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Adam and learning rate

But it can depend on the batch size:

And on image resolution:
https://github.com/huggingface/pytorch-image-models

https://github.com/NVlabs/stylegan/blob/master/train.py

And on the network:
https://github.com/ajbrock/BigGAN-PyTorch

The goal: 
an automatic scheduler
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A recap of Adam

Compute the gradient 
We omit stochasticity for simplicity
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Momentum estimate of gradients



A recap of Adam

Coordinate-wise estimates of gradient magnitudes



A recap of Adam

Estimate gradient and divide by its magnitude



A recap of Adam

Many hyper parameters  
but they work most of the time
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Why bother with convexity?

1. We’re not tackling nonconvexity here 
2. Makes derivation much easier 
3. We have to run a lot of experiments anyway 
4. We do care a lot about non smoothness



Talk plan

1. The motivation 
2. The prehistory 
3. DoG and DoWG 
4. D-Adaptation 
5. Prodigy 
6. Conclusion
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But how do we know ?f(x*)
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<latexit sha1_base64="SIsZO/MSZypXUqYmvAP9CJtIRcM=">AAAB/XicbVDLSgMxFL1TX7W+6mPnJliEurDMFF/LohuXFewDOkPJpJk2NJMZkoxQh+KvuHGhiFv/w51/Y9rOQlsPXDicc29y7/FjzpS27W8rt7S8srqWXy9sbG5t7xR395oqSiShDRLxSLZ9rChngjY005y2Y0lx6HPa8oc3E7/1QKVikbjXo5h6Ie4LFjCCtZG6xYPTKnKZQG6MpWaYo6Bsn3SLJbtiT4EWiZOREmSod4tfbi8iSUiFJhwr1XHsWHvp5EnC6bjgJorGmAxxn3YMFTikykun24/RsVF6KIikKaHRVP09keJQqVHom84Q64Ga9ybif14n0cGVlzIRJ5oKMvsoSDjSEZpEgXpMUqL5yBBMJDO7IjLAEhNtAiuYEJz5kxdJs1pxLirnd2el2nUWRx4O4QjK4MAl1OAW6tAAAo/wDK/wZj1ZL9a79TFrzVnZzD78gfX5A/Dsk58=</latexit>

�2 2 @f(0)
<latexit sha1_base64="8lQ9yLODEXwvQRru7CcWzGYmcFo=">AAACCnicbVC7TsMwFHV4lvIKMLIYKqQytEqq8hgrWBiLRB9SEyrHcVqrjhPZDlIVdWbhV1gYQIiVL2Djb3DaDNBypCsdnXOvfe/xYkalsqxvY2l5ZXVtvbBR3Nza3tk19/bbMkoEJi0csUh0PSQJo5y0FFWMdGNBUOgx0vFG15nfeSBC0ojfqXFM3BANOA0oRkpLffOoUnOwHyloW/dppT6BDuXQiZFQFDEYlK3TvlmyqtYUcJHYOSmBHM2++eX4EU5CwhVmSMqebcXKTbMnMSOTopNIEiM8QgPS05SjkEg3nZ4ygSda8WEQCV1cwan6eyJFoZTj0NOdIVJDOe9l4n9eL1HBpZtSHieKcDz7KEgYVBHMcoE+FQQrNtYEYUH1rhAPkUBY6fSKOgR7/uRF0q5V7fPq2W291LjK4yiAQ3AMysAGF6ABbkATtAAGj+AZvII348l4Md6Nj1nrkpHPHIA/MD5/AK64mF8=</latexit>

�2 · 10�4 2 @f(0)

<latexit sha1_base64="4n3S/gWcKGhRqPZuHmRQ6zZpU94=">AAACGHicbVDJSgNBEO1xjXGLevTSmAgRJM4EXI5BL3qLYBbIhNDTqZk06ekZunvEkOQzvPgrXjwo4jU3/8bOctDEBwWP96qoqufFnClt29/W0vLK6tp6aiO9ubW9s5vZ26+qKJEUKjTikax7RAFnAiqaaQ71WAIJPQ41r3sz9muPIBWLxIPuxdAMSSCYzyjRRmplzu58nAtcJrAbE6kZ4djPP53kTnHOHQTuIIeZwiEQwUTAQalWJmsX7AnwInFmJItmKLcyI7cd0SQEoSknSjUcO9bN/ngX5TBMu4mCmNAuCaBhqCAhqGZ/8tgQHxuljf1ImhIaT9TfE30SKtULPdMZEt1R895Y/M9rJNq/avaZiBMNgk4X+QnHOsLjlHCbSaCa9wwhVDJzK6YdIgnVJsu0CcGZf3mRVIsF56Jwfl/Mlq5ncaTQITpCeeSgS1RCt6iMKoiiZ/SK3tGH9WK9WZ/W17R1yZrNHKA/sEY/m+SeTw==</latexit>

If g 2 @f(x), kgk is meaningless



Normalized Gradient by Shor

<latexit sha1_base64="G8+5h9lFGVoUHh3h+IKxzaZxY48=">AAACFXicbZBNS8MwGMfT+TbnW9Wjl+AQBHW04ttFGHrxOMG9wDpKmqVbaJqWJJWNrl/Ci1/FiwdFvAre/DZmWw86fSDkx///PCTP34sZlcqyvozC3PzC4lJxubSyura+YW5uNWSUCEzqOGKRaHlIEkY5qSuqGGnFgqDQY6TpBddjv3lPhKQRv1PDmHRC1OPUpxgpLbnm4cBNgwM7g5dw4AbwCDqIxX2k0fEFwmnPDbLUGenLGWWuWbYq1qTgX7BzKIO8aq756XQjnISEK8yQlG3bilUnRUJRzEhWchJJYoQD1CNtjRyFRHbSyVYZ3NNKF/qR0IcrOFF/TqQolHIYerozRKovZ72x+J/XTpR/0UkpjxNFOJ4+5CcMqgiOI4JdKghWbKgBYUH1XyHuI52G0kGWdAj27Mp/oXFcsc8qp7cn5epVHkcR7IBdsA9scA6q4AbUQB1g8ACewAt4NR6NZ+PNeJ+2Fox8Zhv8KuPjG3cunnU=</latexit>

xk+1 = xk � ↵k
gk

kgkk

<latexit sha1_base64="TmykQyRNZZb5IwlCvs8BTT0CzYU="></latexit>

min
x2Rd

f(x) Oracle: gk 2 @f(xk)Problem:



Normalized Gradient by Shor

<latexit sha1_base64="G8+5h9lFGVoUHh3h+IKxzaZxY48=">AAACFXicbZBNS8MwGMfT+TbnW9Wjl+AQBHW04ttFGHrxOMG9wDpKmqVbaJqWJJWNrl/Ci1/FiwdFvAre/DZmWw86fSDkx///PCTP34sZlcqyvozC3PzC4lJxubSyura+YW5uNWSUCEzqOGKRaHlIEkY5qSuqGGnFgqDQY6TpBddjv3lPhKQRv1PDmHRC1OPUpxgpLbnm4cBNgwM7g5dw4AbwCDqIxX2k0fEFwmnPDbLUGenLGWWuWbYq1qTgX7BzKIO8aq756XQjnISEK8yQlG3bilUnRUJRzEhWchJJYoQD1CNtjRyFRHbSyVYZ3NNKF/qR0IcrOFF/TqQolHIYerozRKovZ72x+J/XTpR/0UkpjxNFOJ4+5CcMqgiOI4JdKghWbKgBYUH1XyHuI52G0kGWdAj27Mp/oXFcsc8qp7cn5epVHkcR7IBdsA9scA6q4AbUQB1g8ACewAt4NR6NZ+PNeJ+2Fox8Zhv8KuPjG3cunnU=</latexit>

xk+1 = xk � ↵k
gk

kgkk

<latexit sha1_base64="TmykQyRNZZb5IwlCvs8BTT0CzYU="></latexit>

min
x2Rd

f(x) Oracle: gk 2 @f(xk)Problem:

<latexit sha1_base64="l0D3mCm4nLusnKt9BI6tZQ2Srx0="></latexit>

Theorem. For nonsmooth f with kgkk  G, ↵k = Dp
k

min
kn

[f(xk)� f⇤] = eO
✓
GD
p
n

◆
.



Normalized Gradient by Shor

<latexit sha1_base64="G8+5h9lFGVoUHh3h+IKxzaZxY48=">AAACFXicbZBNS8MwGMfT+TbnW9Wjl+AQBHW04ttFGHrxOMG9wDpKmqVbaJqWJJWNrl/Ci1/FiwdFvAre/DZmWw86fSDkx///PCTP34sZlcqyvozC3PzC4lJxubSyura+YW5uNWSUCEzqOGKRaHlIEkY5qSuqGGnFgqDQY6TpBddjv3lPhKQRv1PDmHRC1OPUpxgpLbnm4cBNgwM7g5dw4AbwCDqIxX2k0fEFwmnPDbLUGenLGWWuWbYq1qTgX7BzKIO8aq756XQjnISEK8yQlG3bilUnRUJRzEhWchJJYoQD1CNtjRyFRHbSyVYZ3NNKF/qR0IcrOFF/TqQolHIYerozRKovZ72x+J/XTpR/0UkpjxNFOJ4+5CcMqgiOI4JdKghWbKgBYUH1XyHuI52G0kGWdAj27Mp/oXFcsc8qp7cn5epVHkcR7IBdsA9scA6q4AbUQB1g8ACewAt4NR6NZ+PNeJ+2Fox8Zhv8KuPjG3cunnU=</latexit>

xk+1 = xk � ↵k
gk

kgkk

<latexit sha1_base64="TmykQyRNZZb5IwlCvs8BTT0CzYU="></latexit>

min
x2Rd

f(x) Oracle: gk 2 @f(xk)Problem:

No need to know !G

<latexit sha1_base64="l0D3mCm4nLusnKt9BI6tZQ2Srx0="></latexit>

Theorem. For nonsmooth f with kgkk  G, ↵k = Dp
k

min
kn

[f(xk)� f⇤] = eO
✓
GD
p
n

◆
.



