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What’s the use of a generative model?

• Prediction


• Representation


• Visualization
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Generative models as data visualization
Data space

[FFHQ dataset, Karras et al. 2018] [StyleGAN, Karras et al. 2018]

Data samples Model interpolations



Gaussian noise
z ⇠ N (~0, 1)

z ⇠ N (~0, 1)

Deep generative models are distribution transformers 
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Latent space 
(Gaussian)

Data space 
(Natural image manifold)
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[BigGAN, Brock et al. 2018]



[https://cs.stanford.edu/people/karpathy/cnnembed/]
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https://cs.stanford.edu/people/karpathy/cnnembed/








GANs let us explore the manifold of natural images

• What does it look like to make an image 
more white?



GANs let us explore the manifold of natural images

• What does it look like to make an image 
more memorable?

?

Lore Goetschalckx Alex Andonian
“GANalyze: Toward Visual Definitions of Cognitive Image Properties”



[Isola et al. 2011, Khosla et al. 2015]

Forgettable Memorable



Nonparametric visualization
MemorableForgettable
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Memorability increases left-to-right, then top-to-bottom



…
z

<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

low memorability

higher memorability
z0

<latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit><latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit><latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit><latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit>

…

z0
<latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit><latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit><latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit><latexit sha1_base64="BlHESZg3cc1N8kwPdbCgXf2qstQ=">AAAB8nicbVBNS8NAFHypX7V+VT16WSyip5KIoMeiF48VbC20oWy2m3bpZhN2X4Qa+jO8eFDEq7/Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrHuBNRwKRRvoUDJO4nmNAokfwjGN7n/8Mi1EbG6x0nC/YgOlQgFo2ilbi+iOArC7Gl62q/W3Lo7A1kmXkFqUKDZr371BjFLI66QSWpM13MT9DOqUTDJp5VeanhC2ZgOeddSRSNu/GwWeUpOrDIgYaztU0hm6u+NjEbGTKLATuYRzaKXi/953RTDKz8TKkmRKzb/KEwlwZjk95OB0JyhnFhCmRY2K2EjqilD21LFluAtnrxM2ud1z617dxe1xnVRRxmO4BjOwINLaMAtNKEFDGJ4hld4c9B5cd6dj/loySl2DuEPnM8fZKSRTw==</latexit>



Assessor score of the  
modified image

Assessor score of 
the seed image 

Incremented by 𝛂 

…
z

<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

…
z

<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>



…
z

<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

…
z

<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>



What does it look like to make an image more memorable?



Zoom



Circularity



Simplicity



Expressive face (“cuteness”?)



Brightness 0.28

Colorfulness 0.17

Centeredness 0.24

Object size 0.32

Object shape 0.19

Factor Log Odds



More aestheticLess aesthetic

What does it look like to make an image more aesthetic?



Intsagram popularity

Emotional valence

PositiveNegative

PopularUnpopular
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<latexit sha1_base64="Z5lZqSMRJi4Ygj8l2xyv6zMvGiM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEYo9FLx4r2A9oQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNp737ZQ2Nre2d8q7lb39g8Oj6vFJR8epIrRNYh6rXog15UzStmGG016iKBYhp91wepf73SeqNIvlo5klNBB4LFnECDa55Ln1xrBa81xvAbRO/ILUoEBrWP0ajGKSCioN4Vjrvu8lJsiwMoxwOq8MUk0TTKZ4TPuWSiyoDrLFrXN0YZURimJlSxq0UH9PZFhoPROh7RTYTPSql4v/ef3URI0gYzJJDZVkuShKOTIxyh9HI6YoMXxmCSaK2VsRmWCFibHxVGwI/urL66Rz5fqe6z9c15q3RRxlOINzuAQfbqAJ99CCNhCYwDO8wpsjnBfn3flYtpacYuYU/sD5/AHT541t</latexit><latexit sha1_base64="Z5lZqSMRJi4Ygj8l2xyv6zMvGiM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEYo9FLx4r2A9oQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNp737ZQ2Nre2d8q7lb39g8Oj6vFJR8epIrRNYh6rXog15UzStmGG016iKBYhp91wepf73SeqNIvlo5klNBB4LFnECDa55Ln1xrBa81xvAbRO/ILUoEBrWP0ajGKSCioN4Vjrvu8lJsiwMoxwOq8MUk0TTKZ4TPuWSiyoDrLFrXN0YZURimJlSxq0UH9PZFhoPROh7RTYTPSql4v/ef3URI0gYzJJDZVkuShKOTIxyh9HI6YoMXxmCSaK2VsRmWCFibHxVGwI/urL66Rz5fqe6z9c15q3RRxlOINzuAQfbqAJ99CCNhCYwDO8wpsjnBfn3flYtpacYuYU/sD5/AHT541t</latexit><latexit sha1_base64="Z5lZqSMRJi4Ygj8l2xyv6zMvGiM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEYo9FLx4r2A9oQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNp737ZQ2Nre2d8q7lb39g8Oj6vFJR8epIrRNYh6rXog15UzStmGG016iKBYhp91wepf73SeqNIvlo5klNBB4LFnECDa55Ln1xrBa81xvAbRO/ILUoEBrWP0ajGKSCioN4Vjrvu8lJsiwMoxwOq8MUk0TTKZ4TPuWSiyoDrLFrXN0YZURimJlSxq0UH9PZFhoPROh7RTYTPSql4v/ef3URI0gYzJJDZVkuShKOTIxyh9HI6YoMXxmCSaK2VsRmWCFibHxVGwI/urL66Rz5fqe6z9c15q3RRxlOINzuAQfbqAJ99CCNhCYwDO8wpsjnBfn3flYtpacYuYU/sD5/AHT541t</latexit><latexit sha1_base64="Z5lZqSMRJi4Ygj8l2xyv6zMvGiM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEYo9FLx4r2A9oQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNp737ZQ2Nre2d8q7lb39g8Oj6vFJR8epIrRNYh6rXog15UzStmGG016iKBYhp91wepf73SeqNIvlo5klNBB4LFnECDa55Ln1xrBa81xvAbRO/ILUoEBrWP0ajGKSCioN4Vjrvu8lJsiwMoxwOq8MUk0TTKZ4TPuWSiyoDrLFrXN0YZURimJlSxq0UH9PZFhoPROh7RTYTPSql4v/ef3URI0gYzJJDZVkuShKOTIxyh9HI6YoMXxmCSaK2VsRmWCFibHxVGwI/urL66Rz5fqe6z9c15q3RRxlOINzuAQfbqAJ99CCNhCYwDO8wpsjnBfn3flYtpacYuYU/sD5/AHT541t</latexit>

