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Monopoly of Autoregressive LMs

Dall-E 2

Imagen

DDPM Wave-diff

Autoregressive language models have been dominating NLP !
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Bard

All models for text generation are autoregressive. 
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e.g., GPT-3

Autoregressive Language Modeling

Parametrize the probability of a sentence via chain rule: 

For each token, compute the next-token distribution.  
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Transformer (Pretrained)
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Decoding from Autoregressive LM

1. Time complexity: O(n)  
where n is the length of text. 

5

Generating text from left-to-right, one at a time.  

What if we want to generate right-to-left? 

Or given left and right context, fill in the 
middle? 

2. Fixed generation order. 
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Can we generate all words at once? 

Diffusion-LM: Diffusion based Language Models



Can we generate all words at once? 

1. What is diffusion model? 

2. Apply diffusion to text 

3. Discussion 

1. Distinction btw text and images  

2. Compare with autoregressive LM

Diffusion-LM: Diffusion based Language Models
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Diffusion Model for Images is very successful! 



Diffusion Model for Images
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Generative Process: 
<latexit sha1_base64="0hOIzH1Jwm5p7rT7iKDiqumvuI0=">AAACF3icbVDLSsNAFJ3UV62vqks3g0WoC0sioi4Lbly2YB/QhDCZTNqhkwczN2IJAT/Cjb/ixoUibnXn3zh9LGzrgQuHc+7l3nu8RHAFpvljFFZW19Y3ipulre2d3b3y/kFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW94M/Y790wqHkd3MEqYE5J+xANOCWjJLdcS14YBA1K1QwIDL8gecjeDMyvHdsh9PKfmp265YtbMCfAysWakgmZouOVv249pGrIIqCBK9SwzAScjEjgVLC/ZqWIJoUPSZz1NIxIy5WSTv3J8ohUfB7HUFQGeqH8nMhIqNQo93Tk+Uy16Y/E/r5dCcO1kPEpSYBGdLgpSgSHG45CwzyWjIEaaECq5vhXTAZGEgo6ypEOwFl9eJu3zmnVZs5oXlXrzcRpHER2hY1RFFrpCdXSLGqiFKHpCL+gNvRvPxqvxYXxOWwvGLMJDNAfj6xf566Dk</latexit>

p✓(xt�1 | xt)



Diffusion Model for Images

<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT
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… <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
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Generative Process: 
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… <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
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<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Generative Process: 
<latexit sha1_base64="0hOIzH1Jwm5p7rT7iKDiqumvuI0=">AAACF3icbVDLSsNAFJ3UV62vqks3g0WoC0sioi4Lbly2YB/QhDCZTNqhkwczN2IJAT/Cjb/ixoUibnXn3zh9LGzrgQuHc+7l3nu8RHAFpvljFFZW19Y3ipulre2d3b3y/kFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW94M/Y790wqHkd3MEqYE5J+xANOCWjJLdcS14YBA1K1QwIDL8gecjeDMyvHdsh9PKfmp265YtbMCfAysWakgmZouOVv249pGrIIqCBK9SwzAScjEjgVLC/ZqWIJoUPSZz1NIxIy5WSTv3J8ohUfB7HUFQGeqH8nMhIqNQo93Tk+Uy16Y/E/r5dCcO1kPEpSYBGdLgpSgSHG45CwzyWjIEaaECq5vhXTAZGEgo6ypEOwFl9eJu3zmnVZs5oXlXrzcRpHER2hY1RFFrpCdXSLGqiFKHpCL+gNvRvPxqvxYXxOWwvGLMJDNAfj6xf566Dk</latexit>

p✓(xt�1 | xt)



Diffusion Model for Images

<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT

Gaussian Noise

… <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
<latexit sha1_base64="TX79MgZJnRA7HUabSaBHBNH4mLQ=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5ct2Ae0Y8mkmTY0kwxJRi3DgJ/hxoUibv0Xd/6NmbYLbT1w4XDOveTkBDFn2rjut1NYWV1b3yhulra2d3b3yvsHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfJ377XuqNJPi1kxi6kd4KFjICDZWuutF2IyCMH3M+qmb9csVt+pOgZaJNycVmKPeL3/1BpIkERWGcKx113Nj46dYGUY4zUq9RNMYkzEe0q6lAkdU++k0dYZOrDJAoVR2hEFT9fdFiiOtJ1FgN/OUetHLxf+8bmLCKz9lIk4MFWT2UJhwZCTKK0ADpigxfGIJJorZrIiMsMLE2KJKtgRv8cvLpHVW9S6qXuO8Ums8zeoowhEcwyl4cAk1uIE6NIGAgmd4hTfnwXlx3p2P2WrBmVd4CH/gfP4AIauTYA==</latexit>x0…
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<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Generative Process: 
<latexit sha1_base64="0hOIzH1Jwm5p7rT7iKDiqumvuI0=">AAACF3icbVDLSsNAFJ3UV62vqks3g0WoC0sioi4Lbly2YB/QhDCZTNqhkwczN2IJAT/Cjb/ixoUibnXn3zh9LGzrgQuHc+7l3nu8RHAFpvljFFZW19Y3ipulre2d3b3y/kFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW94M/Y790wqHkd3MEqYE5J+xANOCWjJLdcS14YBA1K1QwIDL8gecjeDMyvHdsh9PKfmp265YtbMCfAysWakgmZouOVv249pGrIIqCBK9SwzAScjEjgVLC/ZqWIJoUPSZz1NIxIy5WSTv3J8ohUfB7HUFQGeqH8nMhIqNQo93Tk+Uy16Y/E/r5dCcO1kPEpSYBGdLgpSgSHG45CwzyWjIEaaECq5vhXTAZGEgo6ypEOwFl9eJu3zmnVZs5oXlXrzcRpHER2hY1RFFrpCdXSLGqiFKHpCL+gNvRvPxqvxYXxOWwvGLMJDNAfj6xf566Dk</latexit>

p✓(xt�1 | xt)



ConvNet  
Model

t

<latexit sha1_base64="pYM132qgRhMHaU/a61ywLFbdrWg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSuqh6l9Xafa1Sv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/puWPMQ==</latexit>

✓
<latexit sha1_base64="atxtoCsARcwRjixrdkP1Ii84t3I=">AAACC3icbVDLSsNAFJ3UV62vqks3Q4tQQUoiRV0W3bisYB/QhDCZTpqhkwczN2IJ3bvxV9y4UMStP+DOv3HSdqGtBy4czrmXe+/xEsEVmOa3UVhZXVvfKG6WtrZ3dvfK+wcdFaeSsjaNRSx7HlFM8Ii1gYNgvUQyEnqCdb3Rde5375lUPI7uYJwwJyTDiPucEtCSW67YAYHMDlPXhoABmeCaHRIIPD97mLhwiuHELVfNujkFXibWnFTRHC23/GUPYpqGLAIqiFJ9y0zAyYgETgWblOxUsYTQERmyvqYRCZlysukvE3yslQH2Y6krAjxVf09kJFRqHHq6M79TLXq5+J/XT8G/dDIeJSmwiM4W+anAEOM8GDzgklEQY00IlVzfimlAJKGg4yvpEKzFl5dJ56xundcbt41q82oeRxEdoQqqIQtdoCa6QS3URhQ9omf0it6MJ+PFeDc+Zq0FYz5ziP7A+PwB2CKa6g==</latexit>

µ̂✓(xt, t)

