3BQsYwdpIrU6I9cAP0ta4Wyg6JWcCtEjcGSleftgX8duXXe0WPju9iCQhFZpwrFTbdWLtpVhqRjgd251E0RiTIe7TtqECh1R56STxGB0ZpYeCSJoSGk3U3xMpDpUahb7pzBKqeS8T//PaiQ7OvZSJONFUkOmiIOFIRyg7H/WYpETzkSGYSGayIjLAEhNtnmSbJ7jzJy+S+knJLZdOb51i5QqmyMMBHMIxuHAGFbiBKtSAgIAHeIJnS1mP1ov1Om3NWbOZffgD6/0HMieURA==</latexit>

Z
<latexit sha1_base64="B6KW9EXvAXroc2hsN8wmyFsX3Iw=">AAAB8XicbVBNS8NAEJ3Urxq/qh69LBbBU0lE1ItY9OKxgmmLbSib7aZdutmE3Y1QQv+FFw+K6NEf4t2L+G/ctD1o64OBx3szzJsJEs6Udpxvq7CwuLS8Uly119Y3NrdK2zt1FaeSUI/EPJbNACvKmaCeZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CzBt1SmWn4oyB5ok7JeWLD/s8efuya53SZ7sbkzSiQhOOlWq5TqL9DEvNCKcju50qmmAywD3aMlTgiCo/GyceoQOjdFEYS1NCo7H6eyLDkVLDKDCdeUI16+Xif14r1eGZnzGRpJoKMlkUphzpGOXnoy6TlGg+NAQTyUxWRPpYYqLNk2zzBHf25HlSP6q4J5XjG6dcvYQJirAH+3AILpxCFa6hBh4QEPAAT/BsKevRerFeJ60FazqzC39gvf8AKo6UPw==</latexit>

U
<latexit sha1_base64="xzkAxgbw3W120ODvVBz7nv2eUYk=">AAAB8XicbVBNS8NAEJ3Urxq/oh69LBbBU0lE1ItY9OKxgv3ANpTNdtMu3WzC7kYoof/CiwdF9OgP8e5F/Ddu2h609cHA470Z5s0ECWdKu+63VVhYXFpeKa7aa+sbm1vO9k5dxakktEZiHstmgBXlTNCaZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CrD7qOCW37I6B5ok3JaWLD/s8efuyqx3ns92NSRpRoQnHSrU8N9F+hqVmhNOR3U4VTTAZ4B5tGSpwRJWfjROP0IFRuiiMpSmh0Vj9PZHhSKlhFJjOPKGa9XLxP6+V6vDMz5hIUk0FmSwKU450jPLzUZdJSjQfGoKJZCYrIn0sMdHmSbZ5gjd78jypH5W9k/LxjVuqXMIERdiDfTgED06hAtdQhRoQEPAAT/BsKevRerFeJ60FazqzC39gvf8ALBOUQA==</latexit>

V

<latexit sha1_base64="v/LlQyu3vZZpH/a3LebL6PLYf+8=">AAAB8XicbVBNS8NAEJ3Urxq/oh69LBbBU0lE1ItY9OKxgv3ANpTNdtMu3WzC7kYoof/CiwdF9OgP8e5F/Ddu2h609cHA470Z5s0ECWdKu+63VVhYXFpeKa7aa+sbm1vO9k5dxakktEZiHstmgBXlTNCaZprTZiIpjgJOG8HgKvcb91QqFotbPUyoH+GeYCEjWBvprh1h3Q/CrDnqOCW37I6B5ok3JaWLD/s8efuyqx3ns92NSRpRoQnHSrU8N9F+hqVmhNOR3U4VTTAZ4B5tGSpwRJWfjROP0IFRuiiMpSmh0Vj9PZHhSKlhFJjOPKGa9XLxP6+V6vDMz5hIUk0FmSwKU450jPLzUZdJSjQfGoKJZCYrIn0sMdHmSbZ5gjd78jypH5W9k/LxjVuqXMIERdiDfTgED06hAtdQhRoQEPAAT/BsKevRerFeJ60FazqzC39gvf8ALx2UQg==</latexit>

