Disentangling Structure and Aesthetics for Style-aware Image Completion
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Introduction - Image Completion Style-aware optimization for patch selection Evaluation
Image completion (or “in-painting”) enables the removal of unwanted objects Given the style and structure relevant patches, we propose a global We evaluated the approach using two large image datasets:
of artefacts in images. Most prior work operates by copying patches from optimization for filling the hole with patches maximizing visual plausibility and 1) Places2 a dataset of photos commonly used for image completion;
elsewhere in the same image, or from auxiliary image collections (AlCs), so as to style coherence 2) Behance Artistic Media (BAM!) a new in-painting dataset sampled from a
hallucinate plausible texture to in-paint the unwanted regions. Previous work Patch Spatial Style website of publicly shared artwork from creative professionals
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focused.on the in-painting of photographlc.lrn-aggs only, with patch .sele-ctlo.n Structure + Cghgrence Coherence We compare against several contemporary baselines: PatchMatch [1], Image
and coping driven by structure or semantic similarity. Our novel contribution is (data term) (pairwise term) (data term) : .
: . . Melding [3], Efros et al./Million Image AIC [8] and Context Encoder [20].
a novel AIC based image completion approach that explicitly enforces both 1
structural and style (aesthetic) consistency in the patch selection process, and E(X) — E wz (p%) ‘N‘ E wij (p?la pj) E ws (p%) |
adaptively stylizes patches for aesthetic consistency during the copying process. eV ‘liev,jeN; eV B eh alnce (BA M ) PI aces2 Benc h mar k
CNN disentangles patch structure and style  Style aware patch sleection ~ Adaptive Stylisation Patch Structure: measures the deviation of the structure of patch p; from the

— : o A o * \ structured content in the source image, s
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Spatial Coherence: The pairwise term v;; (p,;pj) measures spatial coherence of

the patch neighbourhood, through the sum of square difference (SSD) of pixel
values in the overlap area between neighbouring patches i, j

Million Image [*] PatchMatch [ ] ImgMelding []  Context Encoder [ ()] ImgComp [11]

Diff. Style
Same - =
Semantic

OI.
W ’

_________

Source image to in-paint Structure + Style Search Structure + Style aware Adaptive stylization and

i st mmtetantions et e A e Style Coherence: Encourages style coherence in local regions of the image. This
is expressed as the L2 distance within the style embedding
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3. Adaptive stylisation of patch content to enable seamless image completion Coarse to fine Ad aptlve Styllzatlon Context Encoder [20]” 086 2.27 0.82 226 091 229 0.83 224 091 2.30 081 231 09 231 084 236 0.86 2.29
Baseline (NoStyle) 0.85 2.39 088 2.27 0.89 240 0.84 241 0.85 2.35 085 2.28 093 228 0.89 2.38 0.87 2.35
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i ] ¥ The MRF is solved iteratively at Adaptively stylizes the set of selected +SU+ST+PRESTY 0.91 233 0.92 221 090 2.19 0.89 2.19 0.90 230 0.88 2.27 094 2.17 093 226 091 224
multiple scales. patches X to harmonize patch content +SU+ST+ADSTY (Ours) 0.94 2.17 091 221 0.92 2.17 091 2.15 0.91 2.30 0.93 2.14 0.94 2.17 0.94 2.25 0.93 2.19

prior to com pOSltl ng intO S Table 1. Structural image similarity (SSIM) vs. the ground truth for BAM. SSIM, higher is better, SWD (x 10?) lower is better
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Addltlonal Inpalntlng Results

Candidate Patch Search |

A style and structure aware image search is performed to identify relevant —
images from ~ 66.8M images from which raw patch data may be sampled = =T
Learnt feature embedding using two triplet Inception-v3 convnets:

Style weighting

T-SNE Visualisation of style embedding (BAM!) Style embedding as heatmap over images
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Returns the top 200 images from 68M images on Behance; constrained by both
structure (content) and style constraints,
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