Diffusion Model for Images

<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT

Gaussian Noise

… <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
<latexit sha1_base64="TX79MgZJnRA7HUabSaBHBNH4mLQ=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5ct2Ae0Y8mkmTY0kwxJRi3DgJ/hxoUibv0Xd/6NmbYLbT1w4XDOveTkBDFn2rjut1NYWV1b3yhulra2d3b3yvsHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfJ377XuqNJPi1kxi6kd4KFjICDZWuutF2IyCMH3M+qmb9csVt+pOgZaJNycVmKPeL3/1BpIkERWGcKx113Nj46dYGUY4zUq9RNMYkzEe0q6lAkdU++k0dYZOrDJAoVR2hEFT9fdFiiOtJ1FgN/OUetHLxf+8bmLCKz9lIk4MFWT2UJhwZCTKK0ADpigxfGIJJorZrIiMsMLE2KJKtgRv8cvLpHVW9S6qXuO8Ums8zeoowhEcwyl4cAk1uIE6NIGAgmd4hTfnwXlx3p2P2WrBmVd4CH/gfP4AIauTYA==</latexit>x0…

8

<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Generative Process: 
<latexit sha1_base64="0hOIzH1Jwm5p7rT7iKDiqumvuI0=">AAACF3icbVDLSsNAFJ3UV62vqks3g0WoC0sioi4Lbly2YB/QhDCZTNqhkwczN2IJAT/Cjb/ixoUibnXn3zh9LGzrgQuHc+7l3nu8RHAFpvljFFZW19Y3ipulre2d3b3y/kFbxamkrEVjEcuuRxQTPGIt4CBYN5GMhJ5gHW94M/Y790wqHkd3MEqYE5J+xANOCWjJLdcS14YBA1K1QwIDL8gecjeDMyvHdsh9PKfmp265YtbMCfAysWakgmZouOVv249pGrIIqCBK9SwzAScjEjgVLC/ZqWIJoUPSZz1NIxIy5WSTv3J8ohUfB7HUFQGeqH8nMhIqNQo93Tk+Uy16Y/E/r5dCcO1kPEpSYBGdLgpSgSHG45CwzyWjIEaaECq5vhXTAZGEgo6ypEOwFl9eJu3zmnVZs5oXlXrzcRpHER2hY1RFFrpCdXSLGqiFKHpCL+gNvRvPxqvxYXxOWwvGLMJDNAfj6xf566Dk</latexit>

p✓(xt�1 | xt)



Diffusion Model for Images

<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT

Gaussian Noise

… <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
<latexit sha1_base64="TX79MgZJnRA7HUabSaBHBNH4mLQ=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5ct2Ae0Y8mkmTY0kwxJRi3DgJ/hxoUibv0Xd/6NmbYLbT1w4XDOveTkBDFn2rjut1NYWV1b3yhulra2d3b3yvsHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfJ377XuqNJPi1kxi6kd4KFjICDZWuutF2IyCMH3M+qmb9csVt+pOgZaJNycVmKPeL3/1BpIkERWGcKx113Nj46dYGUY4zUq9RNMYkzEe0q6lAkdU++k0dYZOrDJAoVR2hEFT9fdFiiOtJ1FgN/OUetHLxf+8bmLCKz9lIk4MFWT2UJhwZCTKK0ADpigxfGIJJorZrIiMsMLE2KJKtgRv8cvLpHVW9S6qXuO8Ums8zeoowhEcwyl4cAk1uIE6NIGAgmd4hTfnwXlx3p2P2WrBmVd4CH/gfP4AIauTYA==</latexit>x0…

9

<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Training: Construct latent variables pairs, then apply supervised training.  

Latents Construction:



Diffusion Model for Images

<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT

Gaussian Noise

… <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
<latexit sha1_base64="TX79MgZJnRA7HUabSaBHBNH4mLQ=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5ct2Ae0Y8mkmTY0kwxJRi3DgJ/hxoUibv0Xd/6NmbYLbT1w4XDOveTkBDFn2rjut1NYWV1b3yhulra2d3b3yvsHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfJ377XuqNJPi1kxi6kd4KFjICDZWuutF2IyCMH3M+qmb9csVt+pOgZaJNycVmKPeL3/1BpIkERWGcKx113Nj46dYGUY4zUq9RNMYkzEe0q6lAkdU++k0dYZOrDJAoVR2hEFT9fdFiiOtJ1FgN/OUetHLxf+8bmLCKz9lIk4MFWT2UJhwZCTKK0ADpigxfGIJJorZrIiMsMLE2KJKtgRv8cvLpHVW9S6qXuO8Ums8zeoowhEcwyl4cAk1uIE6NIGAgmd4hTfnwXlx3p2P2WrBmVd4CH/gfP4AIauTYA==</latexit>x0…

10

<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Training: Construct latent variables pairs, then apply supervised training.  

Supervised Training:

<latexit sha1_base64="OAfu/tQcj0w2ChggX+NSnMjgKXI="></latexit>

Lsimple(x0) =
TX

t=1

E
q(xt|x0)

||µ✓(xt, t)� x̂t�1||2
<latexit sha1_base64="xqJv1Uru3/E3uJyEWFUKsIpiFN0="></latexit>

E
q(xt|x0)

||µ̂✓(xt, t)� µt�1(xt,x0)||2

<latexit sha1_base64="ZpmEUVE3eqQ0armmrjS+7TsqjSw="></latexit>

µt�1(xt,x0) = E
q
[xt�1|xt = xt, x0 = x0]



Diffusion-LM: Diffusion based Language Models

1. What is diffusion model? 

2. Apply diffusion to text 

3. Discussion 

1. Distinction btw text and images  

2. Compare with autoregressive LM



Diffusion Model for Discrete Text
Continuous Discrete
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Diffusion Model for Discrete Text
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Diffusion Model for Discrete Text
Continuous Discrete
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Embedding

Continuous Discrete

maps each word to . 
<latexit sha1_base64="WLH2axjf2yi2imbZEbiJ0TY1hTA=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6rLoxmUV+4Amlslk0g6dTMLMRCghv+HGhSJu/Rl3/o2TNgttPTBwOOde7pnjJ5wpbdvfVmVldW19o7pZ29re2d2r7x90VZxKQjsk5rHs+1hRzgTtaKY57SeS4sjntOdPbgq/90SlYrF40NOEehEeCRYygrWRXDfCeuz72X3+GAzrDbtpz4CWiVOSBpRoD+tfbhCTNKJCE46VGjh2or0MS80Ip3nNTRVNMJngER0YKnBElZfNMufoxCgBCmNpntBopv7eyHCk1DTyzWSRUS16hfifN0h1eOVlTCSppoLMD4UpRzpGRQEoYJISzaeGYCKZyYrIGEtMtKmpZkpwFr+8TLpnTeei6dydN1rXZR1VOIJjOAUHLqEFt9CGDhBI4Ble4c1KrRfr3fqYj1ascucQ/sD6/AE38ZHO</latexit>

Rd

How to choose the embedding function 

13

is a hyper parameter (a small number )

