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Second Order Method for DNNs
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• Flat/Sharp Local Minima: NeurIPS’18
• PyHessian: ICML’20
• Trust Region Adversarial: CVPR’20

• AdaHessian: 2020
• ABSA: 2019

• HAWQ: ICCV’19, NeurIPS’19
• Q-BERT: AAAI’20

Efficient Inference-Large-scale data centers- Edge Devices

Rapid Training- Need to test candidate NN models 

quickly and choose the right model

NN Architecture Design
- Find the right architecture for a target application



Quantifying “Sharpness”
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• At the origin, the first derivative of  y = 4x2, y =x2 ,  y =0.1 x2 is all the same: 0
• The second derivative give more information: 8 , 2, and 0.2 respectively 
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Second-order information 
• Refers to information about a function gained by computing its second derivative
• Reveals information about the function’s curvature.



What is second order information?
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Second-order information 
• Refers to information about a function gained by computing its second derivative
• Reveals information about the function’s curvature.

Li H, Xu Z, Taylor G, Studer C, Goldstein T. Visualizing the loss landscape of neural nets. NeurIPS’18, 2018



Opening the Black Box with Second Derivative

Pearlmutter BA. Fast exact multiplication by the Hessian. Neural computation. 1994.
Z. Yao*, A. Gholami*, Q. Lei, K. Keutzer, M. Mahoney, Hessian-based Analysis of Large Batch Training and Robustness to Adversaries, NeurIPS’18, 2018.
Z. Yao*, A. Gholami*, K. Keutzer, M. Mahoney, PyHessian: Neural Networks Through the Lens of the Hessian Spotlight at ICML’20 workshop on Beyond First-Order Optimization Methods in Machine 
Learning, 2020.
Code: https://github.com/amirgholami/PyHessian
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Hessian: H 2 Rd⇥d

<latexit sha1_base64="VWCC/TuiOdmQCz93Jk7z0AyLejY=">AAACG3icbVBNS8NAEN34bf2qevSyWARPJZGC4kn00qOK1UJTy2YzqYubTdidiCXkf3jxr3jxoIgnwYP/xk3tQVsfDDzem2FmXpBKYdB1v5yp6ZnZufmFxcrS8srqWnV949IkmebQ4olMdDtgBqRQ0EKBEtqpBhYHEq6C25PSv7oDbUSiLnCQQjdmfSUiwRlaqVfd8xHuMW+CMYKpQ1r4QZQ3C18o6scMb4IgPy+u89BHEYOhYVGp9Ko1t+4OQSeJNyI1MsJpr/rhhwnPYlDIJTOm47kpdnOmUXAJRcXPDKSM37I+dCxVzG7q5sPfCrpjlZBGibalkA7V3xM5i40ZxIHtLO81414p/ud1MowOurlQaYag+M+iKJMUE1oGRUOhgaMcWMK4FvZWym+YZhxtnGUI3vjLk+Ryr+416o2zRu3oeBTHAtki22SXeGSfHJEmOSUtwskDeSIv5NV5dJ6dN+f9p3XKGc1skj9wPr8BOfehfw==</latexit>
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Input: x

<latexit sha1_base64="paDfCqScNBZppSX9WtqBgq8q+1s=">AAAB+HicbVBNS8NAEN3Ur1o/GvXoZbEInkoiBcVT0YveKtgPaEPZbDft0s0m7E6kNfSXePGgiFd/ijf/jZs2B219MPB4b4aZeX4suAbH+bYKa+sbm1vF7dLO7t5+2T44bOkoUZQ1aSQi1fGJZoJL1gQOgnVixUjoC9b2xzeZ335kSvNIPsA0Zl5IhpIHnBIwUt8u94BNIL2TcQJXeDbp2xWn6syBV4mbkwrK0ejbX71BRJOQSaCCaN11nRi8lCjgVLBZqZdoFhM6JkPWNVSSkGkvnR8+w6dGGeAgUqYk4Ln6eyIlodbT0DedIYGRXvYy8T+vm0Bw6aU8+4pJulgUJAJDhLMU8IArRkFMDSFUcXMrpiOiCAWTVcmE4C6/vEpa51W3Vq3d1yr16zyOIjpGJ+gMuegC1dEtaqAmoihBz+gVvVlP1ov1bn0sWgtWPnOE/sD6/AHrrJND</latexit>