X
<latexit sha1_base64="uCpwLsm17DZBExkdHRLJCYERoig=">AAAB8XicbVBNS8NAEJ3Urxq/qh69LBbBU0lEqhex6MVjBfuhbSib7aZdutmE3Y1QQv+FFw+K6NEf4t2L+G/ctD1o64OBx3szzJvxY86UdpxvK7ewuLS8kl+119Y3NrcK2zt1FSWS0BqJeCSbPlaUM0FrmmlOm7GkOPQ5bfiDy8xv3FOpWCRu9DCmXoh7ggWMYG2ku3aIdd8P0ttRp1B0Ss4YaJ64U1I8/7DP4rcvu9opfLa7EUlCKjThWKmW68TaS7HUjHA6stuJojEmA9yjLUMFDqny0nHiETowShcFkTQlNBqrvydSHCo1DH3TmSVUs14m/ue1Eh2ceikTcaKpIJNFQcKRjlB2PuoySYnmQ0MwkcxkRaSPJSbaPMk2T3BnT54n9aOSWy4dXzvFygVMkIc92IdDcOEEKnAFVagBAQEP8ATPlrIerRfrddKas6Yzu/AH1vsPMKKUQw==</latexit>

Y

labelstyle style

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 13 / 28



Experiment. MNIST–SVHN add-1 dataset

• Generated samples: same z across the rows; same u, v across the columns
• A red box highlights inputs; a yellow boxyellow box highlight style references

(a) →(MNIST,SVHN) (b) MNIST→SVHN (d) MNIST→SVHN
with style transfer

(c) SVHN→MNIST
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Experiment. MNIST–SVHN add-1 dataset

• Numerical evaluation: λCImodel vs. quality of generated samples
• Frechet distance: measures a distance between generated samples and test dataset
• Digit classification error: computed by pretrained MNIST/SVHN classifiers
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Experiment. Sketchy dataset [San+16]

• (X,Y)=(photo, human sketch)

• Z ≈ image class, (U,V) ≈ (variation in photo, style of sketch)

• Cross-domain retrieval: given a sketch (y), retrieve photos (x)
• Our method: retrieve via common representations

• Train both conditional models;
• Using qθ(z|x), register common representations {zj}j∈[n] of test photos {xj}j∈[n];
• Given a sketch yo, retrieve the K-nearest neighbors of zo ∼ qθ(z|yo) from {zj}j∈[n]
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Experiment. Sketchy dataset [San+16]

• Zero-shot: training set has no overlapping classes with test set
• Examples: correct retrievals (left) / wrong retrievals (right)

XX XX Xbell

XX OO Xracket

jack-o-lantern OO OO O

bear OO OO O

• Numerical evaluation: precision@K (P@K), mean average precision (mAP)

Models P@100 mAP
LCALE [Lin+20] 0.583 0.476
IIAE [Hwa+20] 0.659 0.573

Variational Wyner 0.703 0.629
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Concluding remarks

• Wyner’s common representation:

min
q(z|x,y):X−Z−Y

I(Z;X,Y)

• Learning distributions with Wyner’s common information
→ disentangled representations
→ better performance in downstream tasks!

Q1. What is the operational meaning of Wyner’s common representation?

Q2. More than two variables?
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Part II

From the Power of Random Guessing
to Scalable Nearest-Neighbor Algorithms
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Nearest-neighbor classification

• Data: Let {(X1, Y1), . . . , (Xn, Yn)} be i.i.d. samples over X × Y

Assume a separable metric space (X , ρ), e.g., X = Rd with Euclidean distance
For binary Y = {0, 1}, let η(x) = P(Y = 1|X = x)

• Goal: Construct a classifier ĝ : X → Y that minimizes P{ĝ(X) ̸= Y }
• The Bayes classifier g∗(x) = 1{η(x) ≥ 1