<latexit sha1_base64="TQY1+2zA3v6xDvkZ1wif/TvOUCk=">AAACNnicdVDLSsNAFJ3UV42vqEs3g0VwVRIRdVl040ao0hc0NUwmk3boZBJmJtIS+lVu/A533bhQxK2f4LTNQtt64MLhnHu59x4/YVQq2x4bhZXVtfWN4qa5tb2zu2ftHzRknApM6jhmsWj5SBJGOakrqhhpJYKgyGek6fdvJn7ziQhJY15Tw4R0ItTlNKQYKS151t3As6FLOXQjpHq+nz2MHjMejFzXHHjqX6e23PGskl22p4CLxMlJCeSoetarG8Q4jQhXmCEp246dqE6GhKKYkZHpppIkCPdRl7Q15SgispNN3x7BE60EMIyFLq7gVP09kaFIymHk687JoXLem4jLvHaqwqtORnmSKsLxbFGYMqhiOMkQBlQQrNhQE4QF1bdC3EMCYaWTNnUIzvzLi6RxVnYuyuf356XKdR5HERyBY3AKHHAJKuAWVEEdYPAMxuAdfBgvxpvxaXzNWgtGPnMI/sD4/gGOmax8</latexit>

x0 2 Rnd

xt 2 Rnd

xT 2 Rnd



Embedding
How to choose the embedding function 

1.  Random Embedding?


2.  Learn it end-to-end

14

Continuous Discrete

<latexit sha1_base64="TQY1+2zA3v6xDvkZ1wif/TvOUCk=">AAACNnicdVDLSsNAFJ3UV42vqEs3g0VwVRIRdVl040ao0hc0NUwmk3boZBJmJtIS+lVu/A533bhQxK2f4LTNQtt64MLhnHu59x4/YVQq2x4bhZXVtfWN4qa5tb2zu2ftHzRknApM6jhmsWj5SBJGOakrqhhpJYKgyGek6fdvJn7ziQhJY15Tw4R0ItTlNKQYKS151t3As6FLOXQjpHq+nz2MHjMejFzXHHjqX6e23PGskl22p4CLxMlJCeSoetarG8Q4jQhXmCEp246dqE6GhKKYkZHpppIkCPdRl7Q15SgispNN3x7BE60EMIyFLq7gVP09kaFIymHk687JoXLem4jLvHaqwqtORnmSKsLxbFGYMqhiOMkQBlQQrNhQE4QF1bdC3EMCYaWTNnUIzvzLi6RxVnYuyuf356XKdR5HERyBY3AKHHAJKuAWVEEdYPAMxuAdfBgvxpvxaXzNWgtGPnMI/sD4/gGOmax8</latexit>

x0 2 Rnd

xt 2 Rnd

xT 2 Rnd



Embedding: End-to-end Training

Continuous Discrete

15

reconstruction loss

<latexit sha1_base64="lcoX4J6xhfH7QhnRFBIiVdlcPpA="></latexit>

Le2e = E
x0⇠q�

[Lsimple(x0)� log p✓(w | x0)]

maximize probability of Embedding

<latexit sha1_base64="TQY1+2zA3v6xDvkZ1wif/TvOUCk=">AAACNnicdVDLSsNAFJ3UV42vqEs3g0VwVRIRdVl040ao0hc0NUwmk3boZBJmJtIS+lVu/A533bhQxK2f4LTNQtt64MLhnHu59x4/YVQq2x4bhZXVtfWN4qa5tb2zu2ftHzRknApM6jhmsWj5SBJGOakrqhhpJYKgyGek6fdvJn7ziQhJY15Tw4R0ItTlNKQYKS151t3As6FLOXQjpHq+nz2MHjMejFzXHHjqX6e23PGskl22p4CLxMlJCeSoetarG8Q4jQhXmCEp246dqE6GhKKYkZHpppIkCPdRl7Q15SgispNN3x7BE60EMIyFLq7gVP09kaFIymHk687JoXLem4jLvHaqwqtORnmSKsLxbFGYMqhiOMkQBlQQrNhQE4QF1bdC3EMCYaWTNnUIzvzLi6RxVnYuyuf356XKdR5HERyBY3AKHHAJKuAWVEEdYPAMxuAdfBgvxpvxaXzNWgtGPnMI/sD4/gGOmax8</latexit>

x0 2 Rnd

xt 2 Rnd

xT 2 Rnd



<latexit sha1_base64="OAfu/tQcj0w2ChggX+NSnMjgKXI="></latexit>

Lsimple(x0) =
TX

t=1

E
q(xt|x0)

||µ✓(xt, t)� x̂t�1||2
<latexit sha1_base64="xqJv1Uru3/E3uJyEWFUKsIpiFN0="></latexit>

E
q(xt|x0)

||µ̂✓(xt, t)� µt�1(xt,x0)||2

Embedding: End-to-end Training

16

reconstruction loss

<latexit sha1_base64="lcoX4J6xhfH7QhnRFBIiVdlcPpA="></latexit>

Le2e = E
x0⇠q�

[Lsimple(x0)� log p✓(w | x0)]

maximize probability of Embedding

<latexit sha1_base64="8YxNuLoSJ4PlZHlyt5q8OtAIllY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GNBDx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMrqd+65FrI2L1gOOE+xEdKBEKRtFK90897JUrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqnd5HEU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wd0xI3u</latexit>xt

<latexit sha1_base64="WyFR6n3ZQkUULu/DSlhT6/FxlTk=">AAAB+3icbVBNS8NAEN34WetXrEcvi0WoICWRoh4LevBYwX5AE8Jmu22X7iZhdyItoX/FiwdFvPpHvPlv3LY5aOuDgcd7M8zMCxPBNTjOt7W2vrG5tV3YKe7u7R8c2kello5TRVmTxiJWnZBoJnjEmsBBsE6iGJGhYO1wdDvz209MaR5HjzBJmC/JIOJ9TgkYKbBLnkwDD4YMSGUcwAWG88AuO1VnDrxK3JyUUY5GYH95vZimkkVABdG66zoJ+BlRwKlg06KXapYQOiID1jU0IpJpP5vfPsVnRunhfqxMRYDn6u+JjEitJzI0nZLAUC97M/E/r5tC/8bPeJSkwCK6WNRPBYYYz4LAPa4YBTExhFDFza2YDokiFExcRROCu/zyKmldVt2rau2hVq7f5XEU0Ak6RRXkomtUR/eogZqIojF6Rq/ozZpaL9a79bFoXbPymWP0B9bnDxZ8k9U=</latexit>

µ✓(xt, t)

<latexit sha1_base64="K7fDc+E5YuIi6NSRLLdjtPiFDFc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCHjy2YGuhDWWz3bRrN5uwOxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR28SpZrzFYhnrTkANl0LxFgqUvJNoTqNA8odgfDPzH564NiJW9zhJuB/RoRKhYBSt1MR+ueJW3TnIKvFyUoEcjX75qzeIWRpxhUxSY7qem6CfUY2CST4t9VLDE8rGdMi7lioaceNn80On5MwqAxLG2pZCMld/T2Q0MmYSBbYzojgyy95M/M/rphhe+5lQSYpcscWiMJUEYzL7mgyE5gzlxBLKtLC3EjaimjK02ZRsCN7yy6ukfVH1Lqu1Zq1Sv83jKMIJnMI5eHAFdbiDBrSAAYdneIU359F5cd6dj0VrwclnjuEPnM8f47GNAw==</latexit>

tTransformer

<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

<latexit sha1_base64="TQY1+2zA3v6xDvkZ1wif/TvOUCk=">AAACNnicdVDLSsNAFJ3UV42vqEs3g0VwVRIRdVl040ao0hc0NUwmk3boZBJmJtIS+lVu/A533bhQxK2f4LTNQtt64MLhnHu59x4/YVQq2x4bhZXVtfWN4qa5tb2zu2ftHzRknApM6jhmsWj5SBJGOakrqhhpJYKgyGek6fdvJn7ziQhJY15Tw4R0ItTlNKQYKS151t3As6FLOXQjpHq+nz2MHjMejFzXHHjqX6e23PGskl22p4CLxMlJCeSoetarG8Q4jQhXmCEp246dqE6GhKKYkZHpppIkCPdRl7Q15SgispNN3x7BE60EMIyFLq7gVP09kaFIymHk687JoXLem4jLvHaqwqtORnmSKsLxbFGYMqhiOMkQBlQQrNhQE4QF1bdC3EMCYaWTNnUIzvzLi6RxVnYuyuf356XKdR5HERyBY3AKHHAJKuAWVEEdYPAMxuAdfBgvxpvxaXzNWgtGPnMI/sD4/gGOmax8</latexit>

