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Let's talk about video games

- Largest entertainment market in the world (3.2B players, 180M USD annual 
spend)

- Video game creation restricted to game studios with 10’s/100’s of employees with 
expertise in programming, 3D content creation 



What if all video gamers could become developers ? 



Evolution of Content Creation and Consumption



Television: Scripted TV 
surpassed theatrical 
releases (annual minutes)  

iPhone: Youtube scales to 
1B minutes of content by 
2011 

2022: Youtube content 
approaches ~15B minutes. 
4000 times scripted TV + 
theatrical content 

Meaningful cost declines 
in video content 

production democratize 
the creative process 



Similar trend in gaming 

2009: Mobile games 
overtakes PC + console 
gaming 

2017: Roblox studio 
overtakes PC, console, 
and mobile titles with 2.5M 
experiences 

Today: Roblox offers 
~470M experiences – 530 
times more than PC, 
console, and mobile 
games 

Advances in AI lowers the 
cost of UGC creation 



Production cost collapse 
of video game creation 

commensurate with video 
creation 



Dream Fields (2021): 
Reconstruct 3D models 
from NL by using NeRF to 
infer multi-view images in 
3D space. 

DreamFusion (2022): 3D 
asset generation without 
needing 3D training data
 
Cost to generate 3D asset 

94% in 9 months 

Point-E (2022): 3D asset 
generation in 1.5 mins 
(compared to 200 hrs for 
Dream Field, 12 hours for 
DreamFusion) 

99% cost reduction 
(0.05$)



An inflection point for gaming

“Generative AI could be an important catalyst for video games 
…  and generate 3D content much faster and cost effectively 
than existing approaches.”

- Dan Sturman, CTO Roblox



What if all video gamers could become developers ? 



What if all video gamers could become developers ? 

Every player can be a creator



Overview

- Recent trends in multimodal content generation, encompassing 
- Application of neuro-symbolic representations for 3D Generative AI 
- Geometric Learning on Discrete surfaces in 3D content creation 
- Practical implementations of Generative AI within Roblox 



Agenda

Duration Presenter Talk Title

15 mins Honglu Zhou, NEC Labs Illuminating the Metaverse: Unveiling NEC Labs' 
Journey in Revolutionizing AIGC with 
Compositionality 

20 mins Derek Liu, Roblox Research Geometric Learning on Discrete Surface Meshes

30 mins Daniel Ritchie, Brown 
University

Neuro-symbolic Methods for 3D Generative AI

30 mins Kartik Ayyar Generative AI in Action at Roblox
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Illuminating the Metaverse: 

Unveiling NEC Labs' Journey in Revolutionizing AIGC with 

Compositionality 

Presenter: Honglu Zhou

Affiliation: NEC Laboratories America, Inc. (NEC Labs)

July 26, 2023
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Current AIGC: flexible, accessible, and stunning
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They lack crucial capabilities!
glasses

smile

55 y/oCompositionality

Video Generation

3D Content Generation

jogging

3D avatar

StyleT2I, LCG (NEC Labs) 

LFDM (NEC Labs) 

Relightify (Papantoniou, Foivos

Paraperas, et al. 2023)

StyleT2I, LCG (NEC Labs) 

LFDM (NEC Labs) 
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StyleT2I: Toward Compositional 
and High-Fidelity Text-to-Image 

Synthesis

Zhiheng Li1,2 Martin Renqiang Min1 Kai Li1 Chenliang Xu2

1NEC Laboratories America    2University of Rochester
CVPR 2022

glasses

smile

55 y/o
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Lacking compositionality could have severe implications 
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There exists a latent direction that corresponds to the composition of multiple attributes in StyleGAN’s
latent space.

Hypothesis

<latexit sha1_base64="CWdhEBFCZ/hrVX91Yg3mZalagAc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCBz22YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2b+wxMqzWN5byYJ+hEdSh5yRo2Vmrf9csWtunOQVeLlpAI5Gv3yV28QszRCaZigWnc9NzF+RpXhTOC01Es1JpSN6RC7lkoaofaz+aFTcmaVAQljZUsaMld/T2Q00noSBbYzomakl72Z+J/XTU147WdcJqlByRaLwlQQE5PZ12TAFTIjJpZQpri9lbARVZQZm03JhuAtv7xK2hdV77Jaa9Yq9VoeRxFO4BTOwYMrqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AJqtjMY=</latexit>

G

synthesized
image

StyleGAN
<latexit sha1_base64="6VJ4BWH0xPk6WUSyX1hV1F7lyh4=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIrkoiRV0W3LisYB/QhjCZTtqhk0mYmQg1FPwVNy4Ucet3uPNvnLQRtPXAwOGce7lnTpBwprTjfFmlldW19Y3yZmVre2d3z94/aKs4lYS2SMxj2Q2wopwJ2tJMc9pNJMVRwGknGF/nfueeSsVicacnCfUiPBQsZARrI/n2UT/CehSE2cPU/6Fq6ttVp+bMgJaJW5AqFGj69md/EJM0okITjpXquU6ivQxLzQin00o/VTTBZIyHtGeowBFVXjaLP0WnRhmgMJbmCY1m6u+NDEdKTaLATOYJ1aKXi/95vVSHV17GRJJqKsj8UJhypGOUd4EGTFKi+cQQTCQzWREZYYmJNo1VTAnu4peXSfu85l7U6rf1aqNe1FGGYziBM3DhEhpwA01oAYEMnuAFXq1H69l6s97noyWr2DmEP7A+vgFKBJZQ</latexit>zs(woman, 

blond hair)

latent 
code
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Overview of StyleT2I

Text-to-Direction
The woman 
has blond 
hair.