2} is optimal
• k-nearest-neighbor (k-NN) classifier ĝk-NN: for a query x, find the k-nearest

neighbors of x and take the majority vote over the labels
• Cover and Hart (1967):

lim
n→∞

P{ĝ1-NN(X) ̸= Y } ≤ 2P{g∗(X) ̸= Y }

• Stone (1977): If k → ∞ with k = o(n)

lim
n→∞

P{ĝk-NN(X) ̸= Y } = P{g∗(X) ̸= Y }
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Nearest-neighbor algorithms

• Classification, regression, density estimation, density functional estimation, …

• (+) Simple, elegant, well-understood

• (−) Not directly applicable for large-scale datasets
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Nearest-neighbor algorithms

• Classification, regression, density estimation, density functional estimation, …

• (+) Simple, elegant, well-understood

• (−) Not directly applicable for large-scale datasets

Q. Can we make the k-NN-based algorithms viable in the realm of big data?
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Digression: detection problem

• Detect a signal Y from an observation X to minimize Pe = P{ŷ(X) ̸= Y }

• Example: In channel coding, find m̂(X) that minimizes P{m̂(X) ̸= M}

Encoder DecoderM XY M̂
p(x|y)

• Maximum a-posteriori probability (MAP) detector:

ŷ∗(x) = arg max
y∈Y

p(y |x)

• Randomized likelihood (RL) detector [YAG13]:

Ŷ (x) ∼ p(y |x)
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• Example: In channel coding, find m̂(X) that minimizes P{m̂(X) ̸= M}

Encoder DecoderM XY M̂
p(x|y)

• Maximum a-posteriori probability (MAP) detector:
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Ŷ (x) ∼ p(y |x)

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 22 / 28



Digression: detection problem

• Detect a signal Y from an observation X to minimize Pe = P{ŷ(X) ̸= Y }
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Ŷ (x) ∼ p(y |x)

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 22 / 28



Digression: detection problem

• Detect a signal Y from an observation X to minimize Pe = P{ŷ(X) ̸= Y }
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Power of random guessing

Liu–Cuff–Verdú lemma (2017)
P{Ŷ (X) ̸= Y } ≤ 2P ∗

e = 2P{ŷ∗(X) ̸= Y }

A general factor-of-two bound [Bha+18]
For any metric d(y, y′) and Y

d
= Y ′,

E[d(Y, Y ′)] ≤ 2 inf
y∈Y

E[d(Y, y)]

• Proof. Triangle inequality
• Proof of the LCV lemma. Let d(y, ŷ) = 1{y ̸= y′}, apply the general bound for each
x, and take expectation w.r.t. X
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Power of random guessing and 1-NN classifier

• Cover and Hart (1967):

lim
n→∞

P{ĝ1-NN(X) ̸= Y } ≤ 2P{g∗(X) ̸= Y }

can be thought as a manifestation of the power of random guessing

Lemma (Cover and Hart, 1967)
Let X(1)(x) be the nearest neighbor of x from i.i.d. samples {X1, . . . , Xn}
If (X , ρ) is a separable metric space,

lim
n→∞

ρ(X(1)(x), x) = 0 with probability 1

• Observation 1. (1-NN classifier ≡ RL detector) in the sample limit
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Power of multiple random guessing

• Let {Y ′
1(x), . . . , Y

′
M (x)} be a set of conditionally i.i.d. copies of Y |{X = x} and

ŶM (x) = mode(Y ′
1(x), . . . , Y

′
M (x))

Theorem [Bha+18]
For any δ > 0

P{ŶM (X) ̸= Y } ≤ P ∗
e +O(M)(e−δ2Ω(M) + P{∆(X) ≤ δ})

where

∆(x) ≜ (the gap between the first and second largest values of {p(y |x)}y∈Y)

• Proof. Hoeffding and Vapnik–Chervonenkis
• Observation 2. (majority vote over M random guesses → MAP detector) as M → ∞
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ŶM (x) = mode(Y ′
1(x), . . . , Y

′
M (x))

Theorem [Bha+18]
For any δ > 0
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Power of multiple random guessing with 1-NN classifier