x0 2 Rnd

xt 2 Rnd

xT 2 Rnd



Embedding: End-to-end Training

Continuous Discrete

17

reconstruction loss

<latexit sha1_base64="lcoX4J6xhfH7QhnRFBIiVdlcPpA="></latexit>

Le2e = E
x0⇠q�

[Lsimple(x0)� log p✓(w | x0)]

maximize probability of Embedding

<latexit sha1_base64="TQY1+2zA3v6xDvkZ1wif/TvOUCk=">AAACNnicdVDLSsNAFJ3UV42vqEs3g0VwVRIRdVl040ao0hc0NUwmk3boZBJmJtIS+lVu/A533bhQxK2f4LTNQtt64MLhnHu59x4/YVQq2x4bhZXVtfWN4qa5tb2zu2ftHzRknApM6jhmsWj5SBJGOakrqhhpJYKgyGek6fdvJn7ziQhJY15Tw4R0ItTlNKQYKS151t3As6FLOXQjpHq+nz2MHjMejFzXHHjqX6e23PGskl22p4CLxMlJCeSoetarG8Q4jQhXmCEp246dqE6GhKKYkZHpppIkCPdRl7Q15SgispNN3x7BE60EMIyFLq7gVP09kaFIymHk687JoXLem4jLvHaqwqtORnmSKsLxbFGYMqhiOMkQBlQQrNhQE4QF1bdC3EMCYaWTNnUIzvzLi6RxVnYuyuf356XKdR5HERyBY3AKHHAJKuAWVEEdYPAMxuAdfBgvxpvxaXzNWgtGPnMI/sD4/gGOmax8</latexit>

x0 2 Rnd

xt 2 Rnd

xT 2 Rnd



Embedding: End-to-end Training

18



Rounding

Continuous Discrete

Reality: there is still rounding error. 

Ideally, the model should predict  that lies exactly on a word embedding.x0

19

<latexit sha1_base64="IKHJaxjJgWgYMCHKwF07CjL4tgU="></latexit>

ŵi = argmax
wi

p✓(wi | xi)
<latexit sha1_base64="hrMSgDW6TJEHSptIhUpHApIBkAQ=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1iEuimJFHVZdOOygn1AGsJkMmmHTh7M3KilFDf+ihsXirj1K9z5N07bLLT1wIXDOfdy7z1+KrgCy/o2CkvLK6trxfXSxubW9o65u9dSSSYpa9JEJLLjE8UEj1kTOAjWSSUjkS9Y2x9cTfz2HZOKJ/EtDFPmRqQX85BTAlryzIPU60KfAancexx3Ix7gB89yuHvimWWrak2BF4mdkzLK0fDMr26Q0CxiMVBBlHJsKwV3RCRwKti41M0USwkdkB5zNI1JxJQ7mr4wxsdaCXCYSF0x4Kn6e2JEIqWGka87IwJ9Ne9NxP88J4Pwwh3xOM2AxXS2KMwEhgRP8sABl4yCGGpCqOT6Vkz7RBIKOrWSDsGef3mRtE6r9lm1dlMr1y/zOIroEB2hCrLROaqja9RATUTRI3pGr+jNeDJejHfjY9ZaMPKZffQHxucP7jSWfQ==</latexit>

p✓(wi | x0[i])



Reducing Rounding Error

Reality: there is still rounding error. 

Ideally, the model should predict  that lies exactly on a word embedding.x0

My ice cream is [BLANK]. 

melting

saving ❌

✅ “melting” and “saving” are close in the embedding space. 

But they are not substitutable in this context.

20

<latexit sha1_base64="IKHJaxjJgWgYMCHKwF07CjL4tgU="></latexit>

ŵi = argmax
wi

p✓(wi | xi)
<latexit sha1_base64="hrMSgDW6TJEHSptIhUpHApIBkAQ=">AAACAnicbVDLSsNAFJ3UV62vqCtxM1iEuimJFHVZdOOygn1AGsJkMmmHTh7M3KilFDf+ihsXirj1K9z5N07bLLT1wIXDOfdy7z1+KrgCy/o2CkvLK6trxfXSxubW9o65u9dSSSYpa9JEJLLjE8UEj1kTOAjWSSUjkS9Y2x9cTfz2HZOKJ/EtDFPmRqQX85BTAlryzIPU60KfAancexx3Ix7gB89yuHvimWWrak2BF4mdkzLK0fDMr26Q0CxiMVBBlHJsKwV3RCRwKti41M0USwkdkB5zNI1JxJQ7mr4wxsdaCXCYSF0x4Kn6e2JEIqWGka87IwJ9Ne9NxP88J4Pwwh3xOM2AxXS2KMwEhgRP8sABl4yCGGpCqOT6Vkz7RBIKOrWSDsGef3mRtE6r9lm1dlMr1y/zOIroEB2hCrLROaqja9RATUTRI3pGr+jNeDJejHfjY9ZaMPKZffQHxucP7jSWfQ==</latexit>

p✓(wi | x0[i])



<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT … <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
<latexit sha1_base64="TX79MgZJnRA7HUabSaBHBNH4mLQ=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5ct2Ae0Y8mkmTY0kwxJRi3DgJ/hxoUibv0Xd/6NmbYLbT1w4XDOveTkBDFn2rjut1NYWV1b3yhulra2d3b3yvsHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfJ377XuqNJPi1kxi6kd4KFjICDZWuutF2IyCMH3M+qmb9csVt+pOgZaJNycVmKPeL3/1BpIkERWGcKx113Nj46dYGUY4zUq9RNMYkzEe0q6lAkdU++k0dYZOrDJAoVR2hEFT9fdFiiOtJ1FgN/OUetHLxf+8bmLCKz9lIk4MFWT2UJhwZCTKK0ADpigxfGIJJorZrIiMsMLE2KJKtgRv8cvLpHVW9S6qXuO8Ums8zeoowhEcwyl4cAk1uIE6NIGAgmd4hTfnwXlx3p2P2WrBmVd4CH/gfP4AIauTYA==</latexit>x0…<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Reducing Rounding Error (training time)

predict  
Match the previous time step

<latexit sha1_base64="WoFDiGe66tabebSBMZF/CpgyGk0="></latexit>

Lsimple(x0) =
TX

t=1

E
q(xt|x0)

||µ̂✓(xt, t)� µt�1(xt, x0)||2



<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT … <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
<latexit sha1_base64="TX79MgZJnRA7HUabSaBHBNH4mLQ=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5ct2Ae0Y8mkmTY0kwxJRi3DgJ/hxoUibv0Xd/6NmbYLbT1w4XDOveTkBDFn2rjut1NYWV1b3yhulra2d3b3yvsHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfJ377XuqNJPi1kxi6kd4KFjICDZWuutF2IyCMH3M+qmb9csVt+pOgZaJNycVmKPeL3/1BpIkERWGcKx113Nj46dYGUY4zUq9RNMYkzEe0q6lAkdU++k0dYZOrDJAoVR2hEFT9fdFiiOtJ1FgN/OUetHLxf+8bmLCKz9lIk4MFWT2UJhwZCTKK0ADpigxfGIJJorZrIiMsMLE2KJKtgRv8cvLpHVW9S6qXuO8Ums8zeoowhEcwyl4cAk1uIE6NIGAgmd4hTfnwXlx3p2P2WrBmVd4CH/gfP4AIauTYA==</latexit>x0…<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Reducing Rounding Error (training time)

predict  
Match the previous time step

Intuition: Rounding happens all at the last step:   which is hard and prone 
to error. 