Output: ŷ

<latexit sha1_base64="IokUQDSbsPlmfSjU9MPLiBFbSdg=">AAAB/nicbVBNS8NAEN34WetXVDx5WSyCp5JIQfFU9OLNCvYDmlA22027dLMJuxMxhIJ/xYsHRbz6O7z5b9y2OWjrg4HHezPMzAsSwTU4zre1tLyyurZe2ihvbm3v7Np7+y0dp4qyJo1FrDoB0UxwyZrAQbBOohiJAsHaweh64rcfmNI8lveQJcyPyEDykFMCRurZhx6wR8hvU0hSuMRjb0gAZz274lSdKfAicQtSQQUaPfvL68c0jZgEKojWXddJwM+JAk4FG5e9VLOE0BEZsK6hkkRM+/n0/DE+MUofh7EyJQFP1d8TOYm0zqLAdEYEhnrem4j/ed0Uwgs/59K8xiSdLQpTgSHGkyxwnytGQWSGEKq4uRXTIVGEgkmsbEJw519eJK2zqlur1u5qlfpVEUcJHaFjdIpcdI7q6AY1UBNRlKNn9IrerCfrxXq3PmatS1Yxc4D+wPr8AVbTlbo=</latexit>

Loss Landscape

<latexit sha1_base64="uEHaqLQfMVxhX8ISUkpYPgYlBfI=">AAAB/nicbVA9SwNBEN2LXzF+RcXKZjEIVuFOAloGbSxSRDAxkBxhb2+SLNnbO3bnxHAE/Cs2ForY+jvs/DduPgpNfDDweG+GmXlBIoVB1/12ciura+sb+c3C1vbO7l5x/6Bp4lRzaPBYxroVMANSKGigQAmtRAOLAgn3wfB64t8/gDYiVnc4SsCPWF+JnuAMrdQtHnUQHjGrxcbQGlOh4SyBcbdYcsvuFHSZeHNSInPUu8WvThjzNAKFXDJj2p6boJ8xjYJLGBc6qYGE8SHrQ9tSxSIwfjY9f0xPrRLSXqxtKaRT9fdExiJjRlFgOyOGA7PoTcT/vHaKvUs/EypJERSfLeqlkmJMJ1nQUGjgKEeWMK6FvZXyAdOMo02sYEPwFl9eJs3zslcpV24rperVPI48OSYn5Ix45IJUyQ2pkwbhJCPP5JW8OU/Oi/PufMxac8585pD8gfP5A5xSlek=</latexit>

Gradient: g 2 Rd

<latexit sha1_base64="PNP/MoOeQEIjZhqYU3h7+fc9HsM=">AAACEHicbVC7TsMwFHXKq5RXgZHFokIwVQmqBGKqYICxIPqQmlI5jtNadZzIvkFUUT6BhV9hYQAhVkY2/gb3MUDLkSwdnXPv9b3HiwXXYNvfVm5hcWl5Jb9aWFvf2Nwqbu80dJQoyuo0EpFqeUQzwSWrAwfBWrFiJPQEa3qDi5HfvGdK80jewjBmnZD0JA84JWCkbvHQBfYA6aUiPmcSznDmekHay1wusRsS6HteepPd+d1iyS7bY+B54kxJCU1R6xa/XD+iSWiGUkG0bjt2DJ2UKOBUsKzgJprFhA5Ij7UNlSRkupOOD8rwgVF8HETKPAl4rP7uSEmo9TD0TOVoRz3rjcT/vHYCwWkn5TJOgEk6+ShIBIYIj9LBPleMghgaQqjiZldM+0QRCibDggnBmT15njSOy06lXLmulKrn0zjyaA/toyPkoBNURVeohuqIokf0jF7Rm/VkvVjv1sekNGdNe3bRH1ifP4M2nYU=</latexit>
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Forming the Hessian is computationally 

infeasible:

For ResNet50 with 24M params Hessian is 

a matrix of size 24Mx24M

But what if we just approximate the 

Hessian?