text

<latexit sha1_base64="OW6eSeDnYn3juKlQt3ToW8ogQFw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFNy4r2Ae2pWTSO21oJjMkGaEO/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPHwuujet+O4W19Y3NreJ2aWd3b/+gfHjU0lGiGDZZJCLV8alGwSU2DTcCO7FCGvoC2/7kJvPbj6g0j+S9mcbYD+lI8oAzaqz00AupGftB+jQblCtu1Z2DrBIvJxXI0RiUv3rDiCUhSsME1brrubHpp1QZzgTOSr1EY0zZhI6wa6mkIep+Ok88I2dWGZIgUvZJQ+bq742UhlpPQ99OZgn1speJ/3ndxATX/ZTLODEo2eKjIBHERCQ7nwy5QmbE1BLKFLdZCRtTRZmxJZVsCd7yyaukdVH1Lqu1u1qlXsvrKMIJnMI5eHAFdbiFBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kD/vuRGQ==</latexit>z
random

latent code

<latexit sha1_base64="CWdhEBFCZ/hrVX91Yg3mZalagAc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCBz22YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2b+wxMqzWN5byYJ+hEdSh5yRo2Vmrf9csWtunOQVeLlpAI5Gv3yV28QszRCaZigWnc9NzF+RpXhTOC01Es1JpSN6RC7lkoaofaz+aFTcmaVAQljZUsaMld/T2Q00noSBbYzomakl72Z+J/XTU147WdcJqlByRaLwlQQE5PZ12TAFTIjJpZQpri9lbARVZQZm03JhuAtv7xK2hdV77Jaa9Yq9VoeRxFO4BTOwYMrqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AJqtjMY=</latexit>

G

synthesized
image

StyleGAN
<latexit sha1_base64="KUGHQUn2Nd4Yu/IYSAMZFb2ojNY=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUSKuiy4cVnBPrANZTK9aYdOJmFmIpTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OEyrNY/lgpgn6ER1JHnJGjZUe+xE14yDM9GxQqbo1dw6ySryCVKFAc1D56g9jlkYoDRNU657nJsbPqDKcCZyV+6nGhLIJHWHPUkkj1H42Tzwj51YZkjBW9klD5urvjYxGWk+jwE7mCfWyl4v/eb3UhDd+xmWSGpRs8VGYCmJikp9PhlwhM2JqCWWK26yEjamizNiSyrYEb/nkVdK+rHlXtfp9vdqoF3WU4BTO4AI8uIYG3EETWsBAwjO8wpujnRfn3flYjK45xc4J/IHz+QP0WJES</latexit>s

sentence
direction

text-
conditioned

code

<latexit sha1_base64="p941dQ8byH1OW+cK894wdlsCXTQ=">AAACA3icbVBNS8NAEN3Ur1q/ot70EiyCBymJFPVY8OLBQwX7AU0Im+22XbrZhN2JWELAi3/FiwdFvPonvPlv3LQ5aOuDgcd7M8zMC2LOFNj2t1FaWl5ZXSuvVzY2t7Z3zN29tooSSWiLRDyS3QArypmgLWDAaTeWFIcBp51gfJX7nXsqFYvEHUxi6oV4KNiAEQxa8s0DN8QwIpinN5nvAn2AlEQCJFaZb1btmj2FtUicglRRgaZvfrn9iCQhFUA4Vqrn2DF4KZbACKdZxU0UjTEZ4yHtaSpwSJWXTn/IrGOt9K1BJHUJsKbq74kUh0pNwkB35hereS8X//N6CQwuvZSJOAEqyGzRIOEWRFYeiNVnkhLgE00wkUzfapERlpiAjq2iQ3DmX14k7bOac16r39arjdMijjI6REfoBDnoAjXQNWqiFiLoET2jV/RmPBkvxrvxMWstGcXMPvoD4/MHVnuYjg==</latexit>

Lcontrasif inference?
<latexit sha1_base64="jyJIvkBHyaGXourVoo9x9FMapAA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUSKuiy4cVnBPrANZTKdtEMnkzBzI5TQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJbe53nrg2IlYPOE24H9GREqFgFK302I8ojoMww9mgUnVr7hxklXgFqUKB5qDy1R/GLI24QiapMT3PTdDPqEbBJJ+V+6nhCWUTOuI9SxWNuPGzeeIZObfKkISxtk8hmau/NzIaGTONAjuZJzTLXi7+5/VSDG/8TKgkRa7Y4qMwlQRjkp9PhkJzhnJqCWVa2KyEjammDG1JZVuCt3zyKmlf1ryrWv2+Xm3UizpKcApncAEeXEMD7qAJLWCg4Ble4c0xzovz7nwsRtecYucE/sD5/AH13ZET</latexit>

t

<latexit sha1_base64="6VJ4BWH0xPk6WUSyX1hV1F7lyh4=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIrkoiRV0W3LisYB/QhjCZTtqhk0mYmQg1FPwVNy4Ucet3uPNvnLQRtPXAwOGce7lnTpBwprTjfFmlldW19Y3yZmVre2d3z94/aKs4lYS2SMxj2Q2wopwJ2tJMc9pNJMVRwGknGF/nfueeSsVicacnCfUiPBQsZARrI/n2UT/CehSE2cPU/6Fq6ttVp+bMgJaJW5AqFGj69md/EJM0okITjpXquU6ivQxLzQin00o/VTTBZIyHtGeowBFVXjaLP0WnRhmgMJbmCY1m6u+NDEdKTaLATOYJ1aKXi/95vVSHV17GRJJqKsj8UJhypGOUd4EGTFKi+cQQTCQzWREZYYmJNo1VTAnu4peXSfu85l7U6rf1aqNe1FGGYziBM3DhEhpwA01oAYEMnuAFXq1H69l6s97noyWr2DmEP7A+vgFKBJZQ</latexit>zs
no