0.77
<latexit sha1_base64="Ao7csTKEXuscHW6X6ko/7oWDl1Y=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0hEiMeiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8KOVMG8/7diobm1vbO9Xd2t7+weFR/fiko5NMEdomCU9UL8KaciZp2zDDaS9VFIuI0240vSv87hNVmiXy0cxSGgo8lixmBJtC8twgGNYbnustgNaJX5IGlGgN61+DUUIyQaUhHGvd973UhDlWhhFO57VBpmmKyRSPad9SiQXVYb64dY4urDJCcaJsSYMW6u+JHAutZyKynQKbiV71CvE/r5+Z+CbMmUwzQyVZLoozjkyCisfRiClKDJ9Zgoli9lZEJlhhYmw8NRuCv/ryOulcub7n+g/XjeZtGUcVzuAcLsGHAJpwDy1oA4EJPMMrvDnCeXHenY9la8UpZ07hD5zPH9VtjW4=</latexit><latexit sha1_base64="Ao7csTKEXuscHW6X6ko/7oWDl1Y=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0hEiMeiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8KOVMG8/7diobm1vbO9Xd2t7+weFR/fiko5NMEdomCU9UL8KaciZp2zDDaS9VFIuI0240vSv87hNVmiXy0cxSGgo8lixmBJtC8twgGNYbnustgNaJX5IGlGgN61+DUUIyQaUhHGvd973UhDlWhhFO57VBpmmKyRSPad9SiQXVYb64dY4urDJCcaJsSYMW6u+JHAutZyKynQKbiV71CvE/r5+Z+CbMmUwzQyVZLoozjkyCisfRiClKDJ9Zgoli9lZEJlhhYmw8NRuCv/ryOulcub7n+g/XjeZtGUcVzuAcLsGHAJpwDy1oA4EJPMMrvDnCeXHenY9la8UpZ07hD5zPH9VtjW4=</latexit><latexit sha1_base64="Ao7csTKEXuscHW6X6ko/7oWDl1Y=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0hEiMeiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8KOVMG8/7diobm1vbO9Xd2t7+weFR/fiko5NMEdomCU9UL8KaciZp2zDDaS9VFIuI0240vSv87hNVmiXy0cxSGgo8lixmBJtC8twgGNYbnustgNaJX5IGlGgN61+DUUIyQaUhHGvd973UhDlWhhFO57VBpmmKyRSPad9SiQXVYb64dY4urDJCcaJsSYMW6u+JHAutZyKynQKbiV71CvE/r5+Z+CbMmUwzQyVZLoozjkyCisfRiClKDJ9Zgoli9lZEJlhhYmw8NRuCv/ryOulcub7n+g/XjeZtGUcVzuAcLsGHAJpwDy1oA4EJPMMrvDnCeXHenY9la8UpZ07hD5zPH9VtjW4=</latexit><latexit sha1_base64="Ao7csTKEXuscHW6X6ko/7oWDl1Y=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0hEiMeiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8KOVMG8/7diobm1vbO9Xd2t7+weFR/fiko5NMEdomCU9UL8KaciZp2zDDaS9VFIuI0240vSv87hNVmiXy0cxSGgo8lixmBJtC8twgGNYbnustgNaJX5IGlGgN61+DUUIyQaUhHGvd973UhDlWhhFO57VBpmmKyRSPad9SiQXVYb64dY4urDJCcaJsSYMW6u+JHAutZyKynQKbiV71CvE/r5+Z+CbMmUwzQyVZLoozjkyCisfRiClKDJ9Zgoli9lZEJlhhYmw8NRuCv/ryOulcub7n+g/XjeZtGUcVzuAcLsGHAJpwDy1oA4EJPMMrvDnCeXHenY9la8UpZ07hD5zPH9VtjW4=</latexit>

0.65
<latexit sha1_base64="XUflfguvwL+NRxxcpqlkBJqs+Vs=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEqseiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOFMG8/7dkpr6xubW+Xtys7u3v5B9fCoreNUEdoiMY9VN8SaciZpyzDDaTdRFIuQ0044ucv9zhNVmsXy0UwTGgg8kixiBJtc8tyr+qBa81xvDrRK/ILUoEBzUP3qD2OSCioN4Vjrnu8lJsiwMoxwOqv0U00TTCZ4RHuWSiyoDrL5rTN0ZpUhimJlSxo0V39PZFhoPRWh7RTYjPWyl4v/eb3URDdBxmSSGirJYlGUcmRilD+OhkxRYvjUEkwUs7ciMsYKE2PjqdgQ/OWXV0n7wvU913+4rDVuizjKcAKncA4+XEMD7qEJLSAwhmd4hTdHOC/Ou/OxaC05xcwx/IHz+QPQ4I1r</latexit><latexit sha1_base64="XUflfguvwL+NRxxcpqlkBJqs+Vs=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEqseiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOFMG8/7dkpr6xubW+Xtys7u3v5B9fCoreNUEdoiMY9VN8SaciZpyzDDaTdRFIuQ0044ucv9zhNVmsXy0UwTGgg8kixiBJtc8tyr+qBa81xvDrRK/ILUoEBzUP3qD2OSCioN4Vjrnu8lJsiwMoxwOqv0U00TTCZ4RHuWSiyoDrL5rTN0ZpUhimJlSxo0V39PZFhoPRWh7RTYjPWyl4v/eb3URDdBxmSSGirJYlGUcmRilD+OhkxRYvjUEkwUs7ciMsYKE2PjqdgQ/OWXV0n7wvU913+4rDVuizjKcAKncA4+XEMD7qEJLSAwhmd4hTdHOC/Ou/OxaC05xcwx/IHz+QPQ4I1r</latexit><latexit sha1_base64="XUflfguvwL+NRxxcpqlkBJqs+Vs=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEqseiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOFMG8/7dkpr6xubW+Xtys7u3v5B9fCoreNUEdoiMY9VN8SaciZpyzDDaTdRFIuQ0044ucv9zhNVmsXy0UwTGgg8kixiBJtc8tyr+qBa81xvDrRK/ILUoEBzUP3qD2OSCioN4Vjrnu8lJsiwMoxwOqv0U00TTCZ4RHuWSiyoDrL5rTN0ZpUhimJlSxo0V39PZFhoPRWh7RTYjPWyl4v/eb3URDdBxmSSGirJYlGUcmRilD+OhkxRYvjUEkwUs7ciMsYKE2PjqdgQ/OWXV0n7wvU913+4rDVuizjKcAKncA4+XEMD7qEJLSAwhmd4hTdHOC/Ou/OxaC05xcwx/IHz+QPQ4I1r</latexit><latexit sha1_base64="XUflfguvwL+NRxxcpqlkBJqs+Vs=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0jEqseiF48V7Ae0oWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZuDtj4YeLw3w8y8MOFMG8/7dkpr6xubW+Xtys7u3v5B9fCoreNUEdoiMY9VN8SaciZpyzDDaTdRFIuQ0044ucv9zhNVmsXy0UwTGgg8kixiBJtc8tyr+qBa81xvDrRK/ILUoEBzUP3qD2OSCioN4Vjrnu8lJsiwMoxwOqv0U00TTCZ4RHuWSiyoDrL5rTN0ZpUhimJlSxo0V39PZFhoPRWh7RTYjPWyl4v/eb3URDdBxmSSGirJYlGUcmRilD+OhkxRYvjUEkwUs7ciMsYKE2PjqdgQ/OWXV0n7wvU913+4rDVuizjKcAKncA4+XEMD7qEJLSAwhmd4hTdHOC/Ou/OxaC05xcwx/IHz+QPQ4I1r</latexit>