• Observation 1. (1-NN classifier ≡ RL detector) in the sample limit
• Observation 2. (majority vote over M random guesses → MAP detector) as M → ∞

• Proposal: aggregate multiple 1-NN classifiers with sample splitting
• We call the resulting classifier g̃M the M -split 1-NN classifier
• Fully parallelizable; with S workers, query complexity becomes 1/S

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 26 / 28



Power of multiple random guessing with 1-NN classifier

• Observation 1. (1-NN classifier ≡ RL detector) in the sample limit
• Observation 2. (majority vote over M random guesses → MAP detector) as M → ∞
• The M -NN classifier is one way to emulate the power of multiple random guessing
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Performance guarantee

Theorem (excess risk) [RK22]
For X = Rd with metric ρ(x, x′), assume:

1 η(x) = P{Y = 1|X = x} is (α,A)-Hölder continuous for some 0 < α ≤ 1
and A > 0, i.e., ∀x, x′ ∈ X ,

|η(x)− η(x′)| ≤ Aρα(x, x′).

2 η satisfies the β-margin condition for β > 0, i.e., ∃ C > 0 s.t.

P
{∣∣∣η(X)− 1

2

∣∣∣ ≤ ∆
}
≤ C∆β

For M = Θ(N
2α

2α+d ), E[P{g̃M (X) ̸= Y }]− P{g∗(X) ̸= Y } = Õ(N− (β+1)α
2α+d )

• Nearly minimax-optimal [AT+07]
• The M -split 1-NN classifier emulates a Θ(M)-NN classifier [CD14]
• Proof idea: analyze an intermediate distance-selective rule
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Concluding remarks

• An existing divide-and-conquer framework [QDC19] requires k → ∞ for the base
k-NN classifier, to be optimal

• Aggregating multiple runs of the simplest 1-NN search is all we need!

• cf. distributed NN search [FMP20], approximate NN search [HIM12]

• The same framework works for regression and can be extended to density estimation

Q. Split-and-aggregate framework for other nonparametric algorithms?

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 28 / 28



Concluding remarks

• An existing divide-and-conquer framework [QDC19] requires k → ∞ for the base
k-NN classifier, to be optimal

• Aggregating multiple runs of the simplest 1-NN search is all we need!

• cf. distributed NN search [FMP20], approximate NN search [HIM12]

• The same framework works for regression and can be extended to density estimation

Q. Split-and-aggregate framework for other nonparametric algorithms?

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 28 / 28



Concluding remarks

• An existing divide-and-conquer framework [QDC19] requires k → ∞ for the base
k-NN classifier, to be optimal

• Aggregating multiple runs of the simplest 1-NN search is all we need!

• cf. distributed NN search [FMP20], approximate NN search [HIM12]

• The same framework works for regression and can be extended to density estimation

Q. Split-and-aggregate framework for other nonparametric algorithms?

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 28 / 28



Concluding remarks

• An existing divide-and-conquer framework [QDC19] requires k → ∞ for the base
k-NN classifier, to be optimal

• Aggregating multiple runs of the simplest 1-NN search is all we need!

• cf. distributed NN search [FMP20], approximate NN search [HIM12]

• The same framework works for regression and can be extended to density estimation

Q. Split-and-aggregate framework for other nonparametric algorithms?

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 28 / 28



Concluding remarks

• An existing divide-and-conquer framework [QDC19] requires k → ∞ for the base
k-NN classifier, to be optimal

• Aggregating multiple runs of the simplest 1-NN search is all we need!