x1 → x0

<latexit sha1_base64="WoFDiGe66tabebSBMZF/CpgyGk0="></latexit>

Lsimple(x0) =
TX

t=1

E
q(xt|x0)

||µ̂✓(xt, t)� µt�1(xt, x0)||2



<latexit sha1_base64="TMxesqra9C7Qy70ywYokGYIFd2o=">AAAB9XicbVDLSgMxFL3xWeur6tJNsAiuyoyIuiy4cdlCX9COJZNm2tBMZkgyahkG/Aw3LhRx67+482/MtF1o64ELh3PuJSfHjwXXxnG+0crq2vrGZmGruL2zu7dfOjhs6ShRlDVpJCLV8YlmgkvWNNwI1okVI6EvWNsf3+R++54pzSPZMJOYeSEZSh5wSoyV7nohMSM/SB+zftrI+qWyU3GmwMvEnZMyzFHrl756g4gmIZOGCqJ113Vi46VEGU4Fy4q9RLOY0DEZsq6lkoRMe+k0dYZPrTLAQaTsSIOn6u+LlIRaT0LfbuYp9aKXi/953cQE117KZZwYJunsoSAR2EQ4rwAPuGLUiIklhCpus2I6IopQY4sq2hLcxS8vk9Z5xb2suPWLcrX+NKujAMdwAmfgwhVU4RZq0AQKCp7hFd7QA3pB7+hjtrqC5hUewR+gzx9YX5OE</latexit>xT … <latexit sha1_base64="K85eaTD2Rl7NpgXw+3yjlgTHSZk=">AAAB9XicbVDLSsNAFL2pr1pfVZdugkVwVRIRdVlw47IF+4A2lsl00g6dTMLMjVpCwM9w40IRt/6LO//GSduFth64cDjnXubM8WPBNTrOt1VYWV1b3yhulra2d3b3yvsHLR0lirImjUSkOj7RTHDJmshRsE6sGAl9wdr++Dr32/dMaR7JW5zEzAvJUPKAU4JGuuuFBEd+kD5m/RSzfrniVJ0p7GXizkkF5qj3y1+9QUSTkEmkgmjddZ0YvZQo5FSwrNRLNIsJHZMh6xoqSci0l05TZ/aJUQZ2ECkzEu2p+vsiJaHWk9A3m3lKvejl4n9eN8Hgyku5jBNkks4eChJhY2TnFdgDrhhFMTGEUMVNVpuOiCIUTVElU4K7+OVl0jqruhdVt3FeqTWeZnUU4QiO4RRcuIQa3EAdmkBBwTO8wpv1YL1Y79bHbLVgzSs8hD+wPn8AiP+TpA==</latexit>xt
<latexit sha1_base64="TX79MgZJnRA7HUabSaBHBNH4mLQ=">AAAB9XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG5ct2Ae0Y8mkmTY0kwxJRi3DgJ/hxoUibv0Xd/6NmbYLbT1w4XDOveTkBDFn2rjut1NYWV1b3yhulra2d3b3yvsHLS0TRWiTSC5VJ8CaciZo0zDDaSdWFEcBp+1gfJ377XuqNJPi1kxi6kd4KFjICDZWuutF2IyCMH3M+qmb9csVt+pOgZaJNycVmKPeL3/1BpIkERWGcKx113Nj46dYGUY4zUq9RNMYkzEe0q6lAkdU++k0dYZOrDJAoVR2hEFT9fdFiiOtJ1FgN/OUetHLxf+8bmLCKz9lIk4MFWT2UJhwZCTKK0ADpigxfGIJJorZrIiMsMLE2KJKtgRv8cvLpHVW9S6qXuO8Ums8zeoowhEcwyl4cAk1uIE6NIGAgmd4hTfnwXlx3p2P2WrBmVd4CH/gfP4AIauTYA==</latexit>x0…<latexit sha1_base64="ZtyXTq4a8w8RejZ+FdRE7eYhuk4=">AAAB+XicbVDLSsNAFJ3UV62vqEs3g0VwY0lE1GXBjcsW7APaECbTSTt0MgkzN8USAn6IGxeKuPVP3Pk3TtoutPXAhcM59zJnTpAIrsFxvq3S2vrG5lZ5u7Kzu7d/YB8etXWcKspaNBax6gZEM8ElawEHwbqJYiQKBOsE47vC70yY0jyWDzBNmBeRoeQhpwSM5Nt2PyIwCsLsMfczuHBz3646NWcGvErcBamiBRq+/dUfxDSNmAQqiNY910nAy4gCTgXLK/1Us4TQMRmynqGSREx72Sx5js+MMsBhrMxIwDP190VGIq2nUWA2i5x62SvE/7xeCuGtl3GZpMAknT8UpgJDjIsa8IArRkFMDSFUcZMV0xFRhIIpq2JKcJe/vEralzX3uuY2r6r15tO8jjI6QafoHLnoBtXRPWqgFqJogp7RK3qzMuvFerc+5qsla1HhMfoD6/MH5PuURw==</latexit>xt�1

Reducing Rounding Error (training time)

predict 
Match the noiseless data

Deterministic  
Mapback

<latexit sha1_base64="bSCf21eZ/fOMuLv6uU283ZSRZkM="></latexit>
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Reducing Rounding Error (training time)

predict 
Match the noiseless data

Intuition: Training to predict  at each diffusion step makes predicted  more 
precise and reduce rounding error.

x0 x0

Deterministic  
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Diffusion-LM: Diffusion based Language Models

1. What is diffusion model? 

2. Apply diffusion to text 

3. Discussion 

1. Distinction btw text and images  

2. Compare with autoregressive LM
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Discussion: Text v.s. Images
High frequency v.s. Low frequency

Low frequency ➡ the large scale structure of the images

Medium frequency ➡ the details. 

High frequency ➡ perceptually meaningless.  

Add high 
frequency noise

Perceptually 
similar

For text, what does high frequency even mean? 

High noise levels: build up the low-frequency components. 

Low noise levels: refine the high frequency details. 
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Discussion: Text v.s. Images
High frequency v.s. Low frequency

For text, what does high frequency even mean? 
e.g., the frequency can be defined as the rate of change in the embedding of the neighboring words. 

The high frequency components matters a lot for 
text, becuase it relates to token prediction, and it’s 
easy to notice bad ngrams. Add high 

frequency noise

Hurts ngram 
fluency

My ice cream is melting My ice skate is saving

The most natural way to capture high frequency components is to do next token prediction.  
But diffusion LM can still benefit from the low frequency (coarse-grained) planning… 
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Discussion: Diffusion v.s. Autoregressive
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Discussion: Diffusion v.s. Autoregressive

How human writes long text:

Core concepts  ➡ writing structure ➡ wording and phrasing 
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Very different
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Discussion: Diffusion v.s. Autoregressive

How human writes long text:

Core concepts  ➡ writing structure ➡ wording and phrasing 

How autoregressive LM produce long text:

Left-to-right. 

How diffusion LM produce long text:

Coarse-to-fine. 

Very different

More similar
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Autoregressive LM can be regarded as a special form of iterative 
refinement, where each step refines the next token. 