0.82
<latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit><latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit><latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit><latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit>
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0.00
<latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit><latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit><latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit><latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit>

0.00
<latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit><latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit><latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit><latexit sha1_base64="Iy/sMIuZ4cAIzkPhhBkY0+rpu5Y=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRbBU9kVQY9FLx4r2Fpol5JNp21okl2SrFCW/gUvHhTx6h/y5r8x2+5BWx+EPN6bYWZelAhurO9/e6W19Y3NrfJ2ZWd3b/+genjUNnGqGbZYLGLdiahBwRW2LLcCO4lGKiOBj9HkNvcfn1AbHqsHO00wlHSk+JAzanPJr/t+v1rLvxxklQQFqUGBZr/61RvELJWoLBPUmG7gJzbMqLacCZxVeqnBhLIJHWHXUUUlmjCb7zojZ04ZkGGs3VOWzNXfHRmVxkxl5ColtWOz7OXif143tcPrMOMqSS0qthg0TAWxMckPJwOukVkxdYQyzd2uhI2ppsy6eCouhGD55FXSvqgHfj24v6w1boo4ynACp3AOAVxBA+6gCS1gMIZneIU3T3ov3rv3sSgteUXPMfyB9/kDwC6NYA==</latexit>

0.29
<latexit sha1_base64="bXio3Pj6lhzBl8vEcQKIEGDCv+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iKUL0VvXisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3btoctPXBwOO9GWbmhQln2njet1Pa2Nza3invVvb2Dw6PqscnHR2nitA2iXmseiHWlDNJ24YZTnuJoliEnHbD6V3ud5+o0iyWj2aW0EDgsWQRI9jkkufWb4bVmud6C6B14hekBgVaw+rXYBSTVFBpCMda930vMUGGlWGE03llkGqaYDLFY9q3VGJBdZAtbp2jC6uMUBQrW9Kghfp7IsNC65kIbafAZqJXvVz8z+unJroOMiaT1FBJlouilCMTo/xxNGKKEsNnlmCimL0VkQlWmBgbT8WG4K++vE46ddf3XP/hqta8LeIowxmcwyX40IAm3EML2kBgAs/wCm+OcF6cd+dj2VpyiplT+APn8wfQ3I1r</latexit><latexit sha1_base64="bXio3Pj6lhzBl8vEcQKIEGDCv+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iKUL0VvXisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3btoctPXBwOO9GWbmhQln2njet1Pa2Nza3invVvb2Dw6PqscnHR2nitA2iXmseiHWlDNJ24YZTnuJoliEnHbD6V3ud5+o0iyWj2aW0EDgsWQRI9jkkufWb4bVmud6C6B14hekBgVaw+rXYBSTVFBpCMda930vMUGGlWGE03llkGqaYDLFY9q3VGJBdZAtbp2jC6uMUBQrW9Kghfp7IsNC65kIbafAZqJXvVz8z+unJroOMiaT1FBJlouilCMTo/xxNGKKEsNnlmCimL0VkQlWmBgbT8WG4K++vE46ddf3XP/hqta8LeIowxmcwyX40IAm3EML2kBgAs/wCm+OcF6cd+dj2VpyiplT+APn8wfQ3I1r</latexit><latexit sha1_base64="bXio3Pj6lhzBl8vEcQKIEGDCv+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iKUL0VvXisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3btoctPXBwOO9GWbmhQln2njet1Pa2Nza3invVvb2Dw6PqscnHR2nitA2iXmseiHWlDNJ24YZTnuJoliEnHbD6V3ud5+o0iyWj2aW0EDgsWQRI9jkkufWb4bVmud6C6B14hekBgVaw+rXYBSTVFBpCMda930vMUGGlWGE03llkGqaYDLFY9q3VGJBdZAtbp2jC6uMUBQrW9Kghfp7IsNC65kIbafAZqJXvVz8z+unJroOMiaT1FBJlouilCMTo/xxNGKKEsNnlmCimL0VkQlWmBgbT8WG4K++vE46ddf3XP/hqta8LeIowxmcwyX40IAm3EML2kBgAs/wCm+OcF6cd+dj2VpyiplT+APn8wfQ3I1r</latexit><latexit sha1_base64="bXio3Pj6lhzBl8vEcQKIEGDCv+o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iKUL0VvXisYD+gDWWz3bRLdzdhdyOU0L/gxYMiXv1D3vw3btoctPXBwOO9GWbmhQln2njet1Pa2Nza3invVvb2Dw6PqscnHR2nitA2iXmseiHWlDNJ24YZTnuJoliEnHbD6V3ud5+o0iyWj2aW0EDgsWQRI9jkkufWb4bVmud6C6B14hekBgVaw+rXYBSTVFBpCMda930vMUGGlWGE03llkGqaYDLFY9q3VGJBdZAtbp2jC6uMUBQrW9Kghfp7IsNC65kIbafAZqJXvVz8z+unJroOMiaT1FBJlouilCMTo/xxNGKKEsNnlmCimL0VkQlWmBgbT8WG4K++vE46ddf3XP/hqta8LeIowxmcwyX40IAm3EML2kBgAs/wCm+OcF6cd+dj2VpyiplT+APn8wfQ3I1r</latexit>