• cf. distributed NN search [FMP20], approximate NN search [HIM12]

• The same framework works for regression and can be extended to density estimation

Q. Split-and-aggregate framework for other nonparametric algorithms?

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 28 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta

• Committee members:
Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal

• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends
• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal

• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends
• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation

• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends
• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)

• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends
• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members

• Prof. Dasgupta’s group members
• My friends
• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members

• My friends
• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends

• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends
• My parents

• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends
• My parents
• My wife Kyungeun

• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Acknowledgments

• My advisors: Prof. Young-Han Kim and Prof. Sanjoy Dasgupta
• Committee members:

Prof. Ery Arias-Castro, Prof. Yoav Freund, Prof. Nikolay Atanasov, Prof. Piya Pal
• Funding sources: NAVER, Samsung, NSF, Kwanjeong educational foundation
• Internship mentors: Dr. Yoojin Choi (Samsung), Dr. Yang Yang (Qualcomm)
• Prof. Kim’s group members
• Prof. Dasgupta’s group members
• My friends
• My parents
• My wife Kyungeun
• My babies Arielle and Asher

Jon Ryu (UCSD) From Information Theory to Machine Learning Algorithms June 3, 2022 29 / 28



Thank you!
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How to use the variational Wyner model

(c) Conditional sampling(a) Joint sampling (b) Joint stochastic 
reconstruction

(d) Conditional sampling 
with style control

qθ(z|x)

V0,j

qθ(z|x)

• Variational encoders are introduced for training, but can be also used in sampling
• Local variational encoders qϕ(u|z, x), qϕ(v|z, y) can be viewed as style extractors
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Derivation

• For each model pmodel ∈ {p→xy, px→y, py→x}:

minimize Ixy→(X,Y;Z)
subject to X − Z − Y
variables qϕ(z|x, y)

1 Replace X − Z − Y with the model consistency

2 Replace Ixy→(X,Y;Z) with Imodel(X,Y;Z)

3 Relax the equality constraint

4 Convert to an unconstrained Lagrangian minimization
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Derivation

• For each model pmodel ∈ {p→xy, px→y, py→x}:

minimize D(pmodel(x, y, z, u, v), qxy→(x, y, z, u, v)) + λCImodelImodel(X,Y;Z)
subject to
variables qϕ(z|x, y), qϕ(u|z, x), qϕ(v|z, y), pmodel(x, y, z, u, v)

1 Replace X − Z − Y with the model consistency
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Experiment. CUB image-caption

• (X,Y)=(bird images, captions)

• Used ResNet-101 features for images
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Experiment. CUB image-caption

This bird has yellow topped black 
and white striped wings and 
some red markings on its belly.

ground 
truth

input text 
from test set

retrievals
from generated features

This bird has wings that are gray 
and has a white belly.

this small bird is 
black white white 
with a small bill bill 
and black feet

this bird is grey 
with grey and a 
black beak , pointy 
short pointy beak .

this is a black and 
white black bird 
and a short black 
beak .

this bird has a 
black and and 
white and white 
feathers and

this white bird is 
mostly white 
white with a long 
bill , and black feet

this bird is grey 
with grey and has 
long long, pointy 
short pointy beak

this is a black and 
white black bird 
and a long long 
yellow . .

this bird has a 
white and and 
white and white 
with and feet .

this bird has a 
black crown and 
breast , with a 
crown , and and 
and black red its . .

this is a very , and 
white and and 
color with with a , 
and and a long 
blue patches . .

this bird has a very 
, thin beak with a 
breast and a 
brown beak , the 
body rimmed body 
.

this bird has a 
black crown and 
breast , with 
yellow breast and 
and and and its of 
its feathers .

this bird a small , 
and yellow black 
color with with 
crown black black 
and black of its 
crown .

this bird has 
yellow small , 
black beak and a 
breast and a black 
feathers . the bird 
it’s the body . . 

this bird has a red 
crown and breast , 
with red red red 
and red and on on 
red its . .

this bird is a red 
red , red red color 
with with crown 
red and and and 
black red red .

the bird has red 
red red red , and 
red red and a red 
beak . the red ‘s 
feathers .

input image 
from test set

generated captions

→(image, caption) image→caption

caption→image
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Experiment. CUB image-caption

• Numerical evaluation: correlation of generated samples

Model joint image→caption caption→image
Test set 0.273

MMVAE [Shi+19] 0.263 0.104 0.135
Variational Wyner 0.303 0.327 0.318
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