During training, autoregressive LM can obtain gradient signal from each 
refinement step, because we can parallelize all tokens by causal masking. 

Diffusion-LM’s refinement step denoises a particular noise level. 

For each forward pass, diffusion-LM can only obtain gradient signal from 
one noise level. 

Autoregressive LM  > diffusion-LM 
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Autoregressive LM  > diffusion-LM 
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Autoregressive LM  > diffusion-LM 

Autoregressive LM: O(sequence length)


Diffusion-LM: O(number of diffusion steps)
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Autoregressive LM  > diffusion-LM 

Autoregressive LM: O(sequence length)


Diffusion-LM: O(number of diffusion steps)

Diffusion-LM might become more beneficial with longer text.
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Autoregressive LM  > diffusion-LM 

Autoregressive LM: O(sequence length)


Diffusion-LM: O(number of diffusion steps)

But not all steps are equally costly. 

For autoregressive LM, we can use caching; 

For diffusion-LM, each step has to be recomputed. 

Diffusion-LM might become more beneficial with longer text.
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Flexible Decoding time steering

Autoregressive LM  > diffusion-LM 

Autoregressive LM  > diffusion-LM 
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Flexible Decoding time steering

Autoregressive LM  > diffusion-LM 

Autoregressive LM  > diffusion-LM 

1. Flexible Generation Order 
 Diffusion-LM  > Autoregressive LM  
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Discussion: Diffusion v.s. Autoregressive

Training Efficiency

Decoding Efficiency

Flexible Decoding time steering

Autoregressive LM  > diffusion-LM 

Autoregressive LM  > diffusion-LM 

1. Flexible Generation Order 
 Diffusion-LM  > Autoregressive LM  

Diffusion-LM  > Autoregressive LM  (Spoiler)

2. Controllable Text Generation



e.g., GPT-3

Text Generation

30

Pretrained LM

Sample from the LM



e.g., GPT-3

Text Generation

30

Harry Potter is graduated from Hogwarts…
Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…
To demonstrate the effectiveness of the method, the doctors conducted…

Generated Text

Pretrained LM

Sample from the LM



e.g., GPT-3

Text Generation

How to generate positive reviews about a coffee shop called Coupa? 
Coupa is a delicious coffee shop located on Stanford campus.

30

Harry Potter is graduated from Hogwarts…
Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…
To demonstrate the effectiveness of the method, the doctors conducted…

Generated Text

Pretrained LM

Sample from the LM



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1 Once upon a time, there are three little pigs… Control Critic

Frozen LM 

Parameters p(x)

p(c |x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1 Once upon a time, there are three little pigs… Control Critic
Query

Frozen LM 

Parameters p(x)

p(c |x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1 Once upon a time, there are three little pigs… Control Critic
Query

Steering Signal

Frozen LM 

Parameters p(x)

p(c |x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1

Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…

Attempt 2

Control Critic
Query

p(c |x)
Frozen LM 

Parameters p(x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1

Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…

Attempt 2

Control Critic

Steering Signal

Query

p(c |x)
Frozen LM 

Parameters p(x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1

Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…

Attempt 2

Attempt 3

Control Critic

Coupa is a great coffee shop originated from CA, … 

Query

p(c |x)
Frozen LM 

Parameters p(x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1

Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…

Attempt 2

Attempt 3

Control Critic

Coupa is a great coffee shop originated from CA, … 

Steering Signal

Query

p(c |x)
Frozen LM 

Parameters p(x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1

Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…

Attempt 2

Attempt 3

Control Critic

Coupa is a great coffee shop originated from CA, … 

Steering Signal

Query

✅ lightweight. Frozen LM; only need to specify the classifier. 

p(c |x)
Frozen LM 

Parameters p(x)

p(x |c) ∝ p(x)p(c |x)



Plug-and-play Control

How to Control Text Generation?
Goal: generate positive reviews about a coffee shop called Coupa? 

Pretrained LM

Attempt 1

Starbucks is a great coffee shop originated from Seattle, … 

Once upon a time, there are three little pigs…

Attempt 2

Attempt 3

Satisfaction Critic

Coupa is a great coffee shop originated from CA, … 

Steering Signal

Query

p(c |x)
Frozen LM 

Parameters p(x)

✅ lightweight. Frozen LM; only need to specify the classifier. 
✅ Enables composition.

Positive Sentiment

Semantic Content

p(x |c) ∝ p(x)p(c |x)



Controllable Generation
Goal: sample from
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Diffusion-LM

Gaussian Noise Word Vectors

Starbucks is a 
coffee shop.     …… … … …

Gradually Denoising Text
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<latexit sha1_base64="Gt8KirwRQOidnlPfrfG9q9Yg+xY=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkRdVlwo7sK9gHtWDJppg1NMkOSUcsw/+HGhSJu/Rd3/o2ZdhbaeiBwOOde7skJYs60cd1vZ2l5ZXVtvbRR3tza3tmt7O23dJQoQpsk4pHqBFhTziRtGmY47cSKYhFw2g7GV7nffqBKs0jemUlMfYGHkoWMYGOl+57AZhSE6VPWT92sX6m6NXcKtEi8glShQKNf+eoNIpIIKg3hWOuu58bGT7EyjHCalXuJpjEmYzykXUslFlT76TR1ho6tMkBhpOyTBk3V3xspFlpPRGAn85R63svF/7xuYsJLP2UyTgyVZHYoTDgyEcorQAOmKDF8YgkmitmsiIywwsTYosq2BG/+y4ukdVrzzmve7Vm1flPUUYJDOIIT8OAC6nANDWgCAQXP8ApvzqPz4rw7H7PRJafYOYA/cD5/APk0ktg=</latexit>x0
<latexit sha1_base64="A9bjQDcQNMnAZpx/Niz4vP2ZQSQ=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkoZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVS9u/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/8eRKA==</latexit>w

Gradient 
Update

Query  
Classifier

SentenceCritique Model



Controllable Generation
Goal: sample from

36

Diffusion-LM

Gaussian Noise Word Vectors

Starbucks is a 
coffee shop.     …… … … …

Gradually Denoising Text
<latexit sha1_base64="Ugt53At27ZybQnZ3g+ZGTC0Zuhc=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBHcWJIi6rLgRncV+oI2hMl00g6dTMLMpFhC/8SNC0Xc+ifu/BsnbRbaemDgcM693DMnSDhT2nG+rbX1jc2t7dJOeXdv/+DQPjpuqziVhLZIzGPZDbCinAna0kxz2k0kxVHAaScY3+V+Z0KlYrFo6mlCvQgPBQsZwdpIvm33I6xHQZg9zfyseVmb+XbFqTpzoFXiFqQCBRq+/dUfxCSNqNCEY6V6rpNoL8NSM8LprNxPFU0wGeMh7RkqcESVl82Tz9C5UQYojKV5QqO5+nsjw5FS0ygwk3lOtezl4n9eL9XhrZcxkaSaCrI4FKYc6RjlNaABk5RoPjUEE8lMVkRGWGKiTVllU4K7/OVV0q5V3euq+3hVqT8UdZTgFM7gAly4gTrcQwNaQGACz/AKb1ZmvVjv1sdidM0qdk7gD6zPH404k6A=</latexit>xT�2