Idea: Use Hessian diagonal

Using Hessian Diagonal

g =

<latexit sha1_base64="sS59k62MOjdlc6UHLkFBFtBqvWA=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoBeh6MVjFfsBbSib7aZdutmE3YlQQv+BFw+KePUfefPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8e3Mbz9xbUSsHnGScD+iQyVCwSha6WF43S9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6ZScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uwys/EypJkSu2WBSmkmBMZm+TgdCcoZxYQpkW9lbCRlRThjackg3BW355lbQuql6tWruvVeo3eRxFOIFTOAcPLqEOd9CAJjAI4Rle4c0ZOy/Ou/OxaC04+cwx/IHz+QNQiY05</latexit>

Diag(H) =

<latexit sha1_base64="3ZZAF47H6wb41P1n01pWPiIowOA=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BItQL2VXCnoRinrosYL9gHYp2TTbhmaza5IVytI/4cWDIl79O978N6btHrT1wcDjvRlm5vmx4No4zjfKra1vbG7ltws7u3v7B8XDo5aOEkVZk0YiUh2faCa4ZE3DjWCdWDES+oK1/fHtzG8/MaV5JB/MJGZeSIaSB5wSY6XOHSfDcv38ul8sORVnDrxK3IyUIEOjX/zqDSKahEwaKojWXdeJjZcSZTgVbFroJZrFhI7JkHUtlSRk2kvn907xmVUGOIiULWnwXP09kZJQ60no286QmJFe9mbif143McGVl3IZJ4ZJulgUJAKbCM+exwOuGDViYgmhittbMR0RRaixERVsCO7yy6ukdVFxq5XqfbVUu8niyMMJnEIZXLiEGtShAU2gIOAZXuENPaIX9I4+Fq05lM0cwx+gzx+38Y8c</latexit>

Pearlmutter BA. Fast exact multiplication by the Hessian. Neural computation. 1994.
Costas Bekas, Effrosyni Kokiopoulou, and Yousef Saad. An estimator for the diagonal of a matrix. Applied numerical mathematics, 57(11-12):1214– 1229, 2007
Z. Yao*, A. Gholami*, Q. Lei, K. Keutzer, M. Mahoney, Hessian-based Analysis of Large Batch Training and Robustness to Adversaries, NeurIPS’18, 2018.
Z. Yao*, A. Gholami*, K. Keutzer, M. Mahoney, PyHessian: Neural Networks Through the Lens of the Hessian, Spotlight at ICML’20 workshop on Beyond First-Order Optimization Methods in Machine 
Learning Workshop, 2020.
Code: https://github.com/amirgholami/PyHessian



Hutchinson’s Algorithm

v

<latexit sha1_base64="ZBr8bM3lHIlNnRBCzsAfnNEftt4=">AAAAAHicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N4US+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikpeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPx/dxvT1BpHstHM03Qj+hQ8pAzaqzUmPTLFbfqLkDWiZeTCuSo98tfvUHM0gilYYJq3fXcxPgZVYYzgbNSL9WYUDamQ+xaKmmE2s8Wh87IhVUGJIyVLWnIQv09kdFI62kU2M6ImpFe9ebif143NeGtn3GZpAYlWy4KU0FMTOZfkwFXyIyYWkKZ4vZWwkZUUWZsNiUbgrf68jppXVW966rbuK7U7vI4inAG53AJHtxADR6gDk1ggPAMr/DmPDkvzrvzsWwtOPnMKfyB8/kD5C+M/Q==</latexit>