0.82
<latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit><latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit><latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit><latexit sha1_base64="/fGj/oQ/u+QibXTORX4appP6c6U=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0iK0B6LXjxWsB/QhrLZbtqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzwoQzbTzv2yltbe/s7pX3KweHR8cn1dOzro5TRWiHxDxW/RBrypmkHcMMp/1EUSxCTnvh7C73e09UaRbLRzNPaCDwRLKIEWxyyXOb9VG15rneEmiT+AWpQYH2qPo1HMckFVQawrHWA99LTJBhZRjhdFEZppommMzwhA4slVhQHWTLWxfoyipjFMXKljRoqf6eyLDQei5C2ymwmep1Lxf/8wapiZpBxmSSGirJalGUcmRilD+OxkxRYvjcEkwUs7ciMsUKE2PjqdgQ/PWXN0m37vqe6z/c1Fq3RRxluIBLuAYfGtCCe2hDBwhM4Rle4c0Rzovz7nysWktOMXMOf+B8/gDPXo1q</latexit>
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Figure 7. Human memory performance for images modified ac-
cording to different Assessors: A) MemNet, B) Object size and C)
Aesthetics-CNN. Performance is measured as the hit rate across
all images and workers in the memory game for each property.

Figure 8. Model results for additional Assessors. A) Graph
shows the mean Object size Assessor score across images in every
↵ condition. A different set of ↵ values was chosen to qualita-
tively match the degree object size changes achieved by the model
trained with the MemNet Assessor. B) Graph shows the mean
Aesthetics-CNN score across the images in every ↵ condition.

memory performance. As an example of how this can be ad-
dressed within the GANalyze framework, we conducted an
experiment focusing on the effect of one salient emerging
factor: object size. As seen on Figure 4, more memorable
images tend to center and enlarge the object class.

We trained a version of our model with an Object size
Assessor, instead of the MemNet Assessor. This is the
same Object size Assessor used to quantify the object size
in the images modified according to MemNet (e.g., for
the results in Figure 3.C), now teaching the Transformer
to perform “enlarging” modifications. After training with
161750 z vectors, we generated a test set as described in
Section 2.2, except that we used a different set of ↵’s:
[�0.8,�0.4, 0, 0.4, 0.8]. We chose these values to quali-
tatively match the degree of object size changes achieved
by the MemNet version of the model. Figure 8.A vi-
sualizes the results achieved on the test set. The model
successfully enlarges the object with increasing alpha’s,
as confirmed by a linear mixed-effects regression analysis

Figure 9. Examples of generated images along the aesthetics di-
mension. The middle column represents G(z,y), the generated
image serving as the original seed to create a series of clone images
more or less aesthetically pleasing. The images Aesthetics-CNN
scores are presented in their top left corner.

(� = 0.07, 95%CI = [0.06, 0.07], p < 0.001). Figure 10
shows example images generated by that model, after hav-
ing been trained with 161750 z vectors. A comparison with
images modified according to MemNet suggests that the lat-
ter model was doing more than just enlarging the object.

To study how the new size modifications affect memo-
rability, we generated a new set of images (7.5K targets,
37.5K fillers) with ↵’s [�0.8,�0.4, 0, 0.4, 0.8]. We chose
these values to qualitatively match the degree of object size
changes achieved by the MemNet version of the model. The
new images were then quantified using the visual memory
game (on average 2.36 data points per image and 3540 per ↵
condition). Figure 8.A shows the results. Memory perfor-
mance increases with ↵, as confirmed by a logistic mixed-
effects analysis (� = 0.11, 95%CI = [0.06, 0.18], p <
0.001, although mostly for positive ↵ values.

4. Other properties: Aesthetics
As mentioned in Section 2.2, the proposed method can

be applied to other image properties, simply by substituting
the Assessor module. To show our framework can general-
ize, we trained a model for aesthetics, using Kong et al.’s
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Figure 7. Human memory performance for images modified ac-
cording to different Assessors: A) MemNet, B) Object size and C)
Aesthetics-CNN. Performance is measured as the hit rate across
all images and workers in the memory game for each property.

Figure 8. Model results for additional Assessors. A) Graph
shows the mean Object size Assessor score across images in every
↵ condition. A different set of ↵ values was chosen to qualita-
tively match the degree object size changes achieved by the model
trained with the MemNet Assessor. B) Graph shows the mean
Aesthetics-CNN score across the images in every ↵ condition.

memory performance. As an example of how this can be ad-
dressed within the GANalyze framework, we conducted an
experiment focusing on the effect of one salient emerging
factor: object size. As seen on Figure 4, more memorable
images tend to center and enlarge the object class.

We trained a version of our model with an Object size
Assessor, instead of the MemNet Assessor. This is the
same Object size Assessor used to quantify the object size
in the images modified according to MemNet (e.g., for
the results in Figure 3.C), now teaching the Transformer
to perform “enlarging” modifications. After training with
161750 z vectors, we generated a test set as described in
Section 2.2, except that we used a different set of ↵’s:
[�0.8,�0.4, 0, 0.4, 0.8]. We chose these values to quali-
tatively match the degree of object size changes achieved
by the MemNet version of the model. Figure 8.A vi-
sualizes the results achieved on the test set. The model
successfully enlarges the object with increasing alpha’s,
as confirmed by a linear mixed-effects regression analysis

Figure 9. Examples of generated images along the aesthetics di-
mension. The middle column represents G(z,y), the generated
image serving as the original seed to create a series of clone images
more or less aesthetically pleasing. The images Aesthetics-CNN
scores are presented in their top left corner.