<latexit sha1_base64="oE1vaNJSJnTuH6srP0s4jv9H3KU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgxpKIqMuCG91V6AvaUCbTSTt0Mgkzk2IJ+RM3LhRx65+482+ctFlo64GBwzn3cs8cP+ZMacf5tkpr6xubW+Xtys7u3v6BfXjUVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/ucv9zpRKxSLR1LOYeiEeCRYwgrWRBrbdD7Ee+0H6lA3S5oWbDeyqU3PmQKvELUgVCjQG9ld/GJEkpEITjpXquU6svRRLzQinWaWfKBpjMsEj2jNU4JAqL50nz9CZUYYoiKR5QqO5+nsjxaFSs9A3k3lOtezl4n9eL9HBrZcyESeaCrI4FCQc6QjlNaAhk5RoPjMEE8lMVkTGWGKiTVkVU4K7/OVV0r6sudc19/GqWn8o6ijDCZzCObhwA3W4hwa0gMAUnuEV3qzUerHerY/FaMkqdo7hD6zPH4uzk58=</latexit>xT�1
<latexit sha1_base64="mAVIrUGd8m4ErmVcl5qjQ1aVvnk=">AAAB9XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLgRncV+oI2lsl00g6dTMLMRC0h/+HGhSJu/Rd3/o2TNgttPTBwOOde7pnjx5wp7TjfVmlldW19o7xZ2dre2d2z9w/aKkokoS0S8Uh2fawoZ4K2NNOcdmNJcehz2vEn17nfeaBSsUg09TSmXohHggWMYG2k+36I9dgP0qdskDazgV11as4MaJm4BalCgcbA/uoPI5KEVGjCsVI914m1l2KpGeE0q/QTRWNMJnhEe4YKHFLlpbPUGToxyhAFkTRPaDRTf2+kOFRqGvpmMk+pFr1c/M/rJTq48lIm4kRTQeaHgoQjHaG8AjRkkhLNp4ZgIpnJisgYS0y0KapiSnAXv7xM2mc196Lm3p1X67dFHWU4gmM4BRcuoQ430IAWEJDwDK/wZj1aL9a79TEfLVnFziH8gfX5Ay/3kvw=</latexit>xT

<latexit sha1_base64="Gt8KirwRQOidnlPfrfG9q9Yg+xY=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkRdVlwo7sK9gHtWDJppg1NMkOSUcsw/+HGhSJu/Rd3/o2ZdhbaeiBwOOde7skJYs60cd1vZ2l5ZXVtvbRR3tza3tmt7O23dJQoQpsk4pHqBFhTziRtGmY47cSKYhFw2g7GV7nffqBKs0jemUlMfYGHkoWMYGOl+57AZhSE6VPWT92sX6m6NXcKtEi8glShQKNf+eoNIpIIKg3hWOuu58bGT7EyjHCalXuJpjEmYzykXUslFlT76TR1ho6tMkBhpOyTBk3V3xspFlpPRGAn85R63svF/7xuYsJLP2UyTgyVZHYoTDgyEcorQAOmKDF8YgkmitmsiIywwsTYosq2BG/+y4ukdVrzzmve7Vm1flPUUYJDOIIT8OAC6nANDWgCAQXP8ApvzqPz4rw7H7PRJafYOYA/cD5/APk0ktg=</latexit>x0
<latexit sha1_base64="A9bjQDcQNMnAZpx/Niz4vP2ZQSQ=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkoZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVS9u/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/8eRKA==</latexit>w

Gradient 
Update

Query  
Classifier

SentenceCritique Model



Controllable Generation
Goal: sample from

36

Diffusion-LM

Gaussian Noise Word Vectors

Starbucks is a 
coffee shop.     …… … … …

Gradually Denoising Text
<latexit sha1_base64="Ugt53At27ZybQnZ3g+ZGTC0Zuhc=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBHcWJIi6rLgRncV+oI2hMl00g6dTMLMpFhC/8SNC0Xc+ifu/BsnbRbaemDgcM693DMnSDhT2nG+rbX1jc2t7dJOeXdv/+DQPjpuqziVhLZIzGPZDbCinAna0kxz2k0kxVHAaScY3+V+Z0KlYrFo6mlCvQgPBQsZwdpIvm33I6xHQZg9zfyseVmb+XbFqTpzoFXiFqQCBRq+/dUfxCSNqNCEY6V6rpNoL8NSM8LprNxPFU0wGeMh7RkqcESVl82Tz9C5UQYojKV5QqO5+nsjw5FS0ygwk3lOtezl4n9eL9XhrZcxkaSaCrI4FKYc6RjlNaABk5RoPjUEE8lMVkRGWGKiTVllU4K7/OVV0q5V3euq+3hVqT8UdZTgFM7gAly4gTrcQwNaQGACz/AKb1ZmvVjv1sdidM0qdk7gD6zPH404k6A=</latexit>xT�2

<latexit sha1_base64="oE1vaNJSJnTuH6srP0s4jv9H3KU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgxpKIqMuCG91V6AvaUCbTSTt0Mgkzk2IJ+RM3LhRx65+482+ctFlo64GBwzn3cs8cP+ZMacf5tkpr6xubW+Xtys7u3v6BfXjUVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/ucv9zpRKxSLR1LOYeiEeCRYwgrWRBrbdD7Ee+0H6lA3S5oWbDeyqU3PmQKvELUgVCjQG9ld/GJEkpEITjpXquU6svRRLzQinWaWfKBpjMsEj2jNU4JAqL50nz9CZUYYoiKR5QqO5+nsjxaFSs9A3k3lOtezl4n9eL9HBrZcyESeaCrI4FCQc6QjlNaAhk5RoPjMEE8lMVkTGWGKiTVkVU4K7/OVV0r6sudc19/GqWn8o6ijDCZzCObhwA3W4hwa0gMAUnuEV3qzUerHerY/FaMkqdo7hD6zPH4uzk58=</latexit>xT�1
<latexit sha1_base64="mAVIrUGd8m4ErmVcl5qjQ1aVvnk=">AAAB9XicbVDLSsNAFL2pr1pfUZduBovgqiQi6rLgRncV+oI2lsl00g6dTMLMRC0h/+HGhSJu/Rd3/o2TNgttPTBwOOde7pnjx5wp7TjfVmlldW19o7xZ2dre2d2z9w/aKkokoS0S8Uh2fawoZ4K2NNOcdmNJcehz2vEn17nfeaBSsUg09TSmXohHggWMYG2k+36I9dgP0qdskDazgV11as4MaJm4BalCgcbA/uoPI5KEVGjCsVI914m1l2KpGeE0q/QTRWNMJnhEe4YKHFLlpbPUGToxyhAFkTRPaDRTf2+kOFRqGvpmMk+pFr1c/M/rJTq48lIm4kRTQeaHgoQjHaG8AjRkkhLNp4ZgIpnJisgYS0y0KapiSnAXv7xM2mc196Lm3p1X67dFHWU4gmM4BRcuoQ430IAWEJDwDK/wZj1aL9a79TEfLVnFziH8gfX5Ay/3kvw=</latexit>xT