Normalized Gradient by Shor

<latexit sha1_base64="G8+5h9lFGVoUHh3h+IKxzaZxY48=">AAACFXicbZBNS8MwGMfT+TbnW9Wjl+AQBHW04ttFGHrxOMG9wDpKmqVbaJqWJJWNrl/Ci1/FiwdFvAre/DZmWw86fSDkx///PCTP34sZlcqyvozC3PzC4lJxubSyura+YW5uNWSUCEzqOGKRaHlIEkY5qSuqGGnFgqDQY6TpBddjv3lPhKQRv1PDmHRC1OPUpxgpLbnm4cBNgwM7g5dw4AbwCDqIxX2k0fEFwmnPDbLUGenLGWWuWbYq1qTgX7BzKIO8aq756XQjnISEK8yQlG3bilUnRUJRzEhWchJJYoQD1CNtjRyFRHbSyVYZ3NNKF/qR0IcrOFF/TqQolHIYerozRKovZ72x+J/XTpR/0UkpjxNFOJ4+5CcMqgiOI4JdKghWbKgBYUH1XyHuI52G0kGWdAj27Mp/oXFcsc8qp7cn5epVHkcR7IBdsA9scA6q4AbUQB1g8ACewAt4NR6NZ+PNeJ+2Fox8Zhv8KuPjG3cunnU=</latexit>

xk+1 = xk � ↵k
gk

kgkk

<latexit sha1_base64="TmykQyRNZZb5IwlCvs8BTT0CzYU="></latexit>

min
x2Rd

f(x) Oracle: gk 2 @f(xk)Problem:

But it needs to decrease  and requires αk D
No need to know !G

<latexit sha1_base64="l0D3mCm4nLusnKt9BI6tZQ2Srx0="></latexit>

Theorem. For nonsmooth f with kgkk  G, ↵k = Dp
k

min
kn

[f(xk)� f⇤] = eO
✓
GD
p
n

◆
.



Normalized Gradient by Shor
N. Shor 
Minimization Methods for Non-Differentiable Functions
page 23, 1985



Normalized Gradient by Shor
N. Shor 
Minimization Methods for Non-Differentiable Functions
page 23, 1985

B. Grimmer 
Convergence Rates for Deterministic and Stochastic 
Subgradient Methods Without Lipschitz Continuity
SIAM Journal on Optimization, 2019



Adagrad-Norm
<latexit sha1_base64="oxo1KusPAg1jvRgJm8Ab6U7oTFg="></latexit>

NGD: xk+1 = xk � Dp
k

gk
kgkk



Adagrad-Norm

<latexit sha1_base64="VEmAVwrduu9tk/8lpkIRNbRO/lw="></latexit>

Adagrad: xk+1 = xk �D gkpPk
t=0 kgtk2

<latexit sha1_base64="oxo1KusPAg1jvRgJm8Ab6U7oTFg="></latexit>

NGD: xk+1 = xk � Dp
k

gk
kgkk

Matthew Streeter, H. Brendan McMahan  
Less Regret via Online Conditioning
COLT 2010



Adagrad-Norm

<latexit sha1_base64="VEmAVwrduu9tk/8lpkIRNbRO/lw="></latexit>

Adagrad: xk+1 = xk �D gkpPk
t=0 kgtk2

<latexit sha1_base64="oxo1KusPAg1jvRgJm8Ab6U7oTFg="></latexit>

NGD: xk+1 = xk � Dp
k

gk
kgkk



Adagrad-Norm

A bit more adaptive but it still requires D

<latexit sha1_base64="VEmAVwrduu9tk/8lpkIRNbRO/lw="></latexit>

Adagrad: xk+1 = xk �D gkpPk
t=0 kgtk2

<latexit sha1_base64="oxo1KusPAg1jvRgJm8Ab6U7oTFg="></latexit>

NGD: xk+1 = xk � Dp
k

gk
kgkk



Talk plan

1. The motivation 
2. The prehistory 
3. DoG and DoWG 
4. D-Adaptation 
5. Prodigy 
6. Conclusion



DoG and DoWG

M. Ivgi, O. Hinder, Y. Carmon  
DoG is SGD's Best Friend: A Parameter-Free 
Dynamic Step Size Schedule  
ICML 2023



DoG and DoWG

M. Ivgi, O. Hinder, Y. Carmon  
DoG is SGD's Best Friend: A Parameter-Free 
Dynamic Step Size Schedule  
ICML 2023

A. Khaled, K. Mishchenko, C. Jin  
DoWG Unleashed: An Efficient Universal Parameter-
Free Gradient Descent Method 
NeurIPS 2023



Distance-over-Gradients (DoG)
<latexit sha1_base64="ZfSm6jdIhb9QB3Tqts2XBP5FYI4=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCeI0VLIwF0YfUhMhxndaq40S2g1pFWVj4FRYGEGLlH9j4G5y2A7Qc6UpH59yre+/xY0alsqxvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDq9xvPRAhacTv1Cgmboh6nAYUI6Ulz9x3Qsq9dOhQ7oRI9X0/vc3u4wwGleGRZ5atqjUGnCf2lJTBFHXP/HK6EU5CwhVmSMqObcXKTZFQFDOSlZxEkhjhAeqRjqYchUS66fiLDB5qpQuDSOjiCo7V3xMpCqUchb7uzC+Vs14u/ud1EhVcuCnlcaIIx5NFQcKgimAeCexSQbBiI00QFlTfCnEfCYSVDq6kQ7BnX54nzeOqfVY9vTkp1y6ncRTBHjgAFWCDc1AD16AOGgCDR/AMXsGb8WS8GO/Gx6S1YExndsEfGJ8/lnGYoA==</latexit>

min
x2Rp

f(x)Problem:



Distance-over-Gradients (DoG)
<latexit sha1_base64="ZfSm6jdIhb9QB3Tqts2XBP5FYI4=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCeI0VLIwF0YfUhMhxndaq40S2g1pFWVj4FRYGEGLlH9j4G5y2A7Qc6UpH59yre+/xY0alsqxvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDq9xvPRAhacTv1Cgmboh6nAYUI6Ulz9x3Qsq9dOhQ7oRI9X0/vc3u4wwGleGRZ5atqjUGnCf2lJTBFHXP/HK6EU5CwhVmSMqObcXKTZFQFDOSlZxEkhjhAeqRjqYchUS66fiLDB5qpQuDSOjiCo7V3xMpCqUchb7uzC+Vs14u/ud1EhVcuCnlcaIIx5NFQcKgimAeCexSQbBiI00QFlTfCnEfCYSVDq6kQ7BnX54nzeOqfVY9vTkp1y6ncRTBHjgAFWCDc1AD16AOGgCDR/AMXsGb8WS8GO/Gx6S1YExndsEfGJ8/lnGYoA==</latexit>

min
x2Rp

f(x)Problem:

Setting:
<latexit sha1_base64="zaVES+XQkVFvLnzo+8V3vba2RBg="></latexit>

gk 2 @f(xk), kgkk  G

D = kx0 � x⇤k



Distance-over-Gradients (DoG)
<latexit sha1_base64="ZfSm6jdIhb9QB3Tqts2XBP5FYI4=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCeI0VLIwF0YfUhMhxndaq40S2g1pFWVj4FRYGEGLlH9j4G5y2A7Qc6UpH59yre+/xY0alsqxvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDq9xvPRAhacTv1Cgmboh6nAYUI6Ulz9x3Qsq9dOhQ7oRI9X0/vc3u4wwGleGRZ5atqjUGnCf2lJTBFHXP/HK6EU5CwhVmSMqObcXKTZFQFDOSlZxEkhjhAeqRjqYchUS66fiLDB5qpQuDSOjiCo7V3xMpCqUchb7uzC+Vs14u/ud1EhVcuCnlcaIIx5NFQcKgimAeCexSQbBiI00QFlTfCnEfCYSVDq6kQ7BnX54nzeOqfVY9vTkp1y6ncRTBHjgAFWCDc1AD16AOGgCDR/AMXsGb8WS8GO/Gx6S1YExndsEfGJ8/lnGYoA==</latexit>

min
x2Rp

f(x)Problem:

Setting:
<latexit sha1_base64="zaVES+XQkVFvLnzo+8V3vba2RBg="></latexit>

gk 2 @f(xk), kgkk  G

D = kx0 � x⇤k
<latexit sha1_base64="cenmlm959l3kr4N/1I/KzL45Sm4="></latexit>

Subgradient stepsize: �k = D
G
p
k
, D = kx0 � x⇤k



Distance-over-Gradients (DoG)
<latexit sha1_base64="ZfSm6jdIhb9QB3Tqts2XBP5FYI4=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCeI0VLIwF0YfUhMhxndaq40S2g1pFWVj4FRYGEGLlH9j4G5y2A7Qc6UpH59yre+/xY0alsqxvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDq9xvPRAhacTv1Cgmboh6nAYUI6Ulz9x3Qsq9dOhQ7oRI9X0/vc3u4wwGleGRZ5atqjUGnCf2lJTBFHXP/HK6EU5CwhVmSMqObcXKTZFQFDOSlZxEkhjhAeqRjqYchUS66fiLDB5qpQuDSOjiCo7V3xMpCqUchb7uzC+Vs14u/ud1EhVcuCnlcaIIx5NFQcKgimAeCexSQbBiI00QFlTfCnEfCYSVDq6kQ7BnX54nzeOqfVY9vTkp1y6ncRTBHjgAFWCDc1AD16AOGgCDR/AMXsGb8WS8GO/Gx6S1YExndsEfGJ8/lnGYoA==</latexit>

min
x2Rp

f(x)Problem:

Setting:
<latexit sha1_base64="zaVES+XQkVFvLnzo+8V3vba2RBg="></latexit>

gk 2 @f(xk), kgkk  G

D = kx0 � x⇤k
<latexit sha1_base64="cenmlm959l3kr4N/1I/KzL45Sm4="></latexit>

Subgradient stepsize: �k = D
G
p
k
, D = kx0 � x⇤k

<latexit sha1_base64="E1ft5Oza7UXSadqdnCBKuWpmZ68=">AAACQnicbVBNixQxEE2vX+v4NerRS3BW8OLQPeAHgrAqoscVnN2VyWxTna7pCZ2k26RaHHr7t3nxF3jzB3jxoIhXD2Y+Drrrg8DLe1VU1ctqrTzF8Zdo68zZc+cvbF/sXbp85eq1/vUb+75qnMSxrHTlDjPwqJXFMSnSeFg7BJNpPMjK50v/4D06ryr7hhY1Tg0UVs2UBApS2n8r5r4Gie29RJqOv/CkDBDyxitb8Kc5FA7yx0 L0+M5L4d85astOQF276gNf/4VvTNqWT+LuyHJxXKSlOD4adTtpfxAP4xX4aZJsyIBtsJf2P4u8ko1BS1KD95MkrmnagiMlNXY90XgMq5ZQ4CRQCwb9tF1F0PE7Qcn5rHLhWeIr9e+OFoz3C5OFynDf3J/0luL/vElDs0fTVtm6IbRyPWjWaE4VX+bJc+VQkl4EAtKpsCuXc3AgKaTeCyEkJ08+TfZHw+TB8P7r0WD32SaObXaL3WZ3WcIesl32iu2xMZPsI/vKvrMf0afoW/Qz+rUu3Yo2PTfZP4h+/wEtNLEu</latexit>

Estimate using Adagrad:
G
p
k ⇡

pPn
k=0 kgkk2



Distance-over-Gradients (DoG)
<latexit sha1_base64="ZfSm6jdIhb9QB3Tqts2XBP5FYI4=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCeI0VLIwF0YfUhMhxndaq40S2g1pFWVj4FRYGEGLlH9j4G5y2A7Qc6UpH59yre+/xY0alsqxvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDq9xvPRAhacTv1Cgmboh6nAYUI6Ulz9x3Qsq9dOhQ7oRI9X0/vc3u4wwGleGRZ5atqjUGnCf2lJTBFHXP/HK6EU5CwhVmSMqObcXKTZFQFDOSlZxEkhjhAeqRjqYchUS66fiLDB5qpQuDSOjiCo7V3xMpCqUchb7uzC+Vs14u/ud1EhVcuCnlcaIIx5NFQcKgimAeCexSQbBiI00QFlTfCnEfCYSVDq6kQ7BnX54nzeOqfVY9vTkp1y6ncRTBHjgAFWCDc1AD16AOGgCDR/AMXsGb8WS8GO/Gx6S1YExndsEfGJ8/lnGYoA==</latexit>

min
x2Rp

f(x)Problem:

Setting:
<latexit sha1_base64="zaVES+XQkVFvLnzo+8V3vba2RBg="></latexit>

gk 2 @f(xk), kgkk  G

D = kx0 � x⇤k
<latexit sha1_base64="cenmlm959l3kr4N/1I/KzL45Sm4="></latexit>

Subgradient stepsize: �k = D
G
p
k
, D = kx0 � x⇤k

We need to estimate  
to remove the stepsize

D

<latexit sha1_base64="E1ft5Oza7UXSadqdnCBKuWpmZ68=">AAACQnicbVBNixQxEE2vX+v4NerRS3BW8OLQPeAHgrAqoscVnN2VyWxTna7pCZ2k26RaHHr7t3nxF3jzB3jxoIhXD2Y+Drrrg8DLe1VU1ctqrTzF8Zdo68zZc+cvbF/sXbp85eq1/vUb+75qnMSxrHTlDjPwqJXFMSnSeFg7BJNpPMjK50v/4D06ryr7hhY1Tg0UVs2UBApS2n8r5r4Gie29RJqOv/CkDBDyxitb8Kc5FA7yx0 L0+M5L4d85astOQF276gNf/4VvTNqWT+LuyHJxXKSlOD4adTtpfxAP4xX4aZJsyIBtsJf2P4u8ko1BS1KD95MkrmnagiMlNXY90XgMq5ZQ4CRQCwb9tF1F0PE7Qcn5rHLhWeIr9e+OFoz3C5OFynDf3J/0luL/vElDs0fTVtm6IbRyPWjWaE4VX+bJc+VQkl4EAtKpsCuXc3AgKaTeCyEkJ08+TfZHw+TB8P7r0WD32SaObXaL3WZ3WcIesl32iu2xMZPsI/vKvrMf0afoW/Qz+rUu3Yo2PTfZP4h+/wEtNLEu</latexit>

Estimate using Adagrad:
G
p
k ⇡

pPn
k=0 kgkk2



Distance-over-Gradients (DoG)
<latexit sha1_base64="ZfSm6jdIhb9QB3Tqts2XBP5FYI4=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCeI0VLIwF0YfUhMhxndaq40S2g1pFWVj4FRYGEGLlH9j4G5y2A7Qc6UpH59yre+/xY0alsqxvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDq9xvPRAhacTv1Cgmboh6nAYUI6Ulz9x3Qsq9dOhQ7oRI9X0/vc3u4wwGleGRZ5atqjUGnCf2lJTBFHXP/HK6EU5CwhVmSMqObcXKTZFQFDOSlZxEkhjhAeqRjqYchUS66fiLDB5qpQuDSOjiCo7V3xMpCqUchb7uzC+Vs14u/ud1EhVcuCnlcaIIx5NFQcKgimAeCexSQbBiI00QFlTfCnEfCYSVDq6kQ7BnX54nzeOqfVY9vTkp1y6ncRTBHjgAFWCDc1AD16AOGgCDR/AMXsGb8WS8GO/Gx6S1YExndsEfGJ8/lnGYoA==</latexit>

min
x2Rp

f(x)Problem:

Setting:
<latexit sha1_base64="zaVES+XQkVFvLnzo+8V3vba2RBg="></latexit>

gk 2 @f(xk), kgkk  G

D = kx0 � x⇤k
<latexit sha1_base64="cenmlm959l3kr4N/1I/KzL45Sm4="></latexit>

Subgradient stepsize: �k = D
G
p
k
, D = kx0 � x⇤k

We need to estimate  
to remove the stepsize

D

<latexit sha1_base64="E1ft5Oza7UXSadqdnCBKuWpmZ68=">AAACQnicbVBNixQxEE2vX+v4NerRS3BW8OLQPeAHgrAqoscVnN2VyWxTna7pCZ2k26RaHHr7t3nxF3jzB3jxoIhXD2Y+Drrrg8DLe1VU1ctqrTzF8Zdo68zZc+cvbF/sXbp85eq1/vUb+75qnMSxrHTlDjPwqJXFMSnSeFg7BJNpPMjK50v/4D06ryr7hhY1Tg0UVs2UBApS2n8r5r4Gie29RJqOv/CkDBDyxitb8Kc5FA7yx0 L0+M5L4d85astOQF276gNf/4VvTNqWT+LuyHJxXKSlOD4adTtpfxAP4xX4aZJsyIBtsJf2P4u8ko1BS1KD95MkrmnagiMlNXY90XgMq5ZQ4CRQCwb9tF1F0PE7Qcn5rHLhWeIr9e+OFoz3C5OFynDf3J/0luL/vElDs0fTVtm6IbRyPWjWaE4VX+bJc+VQkl4EAtKpsCuXc3AgKaTeCyEkJ08+TfZHw+TB8P7r0WD32SaObXaL3WZ3WcIesl32iu2xMZPsI/vKvrMf0afoW/Qz+rUu3Yo2PTfZP4h+/wEtNLEu</latexit>