<latexit sha1_base64="CpwKgIs+wJcU/bMXqBIv4joFn0g=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQVBKIkVdFty4rGAf0JYymU7aoZNJmJkINWTjr7hxoYhbP8Odf+OkjaCtBwbOnHMv997jRZwp7ThfVmFpeWV1rbhe2tjc2t6xd/eaKowloQ0S8lC2PawoZ4I2NNOctiNJceBx2vLG15nfuqdSsVDc6UlEewEeCuYzgrWR+vZBN8B65PnJQ4pO0c9HpX277FScKdAicXNShhz1vv3ZHYQkDqjQhGOlOq4T6V6CpWaE07TUjRWNMBnjIe0YKnBAVS+ZHpCiY6MMkB9K84RGU/V3R4IDpSaBZyqzDdW8l4n/eZ1Y+1e9hIko1lSQ2SA/5kiHKEsDDZikRPOJIZhIZnZFZIQlJtpkVjIhuPMnL5LmecW9qFRvq+XaWR5HEQ7hCE7AhUuowQ3UoQEEUniCF3i1Hq1n6816n5UWrLxnH/7A+vgGrYeWaA==</latexit>

z+ s

CLIP-guided 
Contrastive Loss

Norm Penalty
<latexit sha1_base64="1PqY7vkZ/BiY7AL0YHu3q32EMmE=">AAACAHicbVBNS8NAEN34WetX1IMHL8EieCqJFPVY9OLBQwX7AU0Im+2mXbrZhN2JWEIu/hUvHhTx6s/w5r9x0+agrQ8GHu/NMDMvSDhTYNvfxtLyyuraemWjurm1vbNr7u13VJxKQtsk5rHsBVhRzgRtAwNOe4mkOAo47Qbj68LvPlCpWCzuYZJQL8JDwUJGMGjJNw/dCMOIYJ7d5r4L9BEyEcso982aXbensBaJU5IaKtHyzS93EJM0ogIIx0r1HTsBL8MSGOE0r7qpogkmYzykfU0FjqjysukDuXWilYEVxlKXAGuq/p7IcKTUJAp0Z3GumvcK8T+vn0J46WVMJClQQWaLwpRbEFtFGtaASUqATzTBRDJ9q0VGWGICOrOqDsGZf3mRdM7qznm9cdeoNa/KOCroCB2jU+SgC9REN6iF2oigHD2jV/RmPBkvxrvxMWtdMsqZA/QHxucP7YiXSA==</latexit>

Lnorm

Semantically 
Aligned
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The compositional text-to-image model needs to be sensitive to each independent attribute described 
in the text. 

Disentangled attribute representations
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The compositional text-to-image model needs to be sensitive to each independent attribute described 
in the text. 

Disentangled attribute representations

Spatial 
Constraint 
Loss
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Overview of StyleT2I

Text-to-Direction
The woman 
has blond 
hair.

text

<latexit sha1_base64="OW6eSeDnYn3juKlQt3ToW8ogQFw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZcFNy4r2Ae2pWTSO21oJjMkGaEO/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPHwuujet+O4W19Y3NreJ2aWd3b/+gfHjU0lGiGDZZJCLV8alGwSU2DTcCO7FCGvoC2/7kJvPbj6g0j+S9mcbYD+lI8oAzaqz00AupGftB+jQblCtu1Z2DrBIvJxXI0RiUv3rDiCUhSsME1brrubHpp1QZzgTOSr1EY0zZhI6wa6mkIep+Ok88I2dWGZIgUvZJQ+bq742UhlpPQ99OZgn1speJ/3ndxATX/ZTLODEo2eKjIBHERCQ7nwy5QmbE1BLKFLdZCRtTRZmxJZVsCd7yyaukdVH1Lqu1u1qlXsvrKMIJnMI5eHAFdbiFBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kD/vuRGQ==</latexit>z
random

latent code

<latexit sha1_base64="CWdhEBFCZ/hrVX91Yg3mZalagAc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCBz22YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2b+wxMqzWN5byYJ+hEdSh5yRo2Vmrf9csWtunOQVeLlpAI5Gv3yV28QszRCaZigWnc9NzF+RpXhTOC01Es1JpSN6RC7lkoaofaz+aFTcmaVAQljZUsaMld/T2Q00noSBbYzomakl72Z+J/XTU147WdcJqlByRaLwlQQE5PZ12TAFTIjJpZQpri9lbARVZQZm03JhuAtv7xK2hdV77Jaa9Yq9VoeRxFO4BTOwYMrqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AJqtjMY=</latexit>

G

synthesized
image

StyleGAN
<latexit sha1_base64="KUGHQUn2Nd4Yu/IYSAMZFb2ojNY=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUSKuiy4cVnBPrANZTK9aYdOJmFmIpTQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OEyrNY/lgpgn6ER1JHnJGjZUe+xE14yDM9GxQqbo1dw6ySryCVKFAc1D56g9jlkYoDRNU657nJsbPqDKcCZyV+6nGhLIJHWHPUkkj1H42Tzwj51YZkjBW9klD5urvjYxGWk+jwE7mCfWyl4v/eb3UhDd+xmWSGpRs8VGYCmJikp9PhlwhM2JqCWWK26yEjamizNiSyrYEb/nkVdK+rHlXtfp9vdqoF3WU4BTO4AI8uIYG3EETWsBAwjO8wpujnRfn3flYjK45xc4J/IHz+QP0WJES</latexit>s

