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Background

▶ Weakly supervised temporal action alignment.

- Task: Assign each video with a set of (unsorted) texts and aim at matching each
frame with a text in the set.

- Challenges: Correspondence between the frames and the texts is unknown and lack
of text order information leads to sub-optimal performance.

Action set: (SIL, take_bowl, pour_cereals, pour_milk)

Video

Predicted 
Lables SIL pour_milktake_bowl pour_cereals SIL
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Motivation

▶ The perspective of computational optimal transport.
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- Wasserstein distance captures
point-wise similarity while
Gromov-Wasserstein (GW)
Distance focus on pair-wise
comparison.

- Fused Gromov-Wasserstein
Distance (FGW) combines
both of them.

dfgw(V ,W ;β) = min
T∈Π(u,µ)

(1− β)⟨Dvw, T ⟩︸ ︷︷ ︸
Wasserstein term

+ β⟨−DvTDT
w , T ⟩︸ ︷︷ ︸

GW term

.
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Our Approach: Overview

▶ Unbalanced spectral fused Gromov-Wasserstein (US-FGW) distance is proposed to
capture the correspondence between frames and textual descriptions in their
latent space

▶ A new contrastive learning framework is applied for the unified learning of the
visual and textual auto-encoders
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Our Approach

▶ Unbalanced spectral fused Gromov-Wasserstein (US-FGW) distance

- Filter out meaningless background frames - Unbalanced setting
- Distinguish the high-dimensional latent codes - Spectral setting

take_bowlpour_cereals Pour_milk

frames

texts

Given frames V , text words W :
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Our Approach

▶ Leverage the Bregman ADMM algorithm to compute the US-FGW distance
1. Rewrite dus-fgw by introducing three auxiliary variables S, u and µ:

minT ,S,u,µ(1− β)⟨−Kvw,T ⟩+ β⟨−KvSKT
w ,T ⟩+

τ
(
KL(u∥1

I
1I) + KL(µ∥ 1

J
1J)
)

s.t. T = S, T1J = u, ST1I = µ.

(1)

2. Rewrite this formula in a Bregman-augmented Lagrangian form by introducing three
dual variables Z, z1, z2.

3. Update the primal, the auxiliary, and the dual variables iteratively till the variable T
converges.
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Our Approach

▶ Leverage the Bregman ADMM algorithm to compute the US-FGW distance
3.1 Rewrite (1) in the following the Bregman-augmented Lagrangian form for T and

update T in a closed form:

T (k+1) = arg minT∈Π(u(k),·)(β − 1)⟨Kvw,T ⟩ − β⟨KvS
(k)KT

w ,T ⟩

+ ⟨Z(k),T − S(k)⟩+ ρKL(T ∥S(k))

= diag(u(k))σr

(
(1− β)Kvw + βKvS

(k)KT
w −Z(k)

ρ
+ logS(k)

)
,

(2)

3.2 Similarly, we can consider the Bregman-augmented Lagrangian form for S, u, µ:

S(k+1) = arg minS∈Π(·,µ(k)) −β⟨KT
v T (k+1)Kw,S⟩

+ ⟨Z(k),T (k+1) − S⟩+ ρKL(S∥T (k+1))

= σc

(
βKT

v T (k+1)Kw +Z(k)

ρ
+ logT (k+1)

)
diag(µ(k)),

(3)
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Our Approach
▶ Leverage the Bregman ADMM algorithm to compute the US-FGW distance

minu∈∆I−1 τKL(u∥1
I
1I) + ⟨z1

(k),u⟩+ ρKL(u∥T (k+1)1J)

⇒ u(k+1) = σ

(
ρ log(T (k+1)1J) + τ log 1

I
1I − z1

(k)

ρ+ τ

)
,

(4)

minµ∈∆J−1 τKL(µ∥ 1
J
1J) + ⟨z2

(k),µ⟩+ ρKL(µ∥(S(k+1))T1I)

⇒ µ(k+1) = σ

(
ρ log((S(k+1))T1I) + τ log 1

J
1J − z2

(k)

ρ+ τ

)
,

(5)

3.3 Update the dual variables via the ADMM manner:

Z(k+1) = Z(k) + ρ(T (k+1) − S(k+1)),

z1
(k+1) = z1

(k) + ρ(u(k+1) − T (k+1)1J),

z2
(k+1) = z2

(k) + ρ(µ(k+1) − (S(k+1))T1I).

(6)
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Our Approach
▶ A new contrastive learning framework

- Generalization of classic contrastive learning. Given a set of frames, maximize
the difference between the conditional distribution of positive texts and that of
negative texts, i.e.,

maxEV∼pD [d(pP|V , pN|V)],

- The proposed US-FGW contrastive learning. Take US-FGW distance as the
matric d, and relax the above objective funtion, i.e.,

EV∼pD [dus-fgw(pP|V , pN|V)]

≥EV∼pD [dus-fgw(pN|V , pV)− dus-fgw(pP|V , pV)],

𝑝𝑝𝒟𝒟: the distribution of training data 𝑑𝑑: the (pseudo) metric of the distributions

𝑝𝑝𝒫𝒫|𝒱𝒱 , 𝑝𝑝𝒩𝒩|𝒱𝒱 : the positive and the negative text distributions conditioned on the frame set 𝒱𝒱
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Learning Strategy

▶ The overall learning strategy is as follows:

minfv, gv, fw, gw︸ ︷︷ ︸
Auto-Encoders

Σ(Vn,Wn,W ′
n)∈D

(
ℓv(Vn, gv(fv(Vn)))︸ ︷︷ ︸

Reconstruction loss of frames

+ ℓw(Wn, gw(fw(Wn)))︸ ︷︷ ︸
Reconstruction loss of words

+γ
(
dus-fgw(fv(Vn), fw(Wn);β, τ)︸ ︷︷ ︸

Positive US-FGW distance

− dus-fgw(fv(Vn), fw(W ′
n)︸ ︷︷ ︸

Negative US-FGW distance

;β, τ)
))

.
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Nested alternating optimization

Input    :

Output :

Data 𝒟𝒟 = 𝒱𝒱𝑛𝑛,𝒲𝒲𝑛𝑛 𝑛𝑛=1
𝑁𝑁 , a vocabulary 

set 𝒲𝒲𝑎𝑎𝑎𝑎𝑎𝑎 , and hyper-parameters 𝛽𝛽, 𝜏𝜏, 𝛾𝛾

Visual auto-encoder 𝑓𝑓𝑣𝑣, 𝑔𝑔𝑣𝑣, textual auto-
encoder 𝑓𝑓𝑤𝑤, 𝑔𝑔𝑤𝑤

Outer loop:
Compute US-FGW distances and update 

the autoencoders iteratively.

Inner loop:
Update the optimal matrics when 

computing the US-FGW distances.
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Quantitative Results
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Qualitative Results
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Ablation Study
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Conclusion

▶ A novel optimal transport-based solution to set-supervised temporal action
alignment.

▶ A new contrastive learning paradigm based on proposed US-FGW distance.

▶ An algorithm for efficient calculation of US-FGW distance leveraging the Bregman
ADMM algorithm.
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Thanks! Q & A

dixin.luo@bit.edu.cn
https://dixinluo.github.io
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