H

<latexit sha1_base64="HgwMJSvjChksGSGoyMqa1itVQFg=">AAAAAHicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ/dzvPKHSPJYPZpqgH9GR5CFn1FipWR+UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasJbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp611W3eV2p3eVxFOEMzuESPLiBGtShAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kDnneMzw==</latexit>

vT

<latexit sha1_base64="NYJJ+Hs+s5BMDF6KqpKfgvaTfr8=">AAAAAHicbVDLSgNBEOyNrxhfUY9eBoPgKexKQI9BLx4j5gXJGmYns8mQ2dllpjcQQj7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTm5jc2t7J79b2Ns/ODwqHp80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju7nfGnNtRKzqOEm4H9GBEqFgFK30OH6q94olt+wuQNaJl5ESZKj1il/dfszSiCtkkhrT8dwE/SnVKJjks0I3NTyhbEQHvGOpohE3/nRx6oxcWKVPwljbUkgW6u+JKY2MmUSB7YwoDs2qNxf/8zophjf+VKgkRa7YclGYSoIxmf9N+kJzhnJiCWVa2FsJG1JNGdp0CjYEb/XlddK8KnuVsvtQKVVvszjycAbncAkeXEMV7qEGDWAwgGd4hTdHOi/Ou/OxbM052cwp/IHz+QM9KY3D</latexit>

Z. Yao*, A. Gholami*, Q. Lei, K. Keutzer, M. Mahoney, Hessian-based Analysis of Large Batch Training and Robustness to Adversaries, NeurIPS’18, 2018.
Z. Yao*, A. Gholami*, K. Keutzer, M. Mahoney, PyHessian: Neural Networks Through the Lens of the Hessian, arxiv:1912.07145
Code: https://github.com/amirgholami/PyHessian



How to Compute Sharpness?

• How to compute Hessian matrix vector multiply without forming Hessian?

Z. Yao*, A. Gholami*, Q. Lei, K. Keutzer, M. Mahoney, Hessian-based Analysis of Large Batch Training and Robustness to Adversaries, NeurIPS’18, 2018.
Code: https://github.com/amirgholami/PyHessian

H

<latexit sha1_base64="HgwMJSvjChksGSGoyMqa1itVQFg=">AAAAAHicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRS48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ/dzvPKHSPJYPZpqgH9GR5CFn1FipWR+UK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasJbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp611W3eV2p3eVxFOEMzuESPLiBGtShAS1ggPAMr/DmPDovzrvzsWwtOPnMKfyB8/kDnneMzw==</latexit>

v

<latexit sha1_base64="ZBr8bM3lHIlNnRBCzsAfnNEftt4=">AAAAAHicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cW7Ae0oWy2k3btZhN2N4US+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikpeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPx/dxvT1BpHstHM03Qj+hQ8pAzaqzUmPTLFbfqLkDWiZeTCuSo98tfvUHM0gilYYJq3fXcxPgZVYYzgbNSL9WYUDamQ+xaKmmE2s8Wh87IhVUGJIyVLWnIQv09kdFI62kU2M6ImpFe9ebif143NeGtn3GZpAYlWy4KU0FMTOZfkwFXyIyYWkKZ4vZWwkZUUWZsNiUbgrf68jppXVW966rbuK7U7vI4inAG53AJHtxADR6gDk1ggPAMr/DmPDkvzrvzsWwtOPnMKfyB8/kD5C+M/Q==</latexit>
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T
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dg
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v

<latexit sha1_base64="Tz4BTrSNdgNEwiqanrd0buVgUB8=">AAAAAHicjZBLSwMxFIUzVWutr6pLN8EiCEKZkYJuhKKbLiv0IbRjyWQybWjmQXKnUIb5gW5cuPNXuHGhiGDaDmhbFx4IHL5zL0mOEwmuwDRfjNza+kZ+s7BV3N7Z3dsvHRy2VRhLylo0FKG8d4higgesBRwEu48kI74jWMcZ3U7zzphJxcOgCZOI2T4ZBNzjlIBG/RKtj/E17nmS0MQdPDTHaeL2YMiApAv8B4/xOdYgi/4xX+yXymbFnAmvGiszZZSp0S8999yQxj4LgAqiVNcyI7ATIoFTwdJiL1YsInREBqyrbUB8puxkVkaKTzVxsRdKfQLAM/p7IyG+UhPf0ZM+gaFazqbwr6wbg3dlJzyIYmABnV/kxQJDiKfNYpdLRkFMtCFUcv1WTIdEFwK6/2kJ1vKXV037omJVK+ZdtVy7yeoooGN0gs6QhS5RDdVRA7UQRY/oFb2jD+PJeDM+ja/5aM7Ido7QgnL5b8iutPs=</latexit>