sentence
direction

text-
conditioned

code

<latexit sha1_base64="p941dQ8byH1OW+cK894wdlsCXTQ=">AAACA3icbVBNS8NAEN3Ur1q/ot70EiyCBymJFPVY8OLBQwX7AU0Im+22XbrZhN2JWELAi3/FiwdFvPonvPlv3LQ5aOuDgcd7M8zMC2LOFNj2t1FaWl5ZXSuvVzY2t7Z3zN29tooSSWiLRDyS3QArypmgLWDAaTeWFIcBp51gfJX7nXsqFYvEHUxi6oV4KNiAEQxa8s0DN8QwIpinN5nvAn2AlEQCJFaZb1btmj2FtUicglRRgaZvfrn9iCQhFUA4Vqrn2DF4KZbACKdZxU0UjTEZ4yHtaSpwSJWXTn/IrGOt9K1BJHUJsKbq74kUh0pNwkB35hereS8X//N6CQwuvZSJOAEqyGzRIOEWRFYeiNVnkhLgE00wkUzfapERlpiAjq2iQ3DmX14k7bOac16r39arjdMijjI6REfoBDnoAjXQNWqiFiLoET2jV/RmPBkvxrvxMWstGcXMPvoD4/MHVnuYjg==</latexit>

Lcontrasif inference?
<latexit sha1_base64="jyJIvkBHyaGXourVoo9x9FMapAA=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFclUSKuiy4cVnBPrANZTKdtEMnkzBzI5TQv3DjQhG3/o07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJbe53nrg2IlYPOE24H9GREqFgFK302I8ojoMww9mgUnVr7hxklXgFqUKB5qDy1R/GLI24QiapMT3PTdDPqEbBJJ+V+6nhCWUTOuI9SxWNuPGzeeIZObfKkISxtk8hmau/NzIaGTONAjuZJzTLXi7+5/VSDG/8TKgkRa7Y4qMwlQRjkp9PhkJzhnJqCWVa2KyEjammDG1JZVuCt3zyKmlf1ryrWv2+Xm3UizpKcApncAEeXEMD7qAJLWCg4Ble4c0xzovz7nwsRtecYucE/sD5/AH13ZET</latexit>

t

<latexit sha1_base64="6VJ4BWH0xPk6WUSyX1hV1F7lyh4=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIrkoiRV0W3LisYB/QhjCZTtqhk0mYmQg1FPwVNy4Ucet3uPNvnLQRtPXAwOGce7lnTpBwprTjfFmlldW19Y3yZmVre2d3z94/aKs4lYS2SMxj2Q2wopwJ2tJMc9pNJMVRwGknGF/nfueeSsVicacnCfUiPBQsZARrI/n2UT/CehSE2cPU/6Fq6ttVp+bMgJaJW5AqFGj69md/EJM0okITjpXquU6ivQxLzQin00o/VTTBZIyHtGeowBFVXjaLP0WnRhmgMJbmCY1m6u+NDEdKTaLATOYJ1aKXi/95vVSHV17GRJJqKsj8UJhypGOUd4EGTFKi+cQQTCQzWREZYYmJNo1VTAnu4peXSfu85l7U6rf1aqNe1FGGYziBM3DhEhpwA01oAYEMnuAFXq1H69l6s97noyWr2DmEP7A+vgFKBJZQ</latexit>zs
no

<latexit sha1_base64="CpwKgIs+wJcU/bMXqBIv4joFn0g=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQVBKIkVdFty4rGAf0JYymU7aoZNJmJkINWTjr7hxoYhbP8Odf+OkjaCtBwbOnHMv997jRZwp7ThfVmFpeWV1rbhe2tjc2t6xd/eaKowloQ0S8lC2PawoZ4I2NNOctiNJceBx2vLG15nfuqdSsVDc6UlEewEeCuYzgrWR+vZBN8B65PnJQ4pO0c9HpX277FScKdAicXNShhz1vv3ZHYQkDqjQhGOlOq4T6V6CpWaE07TUjRWNMBnjIe0YKnBAVS+ZHpCiY6MMkB9K84RGU/V3R4IDpSaBZyqzDdW8l4n/eZ1Y+1e9hIko1lSQ2SA/5kiHKEsDDZikRPOJIZhIZnZFZIQlJtpkVjIhuPMnL5LmecW9qFRvq+XaWR5HEQ7hCE7AhUuowQ3UoQEEUniCF3i1Hq1n6816n5UWrLxnH/7A+vgGrYeWaA==</latexit>

z+ s

CLIP-guided 
Contrastive Loss

Norm Penalty
<latexit sha1_base64="1PqY7vkZ/BiY7AL0YHu3q32EMmE=">AAACAHicbVBNS8NAEN34WetX1IMHL8EieCqJFPVY9OLBQwX7AU0Im+2mXbrZhN2JWEIu/hUvHhTx6s/w5r9x0+agrQ8GHu/NMDMvSDhTYNvfxtLyyuraemWjurm1vbNr7u13VJxKQtsk5rHsBVhRzgRtAwNOe4mkOAo47Qbj68LvPlCpWCzuYZJQL8JDwUJGMGjJNw/dCMOIYJ7d5r4L9BEyEcso982aXbensBaJU5IaKtHyzS93EJM0ogIIx0r1HTsBL8MSGOE0r7qpogkmYzykfU0FjqjysukDuXWilYEVxlKXAGuq/p7IcKTUJAp0Z3GumvcK8T+vn0J46WVMJClQQWaLwpRbEFtFGtaASUqATzTBRDJ9q0VGWGICOrOqDsGZf3mRdM7qznm9cdeoNa/KOCroCB2jU+SgC9REN6iF2oigHD2jV/RmPBkvxrvxMWtdMsqZA/QHxucP7YiXSA==</latexit>

