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Motivation

Image-to-video adaptation

• Web images are a labeling-free data source
for action recognition

• Webly-labeled images to unlabeled videos

But ...

• Spatial domain shift between web images
and video frames

• Modality gap between images and videos
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Overview

CycDA

• solves image-to-video adaptation by decou-
pling a) domain alignment b) spatio-temporal
learning

• is a cyclic alternation of 4 stages between
spatial and spatio-temporal learning

• has extensive evaluations with SOTA results
on image-to-video adaptation and mixed-
source (image+video) to video adaptation

CycDA

pour

run

hug

jump

web images

Source Domain 

w/ labels Spatial DA

Spatio-temporal learning videos

clips

frames

Target Domain 

w/o labels

Cycle DA

vid
eo



ps
eu

do
 la

be
ls

frame


pseudo labels

video


pseudo labels

fra
me


pseu
do lab

els

(2)

(1)

Category-level Pseudo Labels

stage 1 + stage 2

CycDA (stage 1~4)
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Stage 1: Class-agnostic domain alignment
• Task: domain alignment without category
information. The classes of source and target
data could be misaligned.
• Model: image model ϕI

• Objective: supervised cross entropy loss and
adversarial domain discrimination loss
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Stage 2 & Stage 4: Spatio-temporal learning
• Task: spatio-temporal learning with pseudo
labeld target data
• Pseudo labeling: use image model ϕI to
predict pseudo labels on target frames, and
temporally aggregate frame-level labels into
video-level labels
• Model: video model ϕV

• Objective: supervised cross entropy loss
minθV
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C
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Stage 3: Class-aware domain alignment
• Task: Domain alignment on the category level
• Pseudo labeling: use the video model ϕV to
generate video-level labels, and disseminate
into frame-level labels
• Model: image model ϕI

• Objective: cross-domain contrastive learning
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Positive sample from source zIj + ∈ IS
Negative sample from source zIj − ∈ IS

Cycling of the Stages
Stage 3 and stage 4 can be performed
iteratively.
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