(� = 0.07, 95%CI = [0.06, 0.07], p < 0.001). Figure 10
shows example images generated by that model, after hav-
ing been trained with 161750 z vectors. A comparison with
images modified according to MemNet suggests that the lat-
ter model was doing more than just enlarging the object.

To study how the new size modifications affect memo-
rability, we generated a new set of images (7.5K targets,
37.5K fillers) with ↵’s [�0.8,�0.4, 0, 0.4, 0.8]. We chose
these values to qualitatively match the degree of object size
changes achieved by the MemNet version of the model. The
new images were then quantified using the visual memory
game (on average 2.36 data points per image and 3540 per ↵
condition). Figure 8.A shows the results. Memory perfor-
mance increases with ↵, as confirmed by a logistic mixed-
effects analysis (� = 0.11, 95%CI = [0.06, 0.18], p <
0.001, although mostly for positive ↵ values.

4. Other properties: Aesthetics
As mentioned in Section 2.2, the proposed method can

be applied to other image properties, simply by substituting
the Assessor module. To show our framework can general-
ize, we trained a model for aesthetics, using Kong et al.’s
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↵ condition. A different set of ↵ values was chosen to qualita-
tively match the degree object size changes achieved by the model
trained with the MemNet Assessor. B) Graph shows the mean
Aesthetics-CNN score across the images in every ↵ condition.
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161750 z vectors, we generated a test set as described in
Section 2.2, except that we used a different set of ↵’s:
[�0.8,�0.4, 0, 0.4, 0.8]. We chose these values to quali-
tatively match the degree of object size changes achieved
by the MemNet version of the model. Figure 8.A vi-
sualizes the results achieved on the test set. The model
successfully enlarges the object with increasing alpha’s,
as confirmed by a linear mixed-effects regression analysis
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changes achieved by the MemNet version of the model. The
new images were then quantified using the visual memory
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condition). Figure 8.A shows the results. Memory perfor-
mance increases with ↵, as confirmed by a logistic mixed-
effects analysis (� = 0.11, 95%CI = [0.06, 0.18], p <
0.001, although mostly for positive ↵ values.
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“Visual definitions”

• Visually map out the full extent and continuum of a concept


+ Visualize abstract concepts (memorability, beauty, emotional valence, etc)


+ Scientific understanding


+ Graphics applications

[c.f. “Activation Atlases”, Carter et al. 2019]



[http://memgame.csail.mit.edu/explorer/browse_examples.html]



“On the ‘steerability’ of Generative Adversarial Networks”
[Jahanian*, Chai*, Isola,  arXiv 2019]

Lucy Chai Ali Jahanian
How close is a GAN to a classic graphics 
engine?

Let’s take a step back and look at basic color and camera transformations



z

αw

Z

z + αw
G(z + αw)

G(z)

Latent Space Image Space
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Objective We want to learn an N -dimensional vector representing the optimal path in latent space
for a given transformation. The vector is multiplied with continuous parameter ↵ which signifies
the step size: large ↵ values correspond to a greater degree of transformation, while small ↵ values
correspond to a lesser degree. Formally, we learn the walk w by minimizing the objective function:

w⇤ = argmin
w

Ez,↵[L(G(z+↵w),edit(G(z),↵))]. (1)

Here, L measures the distance between the generated image after taking an ↵-step in the latent
direction G(z + ↵w) and the target edit(G(z), ↵) derived from the source image G(z). We use
L2 loss as our objective L, however we also obtain similar results when using the LPIPS perceptual
image similarity metric (Zhang et al., 2018) (see Appendix B.4.1). Note that we can learn this walk
in a fully self-supervised manner – we perform the edit(·) operation on an arbitrary generated
image and subsequently the vector to minimize the objective. Let model(↵) denote the optimized
transformation vector w⇤ with the step size ↵, defined as model(↵) = G(z + ↵w⇤).

The previous setup assumes linear latent space walks, but we can also learn non-linear trajectories
in which the walk direction depends on the current latent space position. For the non-linear walk,
we learn a function, f⇤(z), which corresponds to a small ✏-step transformation edit(G(z), ✏). To
achieve bigger transformations, we apply f recursively, mimicking discrete Euler ODE approxima-
tions. Formally, for a fixed ✏, we minimize

L = Ez,n[||fn(z)� edit(G(z), n✏))||], (2)
where fn(·) is an nth-order function composition f(f(f(...))), and f(z) is parametrized with a
neural network. We discuss further implementation details in Appendix A.4. We use this function
composition approach rather than the simpler setup of G(z + ↵NN(z)) because the latter learns to
ignore the input z when ↵ takes on continuous values, and is thus equivalent to the previous linear
trajectory (see Appendix A.3 for further details).

Quantifying Steerability We further seek to quantify how well we can achieve desired image ma-
nipulations under each transformation. To this end, we compare the distribution of a given attribute,
e.g., “luminance”, in the dataset versus in images generated after walking in latent space.

For color transformations, we consider the effect of increasing or decreasing the ↵ coefficient cor-
responding to each color channel. To estimate the color distribution of model-generated images,
we randomly sample N = 100 pixels per image both before and after taking a step in latent space.
Then, we compute the pixel value for each channel, or the mean RGB value for luminance, and
normalize the range between 0 and 1.

For zoom and shift transformations, we rely on an object detector which captures the central object in
the image class. We use a MobileNet-SSD v1 (Liu et al., 2016) detector to estimate object bounding
boxes, and average over image classes recognizable by the detector. For each successful detection,
we take the highest probability bounding box corresponding to the desired class and use that to
quantify the amount of transformation. For the zoom operation, we use the area of the bounding box
normalized by the area of the total image. For shift in the X and Y directions, we take the center X
and Y coordinates of the bounding box, and normalize by image width or height.