Lnorm

yes

Compositional Attribute 
Adjustment

employ trained
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Adjust wrongly predicted attributes at inference time
Compositional Attribute Adjustment (CAA): The attribute directions (from Attribute-to-Direction) can be 
used to adjust the sentence direction (from Text-to-Direction) .
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Afterthoughts of StyleT2I

Limitations: 
• Closed attribute vocabulary
• Fine-tune CLIP might be necessary
• The Spatial Constraint is not helpful to disentangle a few attributes that share the same spatial region, e.g., “bushy 

eyebrow” and “arched eyebrow”

Lessons learned:
• Training a module to better navigate a pre-trained generator’s latent space 
• Pre-trained vision-language foundation models such as CLIP can be helpful for AIGC to align user’s intent with 

generated content
• Aligning the global (sentence) representation with fine-grained local (attribute) representation can improve quality 

and compositionality
• Test-time adaptation methods such as Compositional Attribute Adjustment can be super useful

Future work:
Complex scene images synthesis for disentangling different objects and backgrounds
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Exploring Compositional Visual 
Generation with Latent Classifier 

Guidance

Changhao Shi1 Haomiao Ni2 Kai Li4 Shaobo Han4 Mingfu Liang3 Martin 
Renqiang Min4

1University of California, San Diego
2The Pennsylvania State University

3Northwestern University
4NEC Laboratories America

CVPR 2023 Workshop
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Key idea & Results of LCG (Latent Classifier Guidance) 

For compositional image manipulation, the conditional ELBO of DDPM 
(De-noising Diffusion Probabilistic Models) is given by:

glasses

smile

55 y/o

no glasses 

smile

28 y/o

3 attributes: smiling, young, wavy hair.
The middle figure is from unconditional generation. 

The + direction(i.e., apply attributes positively) is towards the right.
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Afterthoughts of LCG (Latent Classifier Guidance)

Limitations: 
• Closed attribute vocabulary
• The diffusion model always pulls the sample toward high density region. As a result, keeping 

images realistic is at the cost of losing identity preservation

Lessons learned:
• Training a latent diffusion model with auxiliary latent classifier guidance can facilitate non-linear 

manipulations of the latent space of a pre-trained generator for finer control of compositional 
content generation

Future work:
• Performance of latent classifier guidance in out-of-distribution settings
• Generating unseen classes and unseen sub-concept of an existing class
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Conditional Image-to-Video 
Generation with Latent Flow 

Diffusion Models

Haomiao Ni1 Changhao Shi2 Kai Li3 Sharon X. Huang1 Martin 
Renqiang Min3

1The Pennsylvania State University     
2University of California, San Diego   

3NEC Laboratories America

CVPR 2023 jogging
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Text-conditioned image-to-video generation

jogging
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Synthesizing an optical flow sequence !
Time

Source Image 
& 

Text Condition
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Training overview of LFDM
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Inference overview of LFDM
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Qualitative Results

subject image right arm swipe to 
the left

right arm swipe to 
the right right hand wave two hand front clap right arm throw cross arms in the 

chest basketball shooting

draw x draw circle clockwise draw circle 
counter-clockwise draw triangle front boxing baseball swing tennis forehand swing two arms curl

tennis serve two hand push forward lunge hand catch pick up and throw jogging stand to sit squat
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Qualitative Results



NEC Group Internal Use Only© NEC Laboratories America 202325

Qualitative Results

Disgust

Anger

Surprise

Training data (MUG)
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Afterthoughts of LFDM (Latent Flow Diffusion Model)

Limitations: 
• Conditioned on the class labels instead of natural text descriptions 
• Generation of a multi-subject flow sequence
• Generation of long videos
• 1000-step DDPM at inference is slow compared to GAN models, and thus frame resolution is hard to scale up

Lessons learned:
• Warp-based design can be more robust for generation of action/motion sequence
• Two-stage disentangled framework allows flexibility; potentially one can fine-tune the latent-to-pixel decoder on new 

target datasets for better spatial content generation quality without the need to retrain the whole framework including 
the latent flow diffusion model

• Diffusion models operating on the latent flow space, which is much more concise (simple and low-dimensional) than the 
RGB pixel space, are efficient and easier to model and train

Future work:
Generation of 3D content, e.g., 3D talking face generation, 3D human motion generation.
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Generation of 3D content for Metaverse
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Text prompt: (left) the person is walking forward (middle) the person’s left hand is holding a 
cup (right) the person’s right hand is waving

Tevet, Guy, et al. "Human motion diffusion model." ICLR 2023.
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Text prompt: the person is walking forward and the left hand is holding a cup and the right 
hand is waving

sample 1 sample 2 sample 3

Tevet, Guy, et al. "Human motion diffusion model." ICLR 2023.
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“He should look 100 years old”

Li, Shaoxu. "Instruct-Video2Avatar: Video-to-Avatar Generation with Instructions." arXiv preprint arXiv:2306.02903 (2023).

How about “he should look 100 years old with 
reading glasses and he is smiling”?
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Li, Shaoxu. "Instruct-Video2Avatar: Video-to-Avatar Generation with Instructions." arXiv preprint arXiv:2306.02903 (2023).