g =
dL

d✓

<latexit sha1_base64="oH0Aotll5aLhd4iGey/55UpAXy0=">AAAAAHicbVBNS8NAEN34WetXVPDiZbEInkoiBb0IRS8ePFSwH9CEstls2qWbTdidCCX24F/x4kERr/4Nb/4bt20O2vpg4PHeDDPzglRwDY7zbS0tr6yurZc2yptb2zu79t5+SyeZoqxJE5GoTkA0E1yyJnAQrJMqRuJAsHYwvJ747QemNE/kPYxS5sekL3nEKQEj9ezDPr7EXqQIzcPbcR56MGBAxj274lSdKfAicQtSQQUaPfvLCxOaxUwCFUTrruuk4OdEAaeCjctepllK6JD0WddQSWKm/Xx6/xifGCXEUaJMScBT9fdETmKtR3FgOmMCAz3vTcT/vG4G0YWfc5lmwCSdLYoygSHBkzBwyBWjIEaGEKq4uRXTATFhgImsbEJw519eJK2zqlurOne1Sv2qiKOEjtAxOkUuOkd1dIMaqIkoekTP6BW9WU/Wi/Vufcxal6xi5gD9gfX5A58zldw=</latexit>



Hessian-vector Product
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For a lot of applications, the explicit form of Hessian is not needed. The only requirement is the 
Hessian-vector product:

@g
T
v

@w
=

@g
T

@w
v + g

T @v

@w
=

@g
T

@w
v = Hv.

<latexit sha1_base64="NsRQv2wYAfyEVrubNH+ux79QWMI=">AAACe3iclVFbS8MwFE7rbdbb1EdBgkUcKqOVib4MBr7sccJusM6RZukWll5I0soo/RP+NN/8J74IpttAt/nigcB3vvOdk+Q7bsSokJb1oekbm1vbO4VdY2//4PCoeHzSFmHMMWnhkIW86yJBGA1IS1LJSDfiBPkuIx138pTXOwnhgoZBU04j0vfRKKAexUgqalB8czyOcOpEiEuKGBy9NJPsJ33NYBWuS5YUCbzJuRXV/6dUYR0mZcMYFE2rbM0CrgN7AUywiMag+O4MQxz7JJCYISF6thXJfpqPxoxkhhMLEiE8QSPSUzBAPhH9dOZdBi8VM4ReyNUJJJyxvztS5Asx9V2l9JEci9VaTv5V68XSe+ynNIhiSQI8v8iLGZQhzBcBh5QTLNlUAYQ5VW+FeIyUR1KtKzfBXv3yOmjfle1KufJcMWuVhR0FcAYuQAnY4AHUQB00QAtg8Kmda1daSfvSTf1av51LdW3RcwqWQr//BqxYwWE=</latexit>



PyHessian Library
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PyHessian enables:
• Top-k eigenvalues 
• Hessian Diagonal
• Hessian Trace 
• Estimated Spectral Distribution

PyHessian: https://github.com/amirgholami/PyHessian

https://github.com/amirgholami/PyHessian


Choosing the right hyper-parameters for optimizing a NN training 

has become a dark-art!

Problems with existing first-order solutions:

o Brute force hyper-parameters tuning

o Even the choice of the optimizer is a hyper-parameter!