Truncation parameters in GANs (as used in Brock et al. (2018); Karras et al. (2018)) trade off be-
tween the diversity of the generated images and sample quality. When comparing generated images
to the dataset distribution, we use the largest possible truncation for the model and perform similar
cropping and resizing of the dataset as done during model training (see Brock et al. (2018)). When
comparing the attributes of generated distributions under different ↵ magnitudes to each other but
not to the dataset, we reduce truncation to 0.5 to ensure better performance of the object detector.

Reducing Transformation Limits Equations 1 and 2 learn a latent space walk assuming a pre-
trained generative model, thus keeping the model weights fixed. The previous approach allows us
to understand the latent space organization and limitations in the model’s transformation capacity.
To overcome these limits, we explore adding data augmentation by editing the training images with
each corresponding transformation, and train the generative model with this augmented dataset. We
also introduce a modified objective function that jointly optimizes the generator weights and a linear
walk vector:

G⇤, w⇤ = argmin
G,w

(Ledit + LGAN ) , (3)

4

Loss

edit(G(z, α))



Examples from https://www.tensorflow.org/tutorials/representation/word2vec

https://www.tensorflow.org/tutorials/representation/word2vec


Zoom in vector Shift vector

Zoomed out

Zoomed in



Winter to spring

input output

Turning on the lights

input output

Day to night

input output

Color transformation vectors
Volcano!

input output

There is a latent space “vector” for each of these transformations — 
the “spring vector”, the “volcano exploding vector”



alpha (strength of transformation)

position
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where the edit loss encourages low L2 error between learned transformation and target image:

Ledit = L2 (G(z+↵w)� edit(G(z),↵)) . (4)

The GAN loss optimizes for discriminator error:

LGAN = max
D

(Ez,↵[D(G(z+↵w))]� Ex,↵[D(edit(x,↵))]) , (5)

where we draw images x from the training dataset and perform data augmentation by applying the
edit operation on them. This optimization approach encourages the generator to organize its latent
space so that the transformations lie along linear paths, and when combined with data augmentation,
results in larger transformation ranges which we demonstrate in Sec. 4.4

4 EXPERIMENTS

We demonstrate our approach using BigGAN (Brock et al., 2018), a class-conditional GAN trained
on 1000 ImageNet categories. We learn a shared latent space walk by averaging across the image
categories, and further quantify how this walk affects each class differently. We focus on linear
walks in latent space for the main text, and show additional results on nonlinear walks in Sec. 4.3
and Appendix B.4.2. We also conduct experiments on StyleGAN (Karras et al., 2018), which uses
an unconditional style-based generator architecture in Sec. 4.3 and Appendix B.5.

4.1 WHAT IMAGE TRANSFORMATIONS CAN WE ACHIEVE IN LATENT SPACE?

- Rotate 2D +
0.09 0.050.05

- Shift Y +
0.58 0.130.21

0.32 0.030.01
- Zoom +

Figure 3: Transformation limits. As we increase the magnitude of w⇤, the operation either does
not transform the image any further, or the image becomes unrealisitic. Below each figure we also
indicate the average LPIPS perceptual distance between 200 sampled image pairs of that category.
Perceptual distance decreases as we move farther from the source (center image), which indicates
that the images are converging.

We show qualitative results of the learned transformations in Fig. 1. By steering in the generator
latent space, we learn a variety of transformations on a given source image (shown in the center
panel of each transformation). Interestingly, several priors come into play when learning these image
transformations. When we shift a daisy downwards in the Y direction, the model hallucinates that
the sky exists on the top of the image. However, when we shift the daisy up, the model inpaints the
remainder of the image with grass. When we alter the brightness of a image, the model transitions
between nighttime and daytime. This suggests that the model can extrapolate from the original
source image, and still remain consistent with the image context.

However, when we increase the step size of ↵, we observe that the degree to which we can achieve
each transformation is limited. In Fig. 3 we observe two potential failure cases: one in which the the
image becomes unrealistic, and the other in which the image fails to transform any further. When
we try to zoom in on a Persian cat, we observe that the cat no longer increases in size beyond some
point, and in fact consistently undershoots the target zoom. On the other hand, when we try to zoom
out on the cat, we observe that it begins to fall off the image manifold, and does not become any

5
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B.7 ADDITIONAL RESULTS FOR IMPROVING MODEL STEERABILITY

We further test the hypothesis that dataset variability impacts the amount we are able to transform
by comparing DCGAN models trained with and without data augmentation. Namely, with data
augmentation, the discriminator is able to see edited versions of the real images. We also jointly
train the model and the walk trajectory which encourages the model to learn linear walks. For zoom,
horizontal shift, and 2D rotate transformations, additional samples for three training approaches –
without data augmentation, with data augmentation, and joint optimization – appear in Fig. 28-30.
Qualitatively, transformations using the model trained without data augmentation degrade the digit
structure as ↵ magnitude increases, and may even change one digit to another. Training with data
augmentation and joint optimization better preserves digit structure and identity.
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Figure 10: Comparing model versus dataset distribution. We plot statistics of the generated under
the color (luminance), zoom (object bounding box size), and shift operations (bounding box center),
and compare them to the statistics of images in the training dataset.
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Figure 11: LPIPS Perceptual distances between images generated from pairs of consecutive ↵i and
↵i+1. We sample 1000 images from randomly selected categories using BigGAN, transform them
according to the learned linear trajectory for each transformation. We plot the mean perceptual
distance and one standard deviation across the 1000 samples (shaded area), as well as 20 individual
samples (scatterplot). Because the Rotate 3D operation undershoots the targeted transformation, we
observe more visible effects when we increase the ↵ magnitude.
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Is this due to bias in the dataset or the model?

“Why do deep convolutional networks generalize so poorly to 
small image transformations?” 

[Azulay & Weiss, 2019]



Are the transformations shifting the data distribution?

Yes, the transformations extrapolate! i.e. shift the data distribution
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Figure 5: Quantifying the extent of transformations. We compare the attributes of generated im-
ages under the raw model output G(z), compared to the distribution under a learned transformation
model(↵). We measure the intersection between G(z) and model(↵), and also compute the FID
on the transformed image to limit our transformations to the natural image manifold.

last column). Past an 8x zoom in or out, we observe an increase in the FID signifying decreasing
image quality. Interestingly for zoom, the FID under zooming in and zooming out is anti-symmetric,
indicating that how well we can zoom-in and retain realisitic images differs from that of zooming
out. These trends are consistent with the plateau in transformation behavior that we qualitatively
observe in Fig. 3. Although we can arbitrarily increase the ↵ step size, after some point we are
unable to achieve further transformation and risk deviating from the natural image manifold.