Estimate using Adagrad:
G
p
k ⇡

pPn
k=0 kgkk2

<latexit sha1_base64="yjM2cSWZTpyoX5m0ziBKS7aqTss="></latexit>

d0 =) x1 =) dk = kx0 � xkk ⇡ kx0 � x⇤k



Distance-over-Gradients (DoG)
<latexit sha1_base64="ZfSm6jdIhb9QB3Tqts2XBP5FYI4=">AAACBXicbVC7TsMwFHXKq5RXgBEGiwqpLFWCeI0VLIwF0YfUhMhxndaq40S2g1pFWVj4FRYGEGLlH9j4G5y2A7Qc6UpH59yre+/xY0alsqxvo7CwuLS8Ulwtra1vbG6Z2ztNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDq9xvPRAhacTv1Cgmboh6nAYUI6Ulz9x3Qsq9dOhQ7oRI9X0/vc3u4wwGleGRZ5atqjUGnCf2lJTBFHXP/HK6EU5CwhVmSMqObcXKTZFQFDOSlZxEkhjhAeqRjqYchUS66fiLDB5qpQuDSOjiCo7V3xMpCqUchb7uzC+Vs14u/ud1EhVcuCnlcaIIx5NFQcKgimAeCexSQbBiI00QFlTfCnEfCYSVDq6kQ7BnX54nzeOqfVY9vTkp1y6ncRTBHjgAFWCDc1AD16AOGgCDR/AMXsGb8WS8GO/Gx6S1YExndsEfGJ8/lnGYoA==</latexit>

min
x2Rp

f(x)Problem:

Setting:
<latexit sha1_base64="zaVES+XQkVFvLnzo+8V3vba2RBg="></latexit>

gk 2 @f(xk), kgkk  G

D = kx0 � x⇤k
<latexit sha1_base64="cenmlm959l3kr4N/1I/KzL45Sm4="></latexit>

Subgradient stepsize: �k = D
G
p
k
, D = kx0 � x⇤k

We need to estimate  
to remove the stepsize

D

<latexit sha1_base64="E1ft5Oza7UXSadqdnCBKuWpmZ68=">AAACQnicbVBNixQxEE2vX+v4NerRS3BW8OLQPeAHgrAqoscVnN2VyWxTna7pCZ2k26RaHHr7t3nxF3jzB3jxoIhXD2Y+Drrrg8DLe1VU1ctqrTzF8Zdo68zZc+cvbF/sXbp85eq1/vUb+75qnMSxrHTlDjPwqJXFMSnSeFg7BJNpPMjK50v/4D06ryr7hhY1Tg0UVs2UBApS2n8r5r4Gie29RJqOv/CkDBDyxitb8Kc5FA7yx0 L0+M5L4d85astOQF276gNf/4VvTNqWT+LuyHJxXKSlOD4adTtpfxAP4xX4aZJsyIBtsJf2P4u8ko1BS1KD95MkrmnagiMlNXY90XgMq5ZQ4CRQCwb9tF1F0PE7Qcn5rHLhWeIr9e+OFoz3C5OFynDf3J/0luL/vElDs0fTVtm6IbRyPWjWaE4VX+bJc+VQkl4EAtKpsCuXc3AgKaTeCyEkJ08+TfZHw+TB8P7r0WD32SaObXaL3WZ3WcIesl32iu2xMZPsI/vKvrMf0afoW/Qz+rUu3Yo2PTfZP4h+/wEtNLEu</latexit>

Estimate using Adagrad:
G
p
k ⇡

pPn
k=0 kgkk2

<latexit sha1_base64="yjM2cSWZTpyoX5m0ziBKS7aqTss="></latexit>

d0 =) x1 =) dk = kx0 � xkk ⇡ kx0 � x⇤k
<latexit sha1_base64="yjM2cSWZTpyoX5m0ziBKS7aqTss="></latexit>

d0 =) x1 =) dk = kx0 � xkk ⇡ kx0 � x⇤k



DoG
<latexit sha1_base64="klpulg/yQ04F482Y7RoZZN6/3pk=">AAACEnicbVDJSgNBEO1xjXEb9eilMQh6MMyI20UI6sFjBLNAJgw9nU7STM9Cd41MmOQbvPgrXjwo4tWTN//GznLQxAcFj/eqqKrnxYIrsKxvY25+YXFpObeSX11b39g0t7arKkokZRUaiUjWPaKY4CGrAAfB6rFkJPAEq3n+9dCvPTCpeBTeQy9mzYB0Qt7mlICWXPOw5fr4EjsBSd0MHMGwP3D6qWvhI5y64PQdEscySvGNaxasojUCniX2hBTQBGXX/HJaEU0CFgIVRKmGbcXQzIgETgUb5J1EsZhQn3RYQ9OQBEw1s9FLA7yvlRZuR1JXCHik/p7ISKBUL/B0Z0Cgq6a9ofif10igfdHMeBgnwEI6XtROBIYID/PBLS4ZBdHThFDJ9a2YdokkFHSKeR2CPf3yLKkeF+2z4undSaF0NYkjh3bRHjpANjpHJXSLyqiCKHpEz+gVvRlPxovxbnyMW+eMycwO+gPj8we6QZzo</latexit>

dk = max
tk

kx0 � xtk ⇡ D



DoG

Distance over Gradients

<latexit sha1_base64="klpulg/yQ04F482Y7RoZZN6/3pk=">AAACEnicbVDJSgNBEO1xjXEb9eilMQh6MMyI20UI6sFjBLNAJgw9nU7STM9Cd41MmOQbvPgrXjwo4tWTN//GznLQxAcFj/eqqKrnxYIrsKxvY25+YXFpObeSX11b39g0t7arKkokZRUaiUjWPaKY4CGrAAfB6rFkJPAEq3n+9dCvPTCpeBTeQy9mzYB0Qt7mlICWXPOw5fr4EjsBSd0MHMGwP3D6qWvhI5y64PQdEscySvGNaxasojUCniX2hBTQBGXX/HJaEU0CFgIVRKmGbcXQzIgETgUb5J1EsZhQn3RYQ9OQBEw1s9FLA7yvlRZuR1JXCHik/p7ISKBUL/B0Z0Cgq6a9ofif10igfdHMeBgnwEI6XtROBIYID/PBLS4ZBdHThFDJ9a2YdokkFHSKeR2CPf3yLKkeF+2z4undSaF0NYkjh3bRHjpANjpHJXSLyqiCKHpEz+gVvRlPxovxbnyMW+eMycwO+gPj8we6QZzo</latexit>

dk = max
tk

kx0 � xtk ⇡ D
<latexit sha1_base64="lZbhT706Z8E3E1fb8F5h8HHElso="></latexit>

xk+1 = xk � dkqPk
t=0 kgtk2

gk



DoG

<latexit sha1_base64="1/ACQP5mmilkUYeIEFtuHDPsNOU="></latexit>

Theorem. If kgkk  G, then

min
kt

[f(xk)� f⇤] = O

 
DG log D

d0
p
t

!

<latexit sha1_base64="lZbhT706Z8E3E1fb8F5h8HHElso="></latexit>

xk+1 = xk � dkqPk
t=0 kgtk2

gk

<latexit sha1_base64="klpulg/yQ04F482Y7RoZZN6/3pk=">AAACEnicbVDJSgNBEO1xjXEb9eilMQh6MMyI20UI6sFjBLNAJgw9nU7STM9Cd41MmOQbvPgrXjwo4tWTN//GznLQxAcFj/eqqKrnxYIrsKxvY25+YXFpObeSX11b39g0t7arKkokZRUaiUjWPaKY4CGrAAfB6rFkJPAEq3n+9dCvPTCpeBTeQy9mzYB0Qt7mlICWXPOw5fr4EjsBSd0MHMGwP3D6qWvhI5y64PQdEscySvGNaxasojUCniX2hBTQBGXX/HJaEU0CFgIVRKmGbcXQzIgETgUb5J1EsZhQn3RYQ9OQBEw1s9FLA7yvlRZuR1JXCHik/p7ISKBUL/B0Z0Cgq6a9ofif10igfdHMeBgnwEI6XtROBIYID/PBLS4ZBdHThFDJ9a2YdokkFHSKeR2CPf3yLKkeF+2z4undSaF0NYkjh3bRHjpANjpHJXSLyqiCKHpEz+gVvRlPxovxbnyMW+eMycwO+gPj8we6QZzo</latexit>

dk = max
tk

kx0 � xtk ⇡ D



DoG and DoWG

M. Ivgi, O. Hinder, Y. Carmon  
DoG is SGD's Best Friend: A Parameter-Free 
Dynamic Step Size Schedule  
ICML 2023

A. Khaled, K. Mishchenko, C. Jin  
DoWG Unleashed: An Efficient Universal Parameter-
Free Gradient Descent Method 
NeurIPS 2023