Task CV NLP Recommendation System

Optimizer Choice SGD AdamW Adagrad

11

Motivation
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SGD Based Training

min
w

E(w) =
1

N

NX

i=1

cost(w, xi)

<latexit sha1_base64="iYsxDH1cWX8ns1HV5HS/xd6/44U="></latexit>

w1 = w0 � �

B

BX

i=1

@Ei(w0)

@w

<latexit sha1_base64="N61LiSuWW2TwyM9YHHbWmxHormM="></latexit>
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Hessian for DNNs
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Loss: min
w

E =
NX

i=1

l(f(xi;w), yi)

<latexit sha1_base64="cfS7XwWLFryKkVpbP5xx/q8mayQ=">AAACH3icbVBNSwMxEM36bf2qevQSLEoFKbtSVBShIIIHEQWrQrcu2TTbhibZJZlVy9J/4sW/4sWDIuKt/8a09uDXg4HHezPMzAsTwQ24bs8ZGR0bn5icms7NzM7NL+QXly5NnGrKqjQWsb4OiWGCK1YFDoJdJ5oRGQp2FbYP+/7VLdOGx+oCOgmrS9JUPOKUgJWC/Pa6D+wespPYmD3c9SVXwR0+wgfYN6kMMn7gdW9OsShGxf uA799tbOJOwDeCfMEtuQPgv8QbkgIa4izIf/iNmKaSKaCCGFPz3ATqGdHAqWDdnJ8alhDaJk1Ws1QRyUw9G/zXxWtWaeAo1rYU4IH6fSIj0piODG2nJNAyv72++J9XSyHarWdcJSkwRb8WRanAEON+WLjBNaMgOpYQqrm9FdMW0YSCjTRnQ/B+v/yXXG6VvHKpfF4uVMrDOKbQClpFReShHVRBx+gMVRFFD+gJvaBX59F5dt6c96/WEWc4s4x+wOl9AuOWoPA=</latexit>

Gradient:
@E

@w
2 R|W |

<latexit sha1_base64="QRu8/A3ibSg4qbNHwo07maWjCEQ="></latexit>

Hessian:
@2E

@w2
2 R|W |⇥|W |

<latexit sha1_base64="+4Rr+MMK1RzsaiA1XHH0Qfn8bXU="></latexit>
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8

2
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Forming the Hessian is computationally 
infeasible: For ResNet50 with 24M 
parameters, the Hessian is a matrix of size 
24Mx24M (more than 2PB storage).



14

AdaHessian

Hessian:
@2E

@w2
2 R|W |⇥|W |

<latexit sha1_base64="DMdIZw5ePVS++0B8bNVGypE6MvU="></latexit>



Only learning rate and space averaging block 
size are tuned for ADAHESSIAN
Higher BLEU score is better

15

Results on Machine Translation/Language Modeling

Z Yao*, A Gholami*, S Shen, M. Mustafa, K Keutzer, MW Mahoney, ADAHESSIAN: An Adaptive Second Order Optimizer for Machine Learning, arXiv: 2006.00719

Only learning rate and space averaging 
block size are tuned for ADAHESSIAN
Lower perplexity is better



AdaHessian Library

16AdaHessian: https://github.com/amirgholami/adahessian

https://github.com/amirgholami/adahessian


Second Order Method for DNNs

17

• Flat/Sharp Local Minima: NeurIPS’18
• PyHessian: ICML’20
• Trust Region Adversarial: CVPR’20

• AdaHessian: 2020
• ABSA: 2019

• HAWQ: ICCV’19, NeurIPS’19
• Q-BERT: AAAI’20

Efficient Inference-Large-scale data centers- Edge Devices

Rapid Training- Need to test candidate NN models 

quickly and choose the right model

NN Architecture Design
- Find the right architecture for a target application
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Please contact us if you have any questions:

{zheweiy, amirgh} @ berkeley.edu

Hessian tutorial: https://github.com/amirgholami/PyHessian/tree/master/pyhessian
AdaHessian tutorial: https://github.com/yaozhewei/analyze_ada_hessian

Thank You!

https://github.com/amirgholami/PyHessian/tree/master/pyhessian
https://github.com/yaozhewei/analyze_ada_hessian