4.2 HOW DOES THE DATA AFFECT THE TRANSFORMATIONS?

Is the extent to which we can transform each class, as we observed in Fig. 4, due to limited variability
in the underlying dataset for each class? One way of quantifying this is to measure the difference
in transformed model means, model(+↵) and model(-↵), and compare it to the spread of the
dataset distribution. For each class, we compute standard deviation of the dataset with respect to our
statistic of interest (pixel RGB value for color, and bounding box area and center value for zoom and
shift transformations respectively). We hypothesize that if the amount of transformation is biased
depending on the image class, we will observe a correlation between the distance of the mean shifts
and the standard deviation of the data distribution.

More concretely, we define the change in model means under a given transformation as:

�µk = µk,model(+↵⇤) � µk,model(+↵⇤) (6)

for a given class k and we set ↵⇤ to be largest and smallest ↵ values used in training. The degree
to which we achieve each transformation is a function of ↵, so we use the same ↵ value for all
classes – one that is large enough to separate the means of µk,model(↵⇤) and µk,model(-↵⇤) under
transformation, but also for which the FID of the generated distribution remains below a threshold
T of generating reasonably realistic images (for our experiments we use T = 22).

In Fig. 6 we plot the standard deviation � of the dataset on the x-axis, and the model �µ under a
+↵⇤ and �↵⇤ transformation on the y-axis, as defined in Eq. 6. We sample randomly from 100
classes for the color, zoom and shift transformations, and generate 200 samples of each class under
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Figure 5: Quantifying the extent of transformations. We compare the attributes of generated im-
ages under the raw model output G(z), compared to the distribution under a learned transformation
model(↵). We measure the intersection between G(z) and model(↵), and also compute the FID
on the transformed image to limit our transformations to the natural image manifold.

last column). Past an 8x zoom in or out, we observe an increase in the FID signifying decreasing
image quality. Interestingly for zoom, the FID under zooming in and zooming out is anti-symmetric,
indicating that how well we can zoom-in and retain realisitic images differs from that of zooming
out. These trends are consistent with the plateau in transformation behavior that we qualitatively
observe in Fig. 3. Although we can arbitrarily increase the ↵ step size, after some point we are
unable to achieve further transformation and risk deviating from the natural image manifold.

4.2 HOW DOES THE DATA AFFECT THE TRANSFORMATIONS?

Is the extent to which we can transform each class, as we observed in Fig. 4, due to limited variability
in the underlying dataset for each class? One way of quantifying this is to measure the difference
in transformed model means, model(+↵) and model(-↵), and compare it to the spread of the
dataset distribution. For each class, we compute standard deviation of the dataset with respect to our
statistic of interest (pixel RGB value for color, and bounding box area and center value for zoom and
shift transformations respectively). We hypothesize that if the amount of transformation is biased
depending on the image class, we will observe a correlation between the distance of the mean shifts
and the standard deviation of the data distribution.

More concretely, we define the change in model means under a given transformation as:

�µk = µk,model(+↵⇤) � µk,model(+↵⇤) (6)

for a given class k and we set ↵⇤ to be largest and smallest ↵ values used in training. The degree
to which we achieve each transformation is a function of ↵, so we use the same ↵ value for all
classes – one that is large enough to separate the means of µk,model(↵⇤) and µk,model(-↵⇤) under
transformation, but also for which the FID of the generated distribution remains below a threshold
T of generating reasonably realistic images (for our experiments we use T = 22).

In Fig. 6 we plot the standard deviation � of the dataset on the x-axis, and the model �µ under a
+↵⇤ and �↵⇤ transformation on the y-axis, as defined in Eq. 6. We sample randomly from 100
classes for the color, zoom and shift transformations, and generate 200 samples of each class under
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Objective We want to learn an N -dimensional vector representing the optimal path in latent space
for a given transformation. The vector is multiplied with continuous parameter ↵ which signifies
the step size: large ↵ values correspond to a greater degree of transformation, while small ↵ values
correspond to a lesser degree. Formally, we learn the walk w by minimizing the objective function:

w⇤ = argmin
w

Ez,↵[L(G(z+↵w),edit(G(z),↵))]. (1)

Here, L measures the distance between the generated image after taking an ↵-step in the latent
direction G(z + ↵w) and the target edit(G(z), ↵) derived from the source image G(z). We use
L2 loss as our objective L, however we also obtain similar results when using the LPIPS perceptual
image similarity metric (Zhang et al., 2018) (see Appendix B.4.1). Note that we can learn this walk
in a fully self-supervised manner – we perform the edit(·) operation on an arbitrary generated
image and subsequently the vector to minimize the objective. Let model(↵) denote the optimized
transformation vector w⇤ with the step size ↵, defined as model(↵) = G(z + ↵w⇤).

The previous setup assumes linear latent space walks, but we can also learn non-linear trajectories
in which the walk direction depends on the current latent space position. For the non-linear walk,
we learn a function, f⇤(z), which corresponds to a small ✏-step transformation edit(G(z), ✏). To
achieve bigger transformations, we apply f recursively, mimicking discrete Euler ODE approxima-
tions. Formally, for a fixed ✏, we minimize

L = Ez,n[||fn(z)� edit(G(z), n✏))||], (2)
where fn(·) is an nth-order function composition f(f(f(...))), and f(z) is parametrized with a
neural network. We discuss further implementation details in Appendix A.4. We use this function
composition approach rather than the simpler setup of G(z + ↵NN(z)) because the latter learns to
ignore the input z when ↵ takes on continuous values, and is thus equivalent to the previous linear
trajectory (see Appendix A.3 for further details).

Quantifying Steerability We further seek to quantify how well we can achieve desired image ma-
nipulations under each transformation. To this end, we compare the distribution of a given attribute,
e.g., “luminance”, in the dataset versus in images generated after walking in latent space.

For color transformations, we consider the effect of increasing or decreasing the ↵ coefficient cor-
responding to each color channel. To estimate the color distribution of model-generated images,
we randomly sample N = 100 pixels per image both before and after taking a step in latent space.
Then, we compute the pixel value for each channel, or the mean RGB value for luminance, and
normalize the range between 0 and 1.