Failure cases of 
”Instruct-Video2Avatar”: 

(1) fails to maintain the 
expression
(2) the glasses are not 
independent of the 
deformable face
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Chen, Dave Zhenyu, et al. "Text2tex: Text-driven texture synthesis via diffusion models." arXiv preprint arXiv:2303.11396 (2023).
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Lessons learned from NEC Labs’ research – Part I

Adapting to user intent requires compositionality.
Poole, Ben, et al. "DreamFusion: Text-to-3d using 2d diffusion." arXiv preprint arXiv:2209.14988 (2022).
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Zhang, Lvmin, and Maneesh Agrawala. "Adding conditional 
control to text-to-image diffusion models." arXiv preprint 
arXiv:2302.05543 (2023).

Ma, Yue, et al. "Follow Your Pose: Pose-Guided Text-to-Video Generation using Pose-Free Videos." arXiv
preprint arXiv:2304.01186 (2023).
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Lessons learned from NEC Labs’ research – Part II

Generating highly controlled content is a challenge.

text
human meshes

3D scenes
scenes w/ textures

…

Ye, Sifan, et al. "Scene synthesis from human motion." SIGGRAPH Asia 2022 Conference Papers. 2022.
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Lessons learned from NEC Labs’ research – Part III

Flow/velocity-based latent space manipulation might be possible.
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1. Adapting to user intent requires compositionality.

2. Generating highly controlled content is a challenge.

3. Flow/velocity-based latent space manipulation might worth consideration.

Takeaways

Honglu Zhou
hozhou@nec-labs.com
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Geometric Learning on Discrete Surface Meshes
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Generative AI in Action at Roblox

Brent Vincent
Kartik Ayyar (@ayyar)

Roblox Creator engineering

https://twitter.com/ayyar


What is Roblox and why does generative AI matter to Roblox?

Roblox is platform for immersive experiences

66.1 million DAU as last reported publicly

Vision: “Enabling Creation of Anything, Anywhere, by Anyone”

Generative AI can make Roblox creators of every skill level more productive



Demo

https://docs.google.com/file/d/1jeI02kOivhfY8xrO-9fO7WbDZfBQFFCC/preview


AI materials

- Diffusion models make it easy to generate textures
- Materials in Roblox are PBR materials
- A vanilla 2D texture looks bland
- Solution:

- Need a PBR model beyond just a 2D image
- Need textures to be tiled

- Preventing offensive content:
- Pick a safe image generation model
- Pre filter prompt
- Post filter output



Code in Roblox: Lua(u) attached to objects



AI coding: powered by large language models

Language model: an overview

- Model text as a sequence of tokens
- Learn a probability distribution over the next token to output
- Called autoregressively to generate output tokens
- Stops when you hit a certain number of tokens or a stop token/sequence



AI coding: areas of focus in this talk

This isn’t a talk about language model basics

- It’s a talk about making coding LMs work well

Will focus on 3 main areas of coding language models

- Evaluation
- Prompting
- Fine tuning



The path to improving model quality
Source: @karpathy tweet

https://twitter.com/karpathy/status/1655994367033884672


Evaluation methodology

Two benchmarks

- Metrics like Bleu score aren’t great for code
- HumanEval eval suite, translated to Lua

- Data structures and algorithms tests
- pass@k metric:
- “Do any of k generations pass tests?”
- In practice, generate n > k examples

- RobloxEval: Roblox centric benchmark
- Physics, Simulation, games

- Online experiments: A/B testing accept rates
Image credit: GPT Codex paper

https://arxiv.org/pdf/2107.03374.pdf


Eval framework demo video

https://docs.google.com/file/d/1WntNQ_WcLj9JC2F1ZLDhSX_VyxGbTbX1/preview


Evaluation while fine tuning



Some notes on quality and fine tuning methodology

1. All data used is publicly available
2. Datasets used include:

a. Roblox marketplace
b. The Stack

3. All quality gains are relative vs. a baseline
4. Prediction quality vs. latency / inference cost tradeoff:

a. Inconclusive experiments
b. We tend to err on the side of prediction quality



AI code: prompting experiments

Prompt based path names +15% ( depends on baseline model)

Fill in the middle prompting +10% over baseline

Prompt with contents of related files TBD



AI code: some quality experiments

Fine tune on docs examples +2% over baseline

Fine tune on cleaned marketplace data +4% over baseline

Fine tune on path names +10-15%

Fine tuned on cleaned Lua Stack corpus +4% over baseline

Fine tune with type annotation of parent inconclusive



Future directions

Beyond just code completion

- Explaining code
- Debugging code
- Write commit messages
- Asking for coding help

Luau code model: Luau is Roblox’s optional typed language

- Truly open ( MIT Licensed )

RLHF: Reinforcement learning from human feedback

- Can we use human ranking of example pairs to learn better?
- Have a training pipeline working
- Unclear if the data quality we have will give us good results

https://luau-lang.org/


Future directions: complex multi modal creation

“Create a block of pink lava that kills the player when they touch it.”

Audience question:

How would you solve this?



Potential approaches

1. Create a block
a. Create a primitive object?
b. Or fetch it from the marketplace

2. How do you interpret lava block?
a. Is it a reference to appearance?
b. Or functionality?
c. If it refers to appearance:

i. Does it mean a texture?
ii. Or an in built material?

3. Functionality enabled by scripting: “kill the player”
a. Create a script?
b. Pick one from a library?
c. What if the object you found from the marketplace already has a script



Want to learn more and work on these problems?