DoWG
<latexit sha1_base64="oE78vsqz6v6rYrNe2zlZgHuYOO8=">AAACCXicbVDLSsNAFJ34rPUVdelmsAhuLIn42ghFNy4r2Ac0IUym03bI5MHMjbSk3brxV9y4UMStf+DOv3HaZqGtBy4czrmXe+/xE8EVWNa3sbC4tLyyWlgrrm9sbm2bO7t1FaeSshqNRSybPlFM8IjVgINgzUQyEvqCNfzgZuw3HphUPI7uYZAwNyTdiHc4JaAlz8RtL8BX2AlJ38vAEQwHI2fY9yx8jPseOEPPLFllawI8T+yclFCOqmd+Oe2YpiGLgAqiVMu2EnAzIoFTwUZFJ1UsITQgXdbSNCIhU242+WSED7XSxp1Y6ooAT9TfExkJlRqEvu4MCfTUrDcW//NaKXQu3YxHSQosotNFnVRgiPE4FtzmklEQA00IlVzfimmPSEJBh1fUIdizL8+T+knZPi+f3Z2WKtd5HAW0jw7QEbLRBaqgW1RFNUTRI3pGr+jNeDJejHfjY9q6YOQze+gPjM8f4iyZNA==</latexit>

dk = max
tk

kx0 � xtk
<latexit sha1_base64="AFjDLNs7aSH1FvUQBJGg7YkodwU="></latexit>

DoG: xk+1 = xk � dkpPk
t=0 kgtk2

gk



DoWG
<latexit sha1_base64="oE78vsqz6v6rYrNe2zlZgHuYOO8=">AAACCXicbVDLSsNAFJ34rPUVdelmsAhuLIn42ghFNy4r2Ac0IUym03bI5MHMjbSk3brxV9y4UMStf+DOv3HaZqGtBy4czrmXe+/xE8EVWNa3sbC4tLyyWlgrrm9sbm2bO7t1FaeSshqNRSybPlFM8IjVgINgzUQyEvqCNfzgZuw3HphUPI7uYZAwNyTdiHc4JaAlz8RtL8BX2AlJ38vAEQwHI2fY9yx8jPseOEPPLFllawI8T+yclFCOqmd+Oe2YpiGLgAqiVMu2EnAzIoFTwUZFJ1UsITQgXdbSNCIhU242+WSED7XSxp1Y6ooAT9TfExkJlRqEvu4MCfTUrDcW//NaKXQu3YxHSQosotNFnVRgiPE4FtzmklEQA00IlVzfimmPSEJBh1fUIdizL8+T+knZPi+f3Z2WKtd5HAW0jw7QEbLRBaqgW1RFNUTRI3pGr+jNeDJejHfjY9q6YOQze+gPjM8f4iyZNA==</latexit>

dk = max
tk

kx0 � xtk
<latexit sha1_base64="AFjDLNs7aSH1FvUQBJGg7YkodwU="></latexit>

DoG: xk+1 = xk � dkpPk
t=0 kgtk2

gk
<latexit sha1_base64="b5FHLCgoSOKrRarxqudnOuvhVIQ="></latexit>

DoWG: xk+1 = xk � d2
kpPk

t=0 d2
tkgtk2

gk

Distance over Weighted Gradients



DoWG
<latexit sha1_base64="oE78vsqz6v6rYrNe2zlZgHuYOO8=">AAACCXicbVDLSsNAFJ34rPUVdelmsAhuLIn42ghFNy4r2Ac0IUym03bI5MHMjbSk3brxV9y4UMStf+DOv3HaZqGtBy4czrmXe+/xE8EVWNa3sbC4tLyyWlgrrm9sbm2bO7t1FaeSshqNRSybPlFM8IjVgINgzUQyEvqCNfzgZuw3HphUPI7uYZAwNyTdiHc4JaAlz8RtL8BX2AlJ38vAEQwHI2fY9yx8jPseOEPPLFllawI8T+yclFCOqmd+Oe2YpiGLgAqiVMu2EnAzIoFTwUZFJ1UsITQgXdbSNCIhU242+WSED7XSxp1Y6ooAT9TfExkJlRqEvu4MCfTUrDcW//NaKXQu3YxHSQosotNFnVRgiPE4FtzmklEQA00IlVzfimmPSEJBh1fUIdizL8+T+knZPi+f3Z2WKtd5HAW0jw7QEbLRBaqgW1RFNUTRI3pGr+jNeDJejHfjY9q6YOQze+gPjM8f4iyZNA==</latexit>

dk = max
tk

kx0 � xtk
<latexit sha1_base64="AFjDLNs7aSH1FvUQBJGg7YkodwU="></latexit>

DoG: xk+1 = xk � dkpPk
t=0 kgtk2

gk
<latexit sha1_base64="b5FHLCgoSOKrRarxqudnOuvhVIQ="></latexit>

DoWG: xk+1 = xk � d2
kpPk

t=0 d2
tkgtk2

gk

Distance over Weighted Gradients



DoWG
<latexit sha1_base64="oE78vsqz6v6rYrNe2zlZgHuYOO8=">AAACCXicbVDLSsNAFJ34rPUVdelmsAhuLIn42ghFNy4r2Ac0IUym03bI5MHMjbSk3brxV9y4UMStf+DOv3HaZqGtBy4czrmXe+/xE8EVWNa3sbC4tLyyWlgrrm9sbm2bO7t1FaeSshqNRSybPlFM8IjVgINgzUQyEvqCNfzgZuw3HphUPI7uYZAwNyTdiHc4JaAlz8RtL8BX2AlJ38vAEQwHI2fY9yx8jPseOEPPLFllawI8T+yclFCOqmd+Oe2YpiGLgAqiVMu2EnAzIoFTwUZFJ1UsITQgXdbSNCIhU242+WSED7XSxp1Y6ooAT9TfExkJlRqEvu4MCfTUrDcW//NaKXQu3YxHSQosotNFnVRgiPE4FtzmklEQA00IlVzfimmPSEJBh1fUIdizL8+T+knZPi+f3Z2WKtd5HAW0jw7QEbLRBaqgW1RFNUTRI3pGr+jNeDJejHfjY9q6YOQze+gPjM8f4iyZNA==</latexit>

dk = max
tk

kx0 � xtk
<latexit sha1_base64="AFjDLNs7aSH1FvUQBJGg7YkodwU="></latexit>

DoG: xk+1 = xk � dkpPk
t=0 kgtk2

gk
<latexit sha1_base64="b5FHLCgoSOKrRarxqudnOuvhVIQ="></latexit>

DoWG: xk+1 = xk � d2
kpPk

t=0 d2
tkgtk2

gk

<latexit sha1_base64="DYrYHpqJr5kPcNpl51ViS2B2Ijo="></latexit>

Theorem. For nonsmooth f with kgkk  G

min
kn

[f(xk)� f⇤] = O

 
GD

q
log D

d0
p
n

!
.



Empirical behaviour

Test accuracy, VGG11 on CIFAR10. Unstable behaviour. 
Coordinate-wise estimation doesn’t work.



Talk plan

1. The motivation 
2. The prehistory 
3. DoG and DoWG 
4. D-Adaptation 
5. Prodigy 
6. Conclusion



D-Adaptation

How much the gradient is correlated 
 with our updates so far

<latexit sha1_base64="3tZ8nZgB0Vz0+U3nXvmrIIYjfJA="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���

Pk
t=0 dtgt

���



D-Adaptation

Normalize correlations by gradient magnitudes

<latexit sha1_base64="3tZ8nZgB0Vz0+U3nXvmrIIYjfJA="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���

Pk
t=0 dtgt

���



D-Adaptation
<latexit sha1_base64="3tZ8nZgB0Vz0+U3nXvmrIIYjfJA="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���

Pk
t=0 dtgt

���
<latexit sha1_base64="z5qNbGQZIDCnf/LJTO8TihYs3+I=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgRKkpJxNtGKLpxWcFeoAlhMpm2Q2aSMDMRS+jaja/ixoUibn0Cd76N0zYLbf1h4OM/53Dm/H7CqFSW9W0U5uYXFpeKy6WV1bX1DXNzqynjVGDSwDGLRdtHkjAakYaiipF2IgjiPiMtP7we1Vv3REgaR3dqkBCXo15EuxQjpS3P3A28LDy0h/ASOhw9VJw+UjD3jjSEB55ZtqrWWHAW7BzKIFfdM7+cIMYpJ5HCDEnZsa1EuRkSimJGhiUnlSRBOEQ90tEYIU6km41PGcJ97QSwGwv9IgXH7u+JDHEpB9zXnRypvpyujcz/ap1UdS/cjEZJqkiEJ4u6KYMqhqNcYEAFwYoNNCAsqP4rxH0kEFY6vZIOwZ4+eRaax1X7rHp6e1KuXeVxFMEO2AMVYINzUAM3oA4aAINH8AxewZvxZLwY78bHpLVg5DPb4I+Mzx8iIZim</latexit>

dk+1 = max(d̂k+1, dk)



D-Adaptation
<latexit sha1_base64="3tZ8nZgB0Vz0+U3nXvmrIIYjfJA="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���

Pk
t=0 dtgt

���
<latexit sha1_base64="z5qNbGQZIDCnf/LJTO8TihYs3+I=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgRKkpJxNtGKLpxWcFeoAlhMpm2Q2aSMDMRS+jaja/ixoUibn0Cd76N0zYLbf1h4OM/53Dm/H7CqFSW9W0U5uYXFpeKy6WV1bX1DXNzqynjVGDSwDGLRdtHkjAakYaiipF2IgjiPiMtP7we1Vv3REgaR3dqkBCXo15EuxQjpS3P3A28LDy0h/ASOhw9VJw+UjD3jjSEB55ZtqrWWHAW7BzKIFfdM7+cIMYpJ5HCDEnZsa1EuRkSimJGhiUnlSRBOEQ90tEYIU6km41PGcJ97QSwGwv9IgXH7u+JDHEpB9zXnRypvpyujcz/ap1UdS/cjEZJqkiEJ4u6KYMqhqNcYEAFwYoNNCAsqP4rxH0kEFY6vZIOwZ4+eRaax1X7rHp6e1KuXeVxFMEO2AMVYINzUAM3oA4aAINH8AxewZvxZLwY78bHpLVg5DPb4I+Mzx8iIZim</latexit>

dk+1 = max(d̂k+1, dk)
<latexit sha1_base64="QQEcDY6fcnNmA0kQyBcKCXP7LxY=">AAACEHicbVA9SwNBEN3z2/gVtbRZTERBOO4CfpRBLSwVjAZyIext5pIle3vH7pwYjvwEG/+KjYUitpZ2/hs3MYVGHww83pthZl6YSmHQ8z6dqemZ2bn5hcXC0vLK6lpxfePaJJnmUOOJTHQ9ZAakUFBDgRLqqQYWhxJuwt7p0L+5BW1Eoq6wn0IzZh0lIsEZWqlV3A0Q7jCM8qsuJBpi6rsDWj4LOkCDLkPabuVq3x+UW8WS53oj0L/EH5MSGeOiVfwI2gnPYlDIJTOm4XspNnOmUXAJg0KQGUgZ77EONCxVLAbTzEcPDeiOVdo0SrQthXSk/pzIWWxMPw5tZ8ywaya9ofif18gwOm7mQqUZguLfi6JMUkzoMB3aFho4yr4ljGthb6W8yzTjaDMs2BD8yZf/kuuK6x+6B5eVUvVkHMcC2SLbZI/45IhUyTm5IDXCyT15JM/kxXlwnpxX5+27dcoZz2ySX3DevwCK8Juf</latexit>

Theorem 1. D � d̂n+1 (This estimate makes sense)



D-Adaptation
<latexit sha1_base64="3tZ8nZgB0Vz0+U3nXvmrIIYjfJA="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���

Pk
t=0 dtgt

���
<latexit sha1_base64="z5qNbGQZIDCnf/LJTO8TihYs3+I=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgRKkpJxNtGKLpxWcFeoAlhMpm2Q2aSMDMRS+jaja/ixoUibn0Cd76N0zYLbf1h4OM/53Dm/H7CqFSW9W0U5uYXFpeKy6WV1bX1DXNzqynjVGDSwDGLRdtHkjAakYaiipF2IgjiPiMtP7we1Vv3REgaR3dqkBCXo15EuxQjpS3P3A28LDy0h/ASOhw9VJw+UjD3jjSEB55ZtqrWWHAW7BzKIFfdM7+cIMYpJ5HCDEnZsa1EuRkSimJGhiUnlSRBOEQ90tEYIU6km41PGcJ97QSwGwv9IgXH7u+JDHEpB9zXnRypvpyujcz/ap1UdS/cjEZJqkiEJ4u6KYMqhqNcYEAFwYoNNCAsqP4rxH0kEFY6vZIOwZ4+eRaax1X7rHp6e1KuXeVxFMEO2AMVYINzUAM3oA4aAINH8AxewZvxZLwY78bHpLVg5DPb4I+Mzx8iIZim</latexit>

dk+1 = max(d̂k+1, dk)
<latexit sha1_base64="QQEcDY6fcnNmA0kQyBcKCXP7LxY=">AAACEHicbVA9SwNBEN3z2/gVtbRZTERBOO4CfpRBLSwVjAZyIext5pIle3vH7pwYjvwEG/+KjYUitpZ2/hs3MYVGHww83pthZl6YSmHQ8z6dqemZ2bn5hcXC0vLK6lpxfePaJJnmUOOJTHQ9ZAakUFBDgRLqqQYWhxJuwt7p0L+5BW1Eoq6wn0IzZh0lIsEZWqlV3A0Q7jCM8qsuJBpi6rsDWj4LOkCDLkPabuVq3x+UW8WS53oj0L/EH5MSGeOiVfwI2gnPYlDIJTOm4XspNnOmUXAJg0KQGUgZ77EONCxVLAbTzEcPDeiOVdo0SrQthXSk/pzIWWxMPw5tZ8ywaya9ofif18gwOm7mQqUZguLfi6JMUkzoMB3aFho4yr4ljGthb6W8yzTjaDMs2BD8yZf/kuuK6x+6B5eVUvVkHMcC2SLbZI/45IhUyTm5IDXCyT15JM/kxXlwnpxX5+27dcoZz2ySX3DevwCK8Juf</latexit>

Theorem 1. D � d̂n+1
<latexit sha1_base64="irJb14Bjhw6LLMXxJldvJJkfiRA="></latexit>

Asymptotically,

f(x̂n)� f(x⇤) = O

⇣
DGp

n

⌘
<latexit sha1_base64="kf59oN6C4yLo1/EJdjBV+IKXDfY=">AAAB/HicbVDJSgNBEO1xjXGL5uilMQiehpmAyzHoxWOEbJAMoadTkzTpWeiuEYch/ooXD4p49UO8+Td2loMmPih4vFdFVT0/kUKj43xba+sbm1vbhZ3i7t7+wWHp6Lil41RxaPJYxqrjMw1SRNBEgRI6iQIW+hLa/vh26rcfQGkRRw3MEvBCNoxEIDhDI/VL5R7CI/pB3hhBrCCkVXvSL1Uc25mBrhJ3QSpkgXq/9NUbxDwNIUIumdZd10nQy5lCwSVMir1UQ8L4mA2ha2jEQtBePjt+Qs+MMqBBrExFSGfq74mchVpnoW86Q4YjvexNxf+8borBtZeLKEkRIj5fFKSSYkynSdCBUMBRZoYwroS5lfIRU4yjyatoQnCXX14lrartXtoX99VK7WYRR4GckFNyTlxyRWrkjtRJk3CSkWfySt6sJ+vFerc+5q1r1mKmTP7A+vwBdt2Upg==</latexit>

Theorem 2. (You pay nothing)



D-Adaptation
<latexit sha1_base64="3tZ8nZgB0Vz0+U3nXvmrIIYjfJA="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���

Pk
t=0 dtgt

���
<latexit sha1_base64="z5qNbGQZIDCnf/LJTO8TihYs3+I=">AAACCnicbZDLSsNAFIYn9VbrLerSzWgRKkpJxNtGKLpxWcFeoAlhMpm2Q2aSMDMRS+jaja/ixoUibn0Cd76N0zYLbf1h4OM/53Dm/H7CqFSW9W0U5uYXFpeKy6WV1bX1DXNzqynjVGDSwDGLRdtHkjAakYaiipF2IgjiPiMtP7we1Vv3REgaR3dqkBCXo15EuxQjpS3P3A28LDy0h/ASOhw9VJw+UjD3jjSEB55ZtqrWWHAW7BzKIFfdM7+cIMYpJ5HCDEnZsa1EuRkSimJGhiUnlSRBOEQ90tEYIU6km41PGcJ97QSwGwv9IgXH7u+JDHEpB9zXnRypvpyujcz/ap1UdS/cjEZJqkiEJ4u6KYMqhqNcYEAFwYoNNCAsqP4rxH0kEFY6vZIOwZ4+eRaax1X7rHp6e1KuXeVxFMEO2AMVYINzUAM3oA4aAINH8AxewZvxZLwY78bHpLVg5DPb4I+Mzx8iIZim</latexit>

dk+1 = max(d̂k+1, dk)
<latexit sha1_base64="QQEcDY6fcnNmA0kQyBcKCXP7LxY=">AAACEHicbVA9SwNBEN3z2/gVtbRZTERBOO4CfpRBLSwVjAZyIext5pIle3vH7pwYjvwEG/+KjYUitpZ2/hs3MYVGHww83pthZl6YSmHQ8z6dqemZ2bn5hcXC0vLK6lpxfePaJJnmUOOJTHQ9ZAakUFBDgRLqqQYWhxJuwt7p0L+5BW1Eoq6wn0IzZh0lIsEZWqlV3A0Q7jCM8qsuJBpi6rsDWj4LOkCDLkPabuVq3x+UW8WS53oj0L/EH5MSGeOiVfwI2gnPYlDIJTOm4XspNnOmUXAJg0KQGUgZ77EONCxVLAbTzEcPDeiOVdo0SrQthXSk/pzIWWxMPw5tZ8ywaya9ofif18gwOm7mQqUZguLfi6JMUkzoMB3aFho4yr4ljGthb6W8yzTjaDMs2BD8yZf/kuuK6x+6B5eVUvVkHMcC2SLbZI/45IhUyTm5IDXCyT15JM/kxXlwnpxX5+27dcoZz2ySX3DevwCK8Juf</latexit>

Theorem 1. D � d̂n+1
<latexit sha1_base64="irJb14Bjhw6LLMXxJldvJJkfiRA="></latexit>

