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OUTLINE

▪ Cross-domain alignment 

▪ Graph construction: 

▪ Image Object detection: Faster R-CNN 

▪ Word: Bi-GRU 

▪ Graph matching(Optimal Transport Distances) 

▪ Wasserstein Distance 

▪ Gromov-Wasserstein Distance 

▪ Graph Matching via OT Distances 

▪ Experimental Results 

▪ Image-text retrieval,  VQA



GRAPH CONSTRUCTION

▪ Text features 

▪ Bi-LSTM/GRU for feature extraction:  

▪ m : number of word tokens, s: feature dim

Y ∈ Rm×s
▪ Image features 

▪ Bottom-up features:   

▪ n : number of bounding boxes, s: feature dim

X ∈ Rn×s



▪
Entity feature vector from 2 different domain: ,  

▪  

▪  

▪  

▪ Probability distribution: ,  , ,   

▪ : all the joint distributions  with marginals  and . 

▪ Weight vector:  ,   

▪

X̃ = {x̃i}n
i=1

Ỹ = {ỹj}
m

j=1
X, Y = fθ(X̃, Ỹ)
ℒ(θ) = ℒsup (X, Y, l)
ℒ(θ) = ℒsup (X, Y, l) + α ⋅ ℒCDA (X, Y)

μ ∈ P(𝕏) ν ∈ P(𝕐 ) μ = ∑n
i=1 uiδxi

ν = ∑m
j=1 vjδyj

Π(μ, ν) γ(x, y) μ(x) ν(y)
u = {ui}n

i=1
∈ Δn v = {vi}m

i=1
∈ Δm

∑n
i=1 ui = ∑m

j=1 vj = 1

DENOTATION



▪ Wasserstein Distance is a measure of the distance between two probability 
distributions.(Earth Mover’s distance) 

▪ eg. the amount of dirt moved  x  the moving distance 

▪ In order to change P to look like Q 

▪ First move 2 shovelfuls from P1 to P2 => (P1,Q1) match up. 

▪ Then move 2 shovelfuls from P2 to P3 => (P2,Q2) match up. 

▪ Finally move 1 shovelfuls from Q3 to Q4 => (P3,Q3) and (P4,Q4) match up. 

▪ δi+1=δi+Pi−Qi  

▪ δ0=0 

▪ δ1=0+3−1=2 

▪ δ2=2+2−2=2 

▪ δ3=2+1−4=−1 

▪ δ4=−1+4−3=0 

▪ Earth Mover’s distance is W=∑|δi|=5

WASSERSTRIN DISTANCE



▪ Apply optimal transport 

▪ Wasserstrin distance 

▪ Node matching 

▪
 

▪  is the transport plan 

▪ calculated by Sinkhorn algorithm 

▪   are two instances/nodes 

▪  is the pair-wise cost matrix: 

▪  

▪ : eg. Cosine similarity distance

𝒟w(μ, ν) = inf
γ∈Π(μ,ν)

𝔼(x,y)∼γ[c(x, y)]

= min
T∈Π(u,v)

n

∑
i=1

m

∑
j=1

Tij ⋅ c (xi, yj)
T

xi, yj
C
Cij = d (xi, yj)

d

WASSERSTRIN DISTANCE

▪ where

 

▪ : n-dimensional all-one vector 

▪
 

1n

c (xi, yj) = 1 −
x⊤

i yj

xi 2
yj

2



▪ Gromov-Wasserstein Distance: 

▪ Structure matching 

▪  

▪                   

▪  

▪ : intra-graph structural similarity between two pairs of nodes 

▪ C: node similarity within the same graph 

𝒟gw(μ, ν) = infγ∈Π(μ,ν) 𝔼(x,y)∼γ,(x′�, y′ �)∼γ [L (x, y, x′�, y′�)]
= minT̂∈Π(u,v) ∑i,i′ �, j, j′ � T̂ijT̂i′�j′ �L (xi, yj, x′�i, y′�j)

L (xi, yj, x′ �i, y′ �j) = c1 (xi, x′ �i) − c2 (yi, y′�i)
L( ⋅ )

GROMOV-WASSERSTEIN DISTANCE



▪ Graph X: ,  

▪ Node  , feature vector  

▪ Edges : calculate the similarity between a pair of entities inside a graph 

▪ Image graph 

▪ Dot-product/cosine distance between objects within the image 

▪
 

▪ Text graph 

▪
 

▪ Graph Pruning: sparse graph representation 

▪ , If , an edge is added between node  and .