Stay in touch:

Mubbasir Kapadia (Email: mkapadia@roblox.com
Honglu Zhou (Email: hz289@scarletmail.rutgers.edu) 
Derek Liu (Email: hsuehtiliu@roblox.com) 
Daniel Ritchie (Email: daniel_ritchie@brown.edu) 
Kartik Ayyar (Email: kayyar@roblox.com, Twitter: ayyar) 

Careers at Roblox:

https://careers.roblox.com/jobs

mailto:mkapadia@roblox.com
mailto:hz289@scarletmail.rutgers.edu
mailto:hsuehtiliu@roblox.com
mailto:daniel_ritchie@brown.edu
mailto:kayyar@roblox.com
https://twitter.com/ayyar
https://careers.roblox.com/jobs


My goals for this talk:

1. Introduce you to neurosymbolic models

2. Convince you that...





Everyone is excited about
deep generative models these days!



[Chen & Zhang ’19. Learning Implicit Fields for Generative Shape Modeling]







[Mittal et al. ’22. AutoSDF]



[Nichol et al. ’22. Point-E]



[Poole et al. ’22. DreamFusion]



What Makes Deep Generative Models Great?

Detail

[Zhang et al. ’23. Locally Attentional SDF Diffusion]



What Makes Deep Generative Models Great?

Detail

[Wang et al. ’23. ProlificDreamer]



What Makes Deep Generative Models Great?

Detail

Variety
...

[Hui et al. ’22. Neural Wavelet-Domain Diffusion]



What Makes Deep Generative Models Great?

Detail

Variety

Ease

Autodesk Maya



What Makes Deep Generative Models Great?

Detail

Variety

Ease

G

...



Everyone is excited about
deep generative models these days!

...so are we done?



What Makes Deep Generative Models Not Great?

Quality Control



What Makes Deep Generative Models Not Great?

Quality Control

Interpretability

[Maneesh Agrawala ‘23. Unpredictable Black Boxes are Terrible User Interfaces]

“Prompt Engineering Hell”



What Makes Deep Generative Models Not Great?

Quality Control

Interpretability

Manipulability





It’s not some ultra-new, top-secret, stealth-
mode technology

It’s actually something we graphics folks 
have been using for decades



PROCEDURAL MODELING
Graphics jargon for:
“writing a (potentially pseudorandom) program that outputs graphics assets”















Procedural Models Don’t Have the Issues that Deep 
Generative Models Have

Quality Control Code has:
• Well-defined structure
• Meaningful parameters with range bounds

Many types of “bad” outputs aren’t possible, by 
construction
• In some languages, you could even prove this 

with static analysis



Procedural Models Don’t Have the Issues that Deep 
Generative Models Have

Quality Control

Interpretability



Procedural Models Don’t Have the Issues that Deep 
Generative Models Have

Quality Control

Interpretability

Manipulability



Wait a minute...

If procedural models are so great, why isn’t 3D 
content creation “solved” already?



Problems with Procedural Models

Ease



Problems with Procedural Models
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Variety
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?

? ?



Problems with Procedural Models

Ease

Variety

Detail
? ?



Let’s recap...



Pros & Cons
Deep Generative Models

Pros & Cons
Procedural Models

Detail

Variety

Ease

Quality Control

Interpretability

Manipulability
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Detail
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Quality Control
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Inverses of each other!



Can we get the best of both worlds?
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Detail

Variety

Ease

Quality Control

Interpretability

Manipulability

Neurosymbolic Models



Many, Many Ways to Combine Them...
Design space diagram from our Eurographics ‘23 State-of-the-Art Report (STAR)

[Ritchie et al. ‘23. Neurosymbolic Models for Computer Graphics]



Two Important Types of Combination

1. Using neural networks to write procedural models

2. Adding neural elements/details to procedural models



Two Important Types of Combination

1. Using neural networks to write procedural models

2. Adding neural elements/details to procedural models



Neural Nets Writing Procedural Models

Language Model
(e.g. Transformer)

Program

Random Numbers

Visual Input  (e.g. sketch)

Text Prompt

3D Graphics Asset



CAD Modeling



CAD Models as Programs

[Wu et al. ’21. DeepCAD]



Randomly Sampling CAD Programs

[Wu et al. ’21. DeepCAD]



Inferring CAD Programs from Point Clouds

[Wu et al. ’21. DeepCAD]



Inferring CAD Programs from Sketches

[Li et al. ’22. Free2CAD]



Shape Part Structures

Kenny Jones Paul Guerrero Niloy Mitra Me

...

[Jones et al. ‘20. ShapeAssembly]

[Jones et al. ‘21. ShapeMOD]

[Jones et al. ‘23. ShapeCoder]



The ShapeAssembly Modeling Language 



Generating & Editing ShapeAssembly Code



Generating Programs from Point Clouds



Procedural Materials



Materials Can Be Specified w/ Dataflow Graphs



MatFormer Learns to Generate Graphs

[Guerrero et al. ’22. MatFormer]



MatFormer Generate Graphs from Images

[Hu et al. ’23. Generating Procedural Materials from Text or Image Prompts]



MatFormer Generate Graphs from Text

[Hu et al. ’23. Generating Procedural Materials from Text or Image Prompts]



Wait a minute...

Procedural models are hard to write...

...so am I just kicking the can down the road by 
requiring large amounts of them as training data?



Important Ongoing Direction:
Learning without ground-truth programs

Bootstrapping on synthetic data + abstraction discovery (library learning)

[Ganeshan et al. ’23. Improving Unsupervised Visual Program Inference with Code Rewriting Families ]

[Jones et al. ’23. ShapeCoder]



Exciting Future Work Direction:
Can LLMs help us write procedural models?

[Gupta & Kembhavi et al. ’23. Visual Programming]

LLMs can write image editing programs...

...could they also write shape-generating programs?



Exciting Future Work Direction:
Can LLMs help us write procedural models?

(+ a couple corrections...)

Far from perfect...but there’s 
useful structure here!