Asymptotically,

f(x̂n)� f(x⇤) = O

⇣
DGp

n

⌘

<latexit sha1_base64="34b9qFKa/U1SY9qGR5uBlxjbLnI=">AAAB/HicbVDJSgNBEO2JW4zbaI5eGoPgKcxEXI5BLx4jZIMkhJ5OTdKkZ6G7RhyG+CtePCji1Q/x5t/YWQ6a+KDg8V4VVfW8WAqNjvNt5dbWNza38tuFnd29/QP78Kipo0RxaPBIRqrtMQ1ShNBAgRLasQIWeBJa3vh26rceQGkRhXVMY+gFbBgKX3CGRurbxS7CI3p+Vh9BpCCg5+VJ3y45ZWcGukrcBSmRBWp9+6s7iHgSQIhcMq07rhNjL2MKBZcwKXQTDTHjYzaEjqEhC0D3stnxE3pqlAH1I2UqRDpTf09kLNA6DTzTGTAc6WVvKv7ndRL0r3uZCOMEIeTzRX4iKUZ0mgQdCAUcZWoI40qYWykfMcU4mrwKJgR3+eVV0qyU3cvyxX2lVL1ZxJEnx+SEnBGXXJEquSM10iCcpOSZvJI368l6sd6tj3lrzlrMFMkfWJ8/eGOUpw==</latexit>

Theorem 3.
<latexit sha1_base64="Mezkxs8lAn5/6m+qW/JzJzQywMA="></latexit>

Non-asymptotically,
f(x̂n)� f(x⇤)  8DG log(D/d0)p

n

<latexit sha1_base64="kf59oN6C4yLo1/EJdjBV+IKXDfY=">AAAB/HicbVDJSgNBEO1xjXGL5uilMQiehpmAyzHoxWOEbJAMoadTkzTpWeiuEYch/ooXD4p49UO8+Td2loMmPih4vFdFVT0/kUKj43xba+sbm1vbhZ3i7t7+wWHp6Lil41RxaPJYxqrjMw1SRNBEgRI6iQIW+hLa/vh26rcfQGkRRw3MEvBCNoxEIDhDI/VL5R7CI/pB3hhBrCCkVXvSL1Uc25mBrhJ3QSpkgXq/9NUbxDwNIUIumdZd10nQy5lCwSVMir1UQ8L4mA2ha2jEQtBePjt+Qs+MMqBBrExFSGfq74mchVpnoW86Q4YjvexNxf+8borBtZeLKEkRIj5fFKSSYkynSdCBUMBRZoYwroS5lfIRU4yjyatoQnCXX14lrartXtoX99VK7WYRR4GckFNyTlxyRWrkjtRJk3CSkWfySt6sJ+vFerc+5q1r1mKmTP7A+vwBdt2Upg==</latexit>

Theorem 2.

Same as DoG



Coordinate-wise version
<latexit sha1_base64="RNtXiGT46BhDSMeG92XRQvq9vAI=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQSiURHxthKIblxXsA9oQJpNpO2TyYGYilJCNv+LGhSJu/Qx3/o3TNgttPXAvh3PuZeYeL+FMKsv6NkpLyyura+X1ysbm1vaOubvXlnEqCG2RmMei62FJOYtoSzHFaTcRFIcepx0vuJ34nUcqJIujBzVOqBPiYcQGjGClJdc8kG4W1OwcXSPpBqiGfN2HbuCaVatuTYEWiV2QKhRouuZX349JGtJIEY6l7NlWopwMC8UIp3mln0qaYBLgIe1pGuGQSiebHpCjY634aBALXZFCU/X3RoZDKcehpydDrEZy3puI/3m9VA2unIxFSapoRGYPDVKOVIwmaSCfCUoUH2uCiWD6r4iMsMBE6cwqOgR7/uRF0j6t2xf18/uzauOmiKMMh3AEJ2DDJTTgDprQAgI5PMMrvBlPxovxbnzMRktGsbMPf2B8/gAXc5TQ</latexit>

sk+1 = sk + dkgk

Weighted gradient sum for Dual Averaging



Coordinate-wise version
<latexit sha1_base64="RNtXiGT46BhDSMeG92XRQvq9vAI=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQSiURHxthKIblxXsA9oQJpNpO2TyYGYilJCNv+LGhSJu/Qx3/o3TNgttPXAvh3PuZeYeL+FMKsv6NkpLyyura+X1ysbm1vaOubvXlnEqCG2RmMei62FJOYtoSzHFaTcRFIcepx0vuJ34nUcqJIujBzVOqBPiYcQGjGClJdc8kG4W1OwcXSPpBqiGfN2HbuCaVatuTYEWiV2QKhRouuZX349JGtJIEY6l7NlWopwMC8UIp3mln0qaYBLgIe1pGuGQSiebHpCjY634aBALXZFCU/X3RoZDKcehpydDrEZy3puI/3m9VA2unIxFSapoRGYPDVKOVIwmaSCfCUoUH2uCiWD6r4iMsMBE6cwqOgR7/uRF0j6t2xf18/uzauOmiKMMh3AEJ2DDJTTgDprQAgI5PMMrvBlPxovxbnzMRktGsbMPf2B8/gAXc5TQ</latexit>

sk+1 = sk + dkgk
<latexit sha1_base64="xgW8hWIh8aw5ZoQTKGab1hvcl80=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIQqEkxddGKLpxWcE+oI1hMp20QyYPZiZCCQV/xY0LRdz6He78G6dtFtp64MLhnHu59x4v4Uwqy/o2CkvLK6trxfXSxubW9o65u9eScSoIbZKYx6LjYUk5i2hTMcVpJxEUhx6nbS+4mfjtRyoki6N7NUqoE+JBxHxGsNKSax5gNwsq9hhdIewGqIIGbvBQc82yVbWmQIvEzkkZcjRc86vXj0ka0kgRjqXs2lainAwLxQin41IvlTTBJMAD2tU0wiGVTjY9f4yOtdJHfix0RQpN1d8TGQ6lHIWe7gyxGsp5byL+53VT5V86GYuSVNGIzBb5KUcqRpMsUJ8JShQfaYKJYPpWRIZYYKJ0YiUdgj3/8iJp1ar2efXs7rRcv87jKMIhHMEJ2HABdbiFBjSBQAbP8ApvxpPxYrwbH7PWgpHP7MMfGJ8/Z26T2g==</latexit>

ak+1 = ak + g2k

Coordinate-wise  
estimate of Adagrad



Coordinate-wise version
<latexit sha1_base64="RNtXiGT46BhDSMeG92XRQvq9vAI=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQSiURHxthKIblxXsA9oQJpNpO2TyYGYilJCNv+LGhSJu/Qx3/o3TNgttPXAvh3PuZeYeL+FMKsv6NkpLyyura+X1ysbm1vaOubvXlnEqCG2RmMei62FJOYtoSzHFaTcRFIcepx0vuJ34nUcqJIujBzVOqBPiYcQGjGClJdc8kG4W1OwcXSPpBqiGfN2HbuCaVatuTYEWiV2QKhRouuZX349JGtJIEY6l7NlWopwMC8UIp3mln0qaYBLgIe1pGuGQSiebHpCjY634aBALXZFCU/X3RoZDKcehpydDrEZy3puI/3m9VA2unIxFSapoRGYPDVKOVIwmaSCfCUoUH2uCiWD6r4iMsMBE6cwqOgR7/uRF0j6t2xf18/uzauOmiKMMh3AEJ2DDJTTgDprQAgI5PMMrvBlPxovxbnzMRktGsbMPf2B8/gAXc5TQ</latexit>

sk+1 = sk + dkgk
<latexit sha1_base64="xgW8hWIh8aw5ZoQTKGab1hvcl80=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIQqEkxddGKLpxWcE+oI1hMp20QyYPZiZCCQV/xY0LRdz6He78G6dtFtp64MLhnHu59x4v4Uwqy/o2CkvLK6trxfXSxubW9o65u9eScSoIbZKYx6LjYUk5i2hTMcVpJxEUhx6nbS+4mfjtRyoki6N7NUqoE+JBxHxGsNKSax5gNwsq9hhdIewGqIIGbvBQc82yVbWmQIvEzkkZcjRc86vXj0ka0kgRjqXs2lainAwLxQin41IvlTTBJMAD2tU0wiGVTjY9f4yOtdJHfix0RQpN1d8TGQ6lHIWe7gyxGsp5byL+53VT5V86GYuSVNGIzBb5KUcqRpMsUJ8JShQfaYKJYPpWRIZYYKJ0YiUdgj3/8iJp1ar2efXs7rRcv87jKMIhHMEJ2HABdbiFBjSBQAbP8ApvxpPxYrwbH7PWgpHP7MMfGJ8/Z26T2g==</latexit>

ak+1 = ak + g2k

Coordinate-wise  
estimate of Adagrad



Coordinate-wise version
<latexit sha1_base64="RNtXiGT46BhDSMeG92XRQvq9vAI=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQSiURHxthKIblxXsA9oQJpNpO2TyYGYilJCNv+LGhSJu/Qx3/o3TNgttPXAvh3PuZeYeL+FMKsv6NkpLyyura+X1ysbm1vaOubvXlnEqCG2RmMei62FJOYtoSzHFaTcRFIcepx0vuJ34nUcqJIujBzVOqBPiYcQGjGClJdc8kG4W1OwcXSPpBqiGfN2HbuCaVatuTYEWiV2QKhRouuZX349JGtJIEY6l7NlWopwMC8UIp3mln0qaYBLgIe1pGuGQSiebHpCjY634aBALXZFCU/X3RoZDKcehpydDrEZy3puI/3m9VA2unIxFSapoRGYPDVKOVIwmaSCfCUoUH2uCiWD6r4iMsMBE6cwqOgR7/uRF0j6t2xf18/uzauOmiKMMh3AEJ2DDJTTgDprQAgI5PMMrvBlPxovxbnzMRktGsbMPf2B8/gAXc5TQ</latexit>