<latexit sha1_base64="Gt8KirwRQOidnlPfrfG9q9Yg+xY=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclRkRdVlwo7sK9gHtWDJppg1NMkOSUcsw/+HGhSJu/Rd3/o2ZdhbaeiBwOOde7skJYs60cd1vZ2l5ZXVtvbRR3tza3tmt7O23dJQoQpsk4pHqBFhTziRtGmY47cSKYhFw2g7GV7nffqBKs0jemUlMfYGHkoWMYGOl+57AZhSE6VPWT92sX6m6NXcKtEi8glShQKNf+eoNIpIIKg3hWOuu58bGT7EyjHCalXuJpjEmYzykXUslFlT76TR1ho6tMkBhpOyTBk3V3xspFlpPRGAn85R63svF/7xuYsJLP2UyTgyVZHYoTDgyEcorQAOmKDF8YgkmitmsiIywwsTYosq2BG/+y4ukdVrzzmve7Vm1flPUUYJDOIIT8OAC6nANDWgCAQXP8ApvzqPz4rw7H7PRJafYOYA/cD5/APk0ktg=</latexit>x0
<latexit sha1_base64="A9bjQDcQNMnAZpx/Niz4vP2ZQSQ=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuCG91VsA9sS8mkd9rQTGZIMkoZ+hduXCji1r9x59+YaWehrQcCh3PuJecePxZcG9f9dgorq2vrG8XN0tb2zu5eef+gqaNEMWywSESq7VONgktsGG4EtmOFNPQFtvzxdea3HlFpHsl7M4mxF9Kh5AFn1FjpoRtSM/KD9GnaL1fcqjsDWSZeTiqQo94vf3UHEUtClIYJqnXHc2PTS6kynAmclrqJxpiyMR1ix1JJQ9S9dJZ4Sk6sMiBBpOyThszU3xspDbWehL6dzBLqRS8T//M6iQmueimXcWJQsvlHQSKIiUh2PhlwhcyIiSWUKW6zEjaiijJjSyrZErzFk5dJ86zqXVS9u/NK7TavowhHcAyn4MEl1OAG6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/8eRKA==</latexit>w

Gradient 
Update
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… …

Gradient 
Update

Query  
Classifier

Sentence

Controllable Generation

Critique Model

<latexit sha1_base64="vCXIb2WYdVE7Ab2pqWUoeYoR6Bk=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCHjxWMG2hDWWz3bZLN5uwOxFL6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwkQKg6777RTW1jc2t4rbpZ3dvf2D8uFR08SpZtxnsYx1O6SGS6G4jwIlbyea0yiUvBWOb2Z+65FrI2L1gJOEBxEdKjEQjKKV/KdehtNeueJW3TnIKvFyUoEcjV75q9uPWRpxhUxSYzqem2CQUY2CST4tdVPDE8rGdMg7lioacRNk82On5MwqfTKItS2FZK7+nshoZMwkCm1nRHFklr2Z+J/XSXFwHWRCJSlyxRaLBqkkGJPZ56QvNGcoJ5ZQpoW9lbAR1ZShzadkQ/CWX14lzYuqd1mt3dcq9ds8jiKcwCmcgwdXUIc7aIAPDAQ8wyu8Ocp5cd6dj0VrwclnjuEPnM8fOayO+g==</latexit>xt
<latexit sha1_base64="dzR9PmjCB+JmuMUreh1ZlKFBGss=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS1GNBDx4r2A9oQ9lsN+3SzSbsTsQS+iO8eFDEq7/Hm//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3Uz91iPXRsTqAccJ9yM6UCIUjKKVWk+9DM+9Sa9UdivuDGSZeDkpQ456r/TV7ccsjbhCJqkxHc9N0M+oRsEknxS7qeEJZSM64B1LFY248bPZuRNyapU+CWNtSyGZqb8nMhoZM44C2xlRHJpFbyr+53VSDK/9TKgkRa7YfFGYSoIxmf5O+kJzhnJsCWVa2FsJG1JNGdqEijYEb/HlZdK8qHiXlep9tVy7zeMowDGcwBl4cAU1uIM6NIDBCJ7hFd6cxHlx3p2PeeuKk88cwR84nz8WJI9s</latexit>xt�1

<latexit sha1_base64="mNB5pOqrdAOgevrFuzwhOxq1pfk=">AAACBXicbVC7SgNBFJ2NrxhfUUstBoMQC8OuBLUMaGEZwTwgCcvs7CQZMrO7zNwVw5LGxl+xsVDE1n+w82+cTbbQxAMXzpxzL3Pv8SLBNdj2t5VbWl5ZXcuvFzY2t7Z3irt7TR3GirIGDUWo2h7RTPCANYCDYO1IMSI9wVre6Cr1W/dMaR4GdzCOWE+SQcD7nBIwkls8jNwuDBmQ8oObwKkzwV3JfZw+JidusWRX7CnwInEyUkIZ6m7xq+uHNJYsACqI1h3HjqCXEAWcCjYpdGPNIkJHZMA6hgZEMt1LpldM8LFRfNwPlakA8FT9PZEQqfVYeqZTEhjqeS8V//M6MfQvewkPohhYQGcf9WOBIcRpJNjnilEQY0MIVdzsiumQKELBBFcwITjzJy+S5lnFOa9Ub6ul2nUWRx4doCNURg66QDV0g+qogSh6RM/oFb1ZT9aL9W59zFpzVjazj/7A+vwBvfyYGg==</latexit>

p✓(xt�1 | xt)

<latexit sha1_base64="33RWLGPf3BlAbnnInJjPcQMCjEU=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWAR6sKSSFGXBV24rGAf0IQwmUzboZMHMzdiCXXjr7hxoYhb/8Kdf+O0zUJbD1w4nHMv997jJ4IrsKxvo7C0vLK6VlwvbWxube+Yu3stFaeSsiaNRSw7PlFM8Ig1gYNgnUQyEvqCtf3h1cRv3zOpeBzdwShhbkj6Ee9xSkBLnnmQeA4MGJAKxU7IA/zgZXBqj088s2xVrSnwIrFzUkY5Gp755QQxTUMWARVEqa5tJeBmRAKngo1LTqpYQuiQ9FlX04iETLnZ9IMxPtZKgHux1BUBnqq/JzISKjUKfd0ZEhioeW8i/ud1U+hduhmPkhRYRGeLeqnAEONJHDjgklEQI00IlVzfiumASEJBh1bSIdjzLy+S1lnVPq/Wbmvl+nUeRxEdoiNUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58zFoLRj6zj/7A+PwBKVyWEg==</latexit>

p✓(c | xt�1)

Classifier  
score

Diffusion-LM  
transition

Update in the following gradient direction: 
<latexit sha1_base64="ab6BTaDRtdkWOc9AXnl/MDaIWEo=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgxbArQT0G9OAxgnlAsoTZySQZMju7zvSKYclPePGgiFd/x5t/4yTZgyYWNBRV3XR3BbEUBl3328mtrK6tb+Q3C1vbO7t7xf2DhokSzXidRTLSrYAaLoXidRQoeSvWnIaB5M1gdD31m49cGxGpexzH3A/pQIm+YBSt1HrqpnjmTUi3WHLL7gxkmXgZKUGGWrf41elFLAm5QiapMW3PjdFPqUbBJJ8UOonhMWUjOuBtSxUNufHT2b0TcmKVHulH2pZCMlN/T6Q0NGYcBrYzpDg0i95U/M9rJ9i/8lOh4gS5YvNF/UQSjMj0edITmjOUY0so08LeStiQasrQRlSwIXiLLy+TxnnZuyhX7iql6k0WRx6O4BhOwYNLqMIt1KAODCQ8wyu8OQ/Oi/PufMxbc042cwh/4Hz+AG41j5Y=</latexit>xt�1

……



Controlling Semantic Content

Results: 

Given a field (e.g., rating) and value (e.g., 5 star), generate a sentence that covers 
field=value. Report success rate by exact match of ‘value’. 


38

Task: 

Example: 
Semantic Content

Output Text

Food = Japanese
Browns Cambridge is good for Japanese food and also children 
friendly near The Sorrento .
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Takeaway: 

Diffusion-LM outperform other controllable generation baselines, and perform on par with

the fine-tuning oracle. 



Thanks :)