For zoom and shift transformations, we rely on an object detector which captures the central object in
the image class. We use a MobileNet-SSD v1 (Liu et al., 2016) detector to estimate object bounding
boxes, and average over image classes recognizable by the detector. For each successful detection,
we take the highest probability bounding box corresponding to the desired class and use that to
quantify the amount of transformation. For the zoom operation, we use the area of the bounding box
normalized by the area of the total image. For shift in the X and Y directions, we take the center X
and Y coordinates of the bounding box, and normalize by image width or height.

Truncation parameters in GANs (as used in Brock et al. (2018); Karras et al. (2018)) trade off be-
tween the diversity of the generated images and sample quality. When comparing generated images
to the dataset distribution, we use the largest possible truncation for the model and perform similar
cropping and resizing of the dataset as done during model training (see Brock et al. (2018)). When
comparing the attributes of generated distributions under different ↵ magnitudes to each other but
not to the dataset, we reduce truncation to 0.5 to ensure better performance of the object detector.

Reducing Transformation Limits Equations 1 and 2 learn a latent space walk assuming a pre-
trained generative model, thus keeping the model weights fixed. The previous approach allows us
to understand the latent space organization and limitations in the model’s transformation capacity.
To overcome these limits, we explore adding data augmentation by editing the training images with
each corresponding transformation, and train the generative model with this augmented dataset. We
also introduce a modified objective function that jointly optimizes the generator weights and a linear
walk vector:

G⇤, w⇤ = argmin
G,w

(Ledit + LGAN ) , (3)

4
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Figure 6: Understanding per-class biases. We observe a correlation between the variability in the
training data for ImageNet classes, and our ability to shift the distribution under latent space trans-
formations. Classes with low variability (e.g., robin) limit our ability to achieve desired transforma-
tions, in comparison to classes with a broad dataset distribution (e.g., laptop).

the positive and negative transformations. We use the same setup of drawing samples from the model
and dataset and computing the statistics for each transformation as described in Sec. 4.1.

Indeed, we find that the width of the dataset distribution, captured by the standard deviation of
random samples drawn from the dataset for each class, relates to how much we can transform.
There is a positive correlation between the spread of the dataset and the magnitude of �µ observed
in the transformed model distributions, and the slope of all observed trends differs significantly from
zero (p < 0.001 for all transformations). For the zoom transformation, we show examples of two
extremes along the trend. For the “robin” class the spread � in the dataset is low, and subsequently,
the separation �µ that we are able to achieve by applying +↵⇤ and �↵⇤ transformations is limited.
On the other hand, for “laptops”, the dataset spread is broad; ImageNet contains images of laptops
of various sizes, and we are able to attain wider shifts in the model distribution.

From these results, we conclude that the amount of transformation we can achieve relates to the
dataset variability. Consistent with our qualitative observations in Fig. 4, we find that if the images
for a particular class have adequate coverage over the entire range of a given transformation, then
we are better able to move the model distribution to both extremes. On the other hand, if the images
for a given class are less diverse, the transformation is limited by this dataset bias.

4.3 ALTERNATIVE ARCHITECTURES AND WALKS
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Figure 7: Comparison of linear and nonlinear walks for the zoom operation. The linear walk under-
shoots the targeted level of transformation, but maintains more realistic output.
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tions, in comparison to classes with a broad dataset distribution (e.g., laptop).

the positive and negative transformations. We use the same setup of drawing samples from the model
and dataset and computing the statistics for each transformation as described in Sec. 4.1.

Indeed, we find that the width of the dataset distribution, captured by the standard deviation of
random samples drawn from the dataset for each class, relates to how much we can transform.
There is a positive correlation between the spread of the dataset and the magnitude of �µ observed
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extremes along the trend. For the “robin” class the spread � in the dataset is low, and subsequently,
the separation �µ that we are able to achieve by applying +↵⇤ and �↵⇤ transformations is limited.
On the other hand, for “laptops”, the dataset spread is broad; ImageNet contains images of laptops
of various sizes, and we are able to attain wider shifts in the model distribution.

From these results, we conclude that the amount of transformation we can achieve relates to the
dataset variability. Consistent with our qualitative observations in Fig. 4, we find that if the images
for a particular class have adequate coverage over the entire range of a given transformation, then
we are better able to move the model distribution to both extremes. On the other hand, if the images
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the positive and negative transformations. We use the same setup of drawing samples from the model
and dataset and computing the statistics for each transformation as described in Sec. 4.1.

Indeed, we find that the width of the dataset distribution, captured by the standard deviation of
random samples drawn from the dataset for each class, relates to how much we can transform.
There is a positive correlation between the spread of the dataset and the magnitude of �µ observed
in the transformed model distributions, and the slope of all observed trends differs significantly from
zero (p < 0.001 for all transformations). For the zoom transformation, we show examples of two
extremes along the trend. For the “robin” class the spread � in the dataset is low, and subsequently,
the separation �µ that we are able to achieve by applying +↵⇤ and �↵⇤ transformations is limited.
On the other hand, for “laptops”, the dataset spread is broad; ImageNet contains images of laptops
of various sizes, and we are able to attain wider shifts in the model distribution.

From these results, we conclude that the amount of transformation we can achieve relates to the
dataset variability. Consistent with our qualitative observations in Fig. 4, we find that if the images
for a particular class have adequate coverage over the entire range of a given transformation, then
we are better able to move the model distribution to both extremes. On the other hand, if the images
for a given class are less diverse, the transformation is limited by this dataset bias.
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and dataset and computing the statistics for each transformation as described in Sec. 4.1.

Indeed, we find that the width of the dataset distribution, captured by the standard deviation of
random samples drawn from the dataset for each class, relates to how much we can transform.
There is a positive correlation between the spread of the dataset and the magnitude of �µ observed
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extremes along the trend. For the “robin” class the spread � in the dataset is low, and subsequently,
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— Generative models let us explore the data distribution as a continuum, 
interpolating between datapoints and even extrapolating beyond them 

— Disentangled factors emerge, and we can learn to navigate the latent space to 
observe interesting transformations
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