sk+1 = sk + dkgk
<latexit sha1_base64="xgW8hWIh8aw5ZoQTKGab1hvcl80=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIQqEkxddGKLpxWcE+oI1hMp20QyYPZiZCCQV/xY0LRdz6He78G6dtFtp64MLhnHu59x4v4Uwqy/o2CkvLK6trxfXSxubW9o65u9eScSoIbZKYx6LjYUk5i2hTMcVpJxEUhx6nbS+4mfjtRyoki6N7NUqoE+JBxHxGsNKSax5gNwsq9hhdIewGqIIGbvBQc82yVbWmQIvEzkkZcjRc86vXj0ka0kgRjqXs2lainAwLxQin41IvlTTBJMAD2tU0wiGVTjY9f4yOtdJHfix0RQpN1d8TGQ6lHIWe7gyxGsp5byL+53VT5V86GYuSVNGIzBb5KUcqRpMsUJ8JShQfaYKJYPpWRIZYYKJ0YiUdgj3/8iJp1ar2efXs7rRcv87jKMIhHMEJ2HABdbiFBjSBQAbP8ApvxpPxYrwbH7PWgpHP7MMfGJ8/Z26T2g==</latexit>

ak+1 = ak + g2k
<latexit sha1_base64="cBReESAFkRQANND2Vtt2rxTPrn4="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���
Pk

t=0 dtgt
���
1

The main difference with non-coordinate version



Coordinate-wise version
<latexit sha1_base64="RNtXiGT46BhDSMeG92XRQvq9vAI=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQSiURHxthKIblxXsA9oQJpNpO2TyYGYilJCNv+LGhSJu/Qx3/o3TNgttPXAvh3PuZeYeL+FMKsv6NkpLyyura+X1ysbm1vaOubvXlnEqCG2RmMei62FJOYtoSzHFaTcRFIcepx0vuJ34nUcqJIujBzVOqBPiYcQGjGClJdc8kG4W1OwcXSPpBqiGfN2HbuCaVatuTYEWiV2QKhRouuZX349JGtJIEY6l7NlWopwMC8UIp3mln0qaYBLgIe1pGuGQSiebHpCjY634aBALXZFCU/X3RoZDKcehpydDrEZy3puI/3m9VA2unIxFSapoRGYPDVKOVIwmaSCfCUoUH2uCiWD6r4iMsMBE6cwqOgR7/uRF0j6t2xf18/uzauOmiKMMh3AEJ2DDJTTgDprQAgI5PMMrvBlPxovxbnzMRktGsbMPf2B8/gAXc5TQ</latexit>

sk+1 = sk + dkgk
<latexit sha1_base64="xgW8hWIh8aw5ZoQTKGab1hvcl80=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIQqEkxddGKLpxWcE+oI1hMp20QyYPZiZCCQV/xY0LRdz6He78G6dtFtp64MLhnHu59x4v4Uwqy/o2CkvLK6trxfXSxubW9o65u9eScSoIbZKYx6LjYUk5i2hTMcVpJxEUhx6nbS+4mfjtRyoki6N7NUqoE+JBxHxGsNKSax5gNwsq9hhdIewGqIIGbvBQc82yVbWmQIvEzkkZcjRc86vXj0ka0kgRjqXs2lainAwLxQin41IvlTTBJMAD2tU0wiGVTjY9f4yOtdJHfix0RQpN1d8TGQ6lHIWe7gyxGsp5byL+53VT5V86GYuSVNGIzBb5KUcqRpMsUJ8JShQfaYKJYPpWRIZYYKJ0YiUdgj3/8iJp1ar2efXs7rRcv87jKMIhHMEJ2HABdbiFBjSBQAbP8ApvxpPxYrwbH7PWgpHP7MMfGJ8/Z26T2g==</latexit>

ak+1 = ak + g2k
<latexit sha1_base64="cBReESAFkRQANND2Vtt2rxTPrn4="></latexit>

d̂k+1 =

Pk
t=0 dthgt, x0 � xti���
Pk

t=0 dtgt
���
1

<latexit sha1_base64="TQPAHdoGSLyziwk2kACdqh7nY9s=">AAACF3icbVDLSgMxFM34rPU16tJNsAiCOMyIr41QdOOygn1AZxgyaaYNzTxMMtIS5i/c+CtuXCjiVnf+jWk7C209cOHknHvJvSdIGRXStr+NufmFxaXl0kp5dW19Y9Pc2m6IJOOY1HHCEt4KkCCMxqQuqWSklXKCooCRZtC/HvnNB8IFTeI7OUyJF6FuTEOKkdSSb1oDX/UPnRxewoFvwyPohhxhJSZqrlxxz6VCxTP3zYpt2WPAWeIUpAIK1Hzzy+0kOItILDFDQrQdO5WeQlxSzEhedjNBUoT7qEvamsYoIsJT47tyuK+VDgwTriuWcKz+nlAoEmIYBbozQrInpr2R+J/XzmR44Skap5kkMZ58FGYMygSOQoIdygmWbKgJwpzqXSHuIR2M1FGWdQjO9MmzpHFsOWfW6e1JpXpVxFECu2APHAAHnIMquAE1UAcYPIJn8ArejCfjxXg3Piatc0YxswP+wPj8AcE/nx4=</latexit>

xk+1 = x0 �
sk+1p
ak+1



Coordinate-wise version
<latexit sha1_base64="RNtXiGT46BhDSMeG92XRQvq9vAI=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWQSiURHxthKIblxXsA9oQJpNpO2TyYGYilJCNv+LGhSJu/Qx3/o3TNgttPXAvh3PuZeYeL+FMKsv6NkpLyyura+X1ysbm1vaOubvXlnEqCG2RmMei62FJOYtoSzHFaTcRFIcepx0vuJ34nUcqJIujBzVOqBPiYcQGjGClJdc8kG4W1OwcXSPpBqiGfN2HbuCaVatuTYEWiV2QKhRouuZX349JGtJIEY6l7NlWopwMC8UIp3mln0qaYBLgIe1pGuGQSiebHpCjY634aBALXZFCU/X3RoZDKcehpydDrEZy3puI/3m9VA2unIxFSapoRGYPDVKOVIwmaSCfCUoUH2uCiWD6r4iMsMBE6cwqOgR7/uRF0j6t2xf18/uzauOmiKMMh3AEJ2DDJTTgDprQAgI5PMMrvBlPxovxbnzMRktGsbMPf2B8/gAXc5TQ</latexit>

sk+1 = sk + dkgk
<latexit sha1_base64="xgW8hWIh8aw5ZoQTKGab1hvcl80=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIQqEkxddGKLpxWcE+oI1hMp20QyYPZiZCCQV/xY0LRdz6He78G6dtFtp64MLhnHu59x4v4Uwqy/o2CkvLK6trxfXSxubW9o65u9eScSoIbZKYx6LjYUk5i2hTMcVpJxEUhx6nbS+4mfjtRyoki6N7NUqoE+JBxHxGsNKSax5gNwsq9hhdIewGqIIGbvBQc82yVbWmQIvEzkkZcjRc86vXj0ka0kgRjqXs2lainAwLxQin41IvlTTBJMAD2tU0wiGVTjY9f4yOtdJHfix0RQpN1d8TGQ6lHIWe7gyxGsp5byL+53VT5V86GYuSVNGIzBb5KUcqRpMsUJ8JShQfaYKJYPpWRIZYYKJ0YiUdgj3/8iJp1ar2efXs7rRcv87jKMIhHMEJ2HABdbiFBjSBQAbP8ApvxpPxYrwbH7PWgpHP7MMfGJ8/Z26T2g==</latexit>
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Papers the talk is based on

M. Ivgi, O. Hinder, Y. Carmon  
DoG is SGD's Best Friend: A Parameter-Free 
Dynamic Step Size Schedule  
ICML 2023 (released February 2023)

A. Khaled, K. Mishchenko, C. Jin  
DoWG Unleashed: An Efficient Universal Parameter-
Free Gradient Descent Method 
arXiv:2305.16284, May 2023

A. Defazio, K. Mishchenko  
Learning-Rate-Free Learning by D-Adaptation
ICML 2023 (released December 2022)

K. Mishchenko, A. Defazio  
Prodigy: An Expeditiously Adaptive Parameter-Free Learner  
arXiv:2306.06101 June 2023
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<latexit sha1_base64="DBI1nWO732SLJxq0P2enzRcFdW4="></latexit>

⌘k =
dkqPk

t=0 d
2
tkgtk2

dk

<latexit sha1_base64="b2KhtIs6ABblT2BNrf0qn5Lc/7I="></latexit>

xk+1 = xk � ⌘kgk



Prodigy

This is the same idea as DoWG
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But let’s go one step further
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Prodigy to D-Adaptation is same 
as DoWG to DoG
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Numerical results

The gap when training ViT on Imagenet 
is almost closed



Numerical results

ResNet-50 on CIFAR10 is still a bit suboptimal
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Conclusion

1. There is still a small performance gap 
2. Stochastic analysis is very hard 
3. No coordinate-wise theory beyond DA 
4. : can we decrease it? 
5. : can we use it coordinate-wise? 
6. Why is Adam helpful?
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