𝒢x (𝕍x, ℰx)
i ∈ 𝕍x xi .
ℰx

Cx = {cos (xi, xj)}
i, j

∈ ℝn×n

Cy = {cos (yi, yj)}
i, j

∈ ℝm×m

Cx = max (Cx − τ,0) [Cx]ij
> 0 i j

GRAPH CONSTRUCTION



▪ GOT(Graph-based Optimal transport) 

▪ Wasserstrin distance 

▪ Node matching 

▪ Gromov-Wasserstein Distance: 

▪ Structure matching 

▪ Combining WD, GWD for better feature alignment 

▪
 

▪
                       

▪  

▪

𝒟got(μ, ν) = minT∈Π(u,v) ∑i,i′ �, j, j′�Tij (λc (xi, yj)
+(1 − λ)Ti′ �j′ �ℒ (xi, yj, x′ �i, y′ �j))

LGOT = λ1LW + λ2LGW

Lunified  = λc(x, y) + (1 − λ)L (x, y, x′�, y′�)

GOT(GRAPH-BASED OPTIMAL TRANSPORT)



▪ To solve WD with an entropic regularizer 

▪  

▪  

▪ Gibbs kernel for Sinkhorn: 

▪   

▪  

▪  

▪

minT∈Π(u,v) ∑n
i=1 ∑m

j=1 Tijc (xi, yj) − βH(T)

H(T) = − ∑i, j Tij log Tij



▪  

 

▪

𝒟gw(μ, ν) = infγ∈Π(μ,ν) 𝔼(x,y)∼γ,(x′�, y′ �)∼γ [L (x, y, x′�, y′�)]
= minT̂∈Π(u,v) ∑i,i′�, j, j′� T̂ijT̂i′�j′ �L (xi, yj, x′�i, y′�j)

L (xi, yj, x′�i, y′ �j) = c1 (xi, x′�i) − c2 (yi, y′�i)

ALGORITHM2



SCHEMATIC COMPUTATION GRAPH OF GOT



ALGORITHM3

▪  

▪  

▪              

LGOT = λ1LW + λ2LGW

Lunified  = λc(x, y) + (1 − λ)L (x, y, x′�, y′�)
𝒟got(μ, ν) = minT∈Π(u,v) ∑i,i′ �, j, j′�Tij (λc (xi, yj)
+(1 − λ)Ti′ �j′ �ℒ (xi, yj, x′�i, y′�j))



SCAN MODEL



▪ Image-Text Retrieval 

▪ Image representation: pre-trained Faster R-CNN    (36,2048) 

▪ Textual features: bi-directional GRU 

▪ Dataset: Flickr30K (Plummer et al.,2015), COCO (Lin et al., 2014) 

▪ Model: SCAN 

▪
Triple loss:  

▪ is a positive image-text pair 

▪  is the most negative sample for  

▪  :  hyper-parameter 

▪ : function~ evaluates the similarity of image and text 

▪ Final objective: 

Ltriple (xi, yi, yj) = max {0,γ + sim (xi, yi) − sim (xi, yj)}
(xi, yi)
yj xi
γ
sim

Lfinal  = Ltriple  + LGOT

EXPERIMENTS



EXPERIMENTS

▪ Flickr30K

▪ COCO



EXPERIMENTS
transport plan from GOT

learned attention matrix from SCAN

image regions

word tokens



▪ Visual Question Answering 

▪ Dataset: VQA 2.0 

▪ human annotated QA 
pairs on COCO images 

▪ Model: BAN, BUTD 

▪ Classification:  

▪ cross-entropy loss  

▪ Final objective: 

▪

Lcls

Lfinal  = Lcls + LGOT

EXPERIMENTS
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