Two Important Types of Combination

1. Using neural networks to write procedural models

2. Adding neural elements/details to procedural models



Two Important Types of Combination

1. Using neural networks to write procedural models

2. Adding neural elements/details to procedural models



Learning to Write Programs w/ Neural Primitives

[Deng et al. ’22. Unsupervised Learning of Shape Programs with Repeatable Implicit Parts]



Exciting Future Work Direction:
Can we learn parametric neural primitives?

Length

Curvature

Width



Exciting Future Work Direction:
Neural details as (guided) post-process

Imagine this, but the output is 3D!



Thanks!
Want to talk more about this stuff? Collaborate? Feel free to reach out :)

https://dritchie.github.io
daniel_ritchie@brown.edu

Link to our state-of-the-art report on 
neurosymbolic models for graphics:

https://tinyurl.com/neurosymbolicstar



Hsueh-Ti Derek Liu

Geometric Learning on Discrete Surface Meshes 
Surface Convolutions



Image Convolution



Image Convolution

filter



Image Convolution
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Image Convolution
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Image Convolution
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…



Image Convolutional Neural Networks

conv. pool

conv. pool

fully connected



Convolution on Surface Meshes

?



Other Shape Representations

voxelpoint cloud implicits graph



voxelpoint cloud implicits graph

Triangle Meshes



History on Surface Mesh Convolution



One of the first ideas: Image Convolution 

…
…
…

…
 Su et al. 2015

occlusio
n



Global Parameterization

seams?



Global Seamless Parameterization

Aigerman & Lipman 2015



Global Seamless Parameterization

Aigerman & Lipman 2015



Global Seamless Parameterization

• Not unique 
• Distortion  
• Other issues (e.g., orientation)



Local Flattening



Logarithmic Maps (a.k.a. Exponential Maps)

Schmidt et al. 2006



e.g., Geodesic Convolution

Sharp et al. 2019



e.g., Geodesic Convolution

Sharp et al. 2019

Pick one direction at a time 
[Poulenard & Ovsjanikov 2018]

Consider all directions 
[Masci et al. 2015]

Max. / Avg.



• Flatten meshes to 2D and use 2D convolution 
• “Resample” the flattened mesh -> robust to discretization  
• Suffer from orientation ambiguity, distortion, expensive

Summary of Parameterization-Based Convolution



Convolution theorem: 
Convolution in the spatial domain is the pointwise product in the spectral domain.

Go back to the first principle



Spectral Convolution
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<latexit sha1_base64="uDxrjoW+qO6qrQP5VOl12DFv2dY="></latexit>

� = T �1
⇣
w � T(x)

⌘

<latexit sha1_base64="uDxrjoW+qO6qrQP5VOl12DFv2dY="></latexit>

� = T �1
⇣
w � T(x)

⌘

Conv. filter weights



Spectral Convolution
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Conv. filter weights



Different shapes have different spectral spaces



Different shapes have different spectral spaces



First

Second

Some attempts 



Direct Discrete Mesh Convolutions



Irregular Structure

 



Spiral Convolution

vertex features
<latexit sha1_base64="hwElB/Hp9pqJMcCZTGjvPbm7BVI="></latexit>[�a �b �c · · · �k ]

1D filter
<latexit sha1_base64="P8pOMiND3fgBJ+7u8NVKiHaSXy4="></latexit>[w1 w2 w3 · · · wk ]

convolution
<latexit sha1_base64="sq/+91TLqotRKNKF+XjDCU3whDc="></latexit>

� = w>�

Lim et al. 2018, Gong et al. 2018, Bouritsas et al. 2019



Random Walks

Lahav & Tal 2020



Random Walks

Lahav & Tal 2020



Random Walks

Lahav & Tal 2020



Ambiguities in how to pick vertex orders



Edge Convolution

Hanocka et al. 2019, Liu et al. 2020

• fixed kernel size  
 

*



Edge Convolution

Hanocka et al. 2019

• fixed kernel size  
 

*



Half-Edge Convolution

Hanocka et al. 2019

• fixed kernel size  
 

*



Half-Edge Convolution

Hanocka et al. 2019

• fixed kernel size  
 

*



Half-Edge Convolution

• fixed kernel size  
 

Hanocka et al. 2019, Liu et al. 2020



Half-Edge Convolution

• fixed kernel size  
• canonical ordering 

Hanocka et al. 2019, Liu et al. 2020

*



Half-Edge Convolution

• fixed kernel size  
• canonical ordering 

Hanocka et al. 2019, Liu et al. 2020

*



Half-Edge Convolution

• fixed kernel size  
• canonical ordering 
• local coordinates (rigid motion invariant)

Hanocka et al. 2019, Liu et al. 2020

*



Rigid Motion Invariant

train  
mesh

test  
mesh

trained upsampling 
w/o half-edge

trained upsampling 
with half-edge

Liu et al. 2020



HalfedgeCNN

Ludwig et al. 2023



Face Convolution

Hertz et al. 2020, Hu et al. 2022



SubdivNet

Hu et al. 2022



Discrete Mesh Convolution
• Becomes more popular recently 
• Dependent to the discretization



PDE-based Convolution

Sharp et al. 2022

• (Heat) DiffusionNet != Diffusion Models



More Robust to Discretization

Sharp et al. 2022



Forward Looking



Extending to Solid Geometry (instead of Surface)
• Tet / Hex meshes  
• Constructive Solid Geometry

[Gau et al. 2022]



Representation Agnostic Convolution



Robust to Mesh Defects 

source: Spillmann et al. 2006

triangle soups multiple components



Hsueh-Ti Derek Liu 
hsuehtil@gmail.com

Geometric Learning on Discrete Surface Meshes

mailto:hsuehtil@gmail.com

