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Motivation & Examples



Standard DL Pipeline

Sample Mini-batch Samples

Define Mini-batch (MB) Losses

Back-propagation on MB Losses 

Update Model Parameters



Non-Convergence Issue

FastAP: Cakir et al. 2019 

Optimizing ranking measures

SimCLR: Chen et al.  2020.

Self-supervised Learning



Non-Convergence Issue

FastAP: Cakir et al. 2019 

Optimizing ranking measures

SimCLR: Chen et al.  2020.

Self-supervised Learning

FCCO is a solution



Stokes et al. 2020. Cell.

Evaluation Metric:  AUPRC

Molecular Property Prediction

MIT AICures Challenge



AUPRC: Highly Imbalanced Data

AUPRC vs AUROC
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Precision

Qi et al. NeurIPS’21

AP surrogate loss is X-risk
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Contrastive Self-supervised Learning

OpenAI’s CLIP (Radford et al. ’21)Google’s SimCLR (Chen et al. ’20) 



CLIP: Zero-shot Classification



Global Contrastive Loss is X-risk

Yuan et al. ICML’22
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Challenges & Baselines



Stochastic Gradient is Expensive
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maxi O(|Si|✏�4)
<latexit sha1_base64="gorsbtO0nTV5H3yCtAWgbGy4wow=">AAACCnicbVC7TsMwFHV4lvIKMLIYKqSyVAmqgLGChY0i6ENqoshxndaq40S2g6jSziz8CgsDCLHyBWz8DU6bAVqOdKWjc+7Vvff4MaNSWda3sbC4tLyyWlgrrm9sbm2bO7tNGSUCkwaOWCTaPpKEUU4aiipG2rEgKPQZafmDy8xv3RMhacTv1DAmboh6nAYUI6UlzzxwQvTg8IjRkCrpUXhdHmlJ9TFi8Najo2PPLFkVawI4T+yclECOumd+Od0IJyHhCjMkZce2YuWmSCiKGRkXnUSSGOEB6pGOphyFRLrp5JUxPNJKFwaR0MUVnKi/J1IUSjkMfd2ZXSlnvUz8z+skKjh3U8rjRBGOp4uChEEVwSwX2KWCYMWGmiAsqL4V4j4SCCudXlGHYM++PE+aJxX7tFK9qZZqF3kcBbAPDkEZ2OAM1MAVqIMGwOARPINX8GY8GS/Gu/ExbV0w8pk98AfG5w/bGJpc</latexit>

maxi O(|Si|)
<latexit sha1_base64="ihvPkEuJZdm/3ZbwzyYhLkOgfxw=">AAAB+XicbVBNSwMxEJ31s9avVY9egkWoB8uuFPVY9OLNCvYD2rVk07QNzSZLki2Upf/EiwdFvPpPvPlvTNs9aOuDgcd7M8zMC2POtPG8b2dldW19YzO3ld/e2d3bdw8O61omitAakVyqZog15UzQmmGG02asKI5CThvh8HbqN0ZUaSbFoxnHNIhwX7AeI9hYqeO698U2jTXjUjyl5+XJWccteCVvBrRM/IwUIEO14361u5IkERWGcKx1y/diE6RYGUY4neTbiaYxJkPcpy1LBY6oDtLZ5RN0apUu6kllSxg0U39PpDjSehyFtjPCZqAXvan4n9dKTO86SJmIE0MFmS/qJRwZiaYxoC5TlBg+tgQTxeytiAywwsTYsPI2BH/x5WVSvyj5l6XyQ7lQucniyMExnEARfLiCCtxBFWpAYATP8ApvTuq8OO/Ox7x1xclmjuAPnM8fm4WTAQ==</latexit>

O(✏�4)

<latexit sha1_base64="rjcev0U3qx9ngL273h92q0TxOQM=">AAACF3icbVC7TsMwFHV4lvIKMLJYVEhloEqqChgrWNgogj6kJkSO67ZWHTuyHUSV9i9Y+BUWBhBihY2/wX0M0HKkKx2dc6/uvSeMGVXacb6thcWl5ZXVzFp2fWNza9ve2a0pkUhMqlgwIRshUoRRTqqaakYasSQoChmph72LkV+/J1JRwW91PyZ+hDqctilG2kiBXfAi9OBxwWhEtQoovMoPjKS7GDF4E9CBR2JFmeB36XFxeBTYOafgjAHniTslOTBFJbC/vJbASUS4xgwp1XSdWPspkppiRoZZL1EkRriHOqRpKEcRUX46/msID43Sgm0hTXENx+rviRRFSvWj0HSOTlaz3kj8z2smun3mp5THiSYcTxa1Ewa1gKOQYItKgjXrG4KwpOZWiLtIIqxNlFkTgjv78jypFQvuSaF0XcqVz6dxZMA+OAB54IJTUAaXoAKqAINH8AxewZv1ZL1Y79bHpHXBms7sgT+wPn8AKKuf6Q==</latexit>

maxi O(|Si|✏�2)

Not Practical 

<latexit sha1_base64="KVD4kIxuK8WCa4WU4AweGrbPRsA=">AAACSHicjVBLSwMxGMzWV62vVY9egkVoQcquFPVY9OKxon1AW5Zv02wbzGaXJKuW0p/nxaM3f4MXD4p4M21X0NaDA4HJzDfky/gxZ0o7zrOVWVhcWl7JrubW1jc2t+ztnbqKEklojUQ8kk0fFOVM0JpmmtNmLCmEPqcN/+Z87DduqVQsEtd6ENNOCD3BAkZAG8mzvbYAnwMOCr1COwTd9wN8d4i/6b3H0gsBjq88ViymgX+Oe3 beKTkT4HnipiSPUlQ9+6ndjUgSUqEJB6VarhPrzhCkZoTTUa6dKBoDuYEebRkqIKSqM5wUMcIHRuniIJLmCI0n6s/EEEKlBqFvJsdLqllvLP7ltRIdnHaGTMSJpoJMHwoSjnWEx63iLpOUaD4wBIhkZldM+iCBaNN9zpTgzn55ntSPSu5xqXxZzlfO0jqyaA/towJy0QmqoAtURTVE0AN6QW/o3Xq0Xq0P63M6mrHSzC76hUzmC1gBr74=</latexit>

rf(g(w,xi,Si))rg(w,xi,Si)



Biased Stochastic Gradient

E

Baseline: BSGD (Hu et al.’19) 

<latexit sha1_base64="KVD4kIxuK8WCa4WU4AweGrbPRsA=">AAACSHicjVBLSwMxGMzWV62vVY9egkVoQcquFPVY9OKxon1AW5Zv02wbzGaXJKuW0p/nxaM3f4MXD4p4M21X0NaDA4HJzDfky/gxZ0o7zrOVWVhcWl7JrubW1jc2t+ztnbqKEklojUQ8kk0fFOVM0JpmmtNmLCmEPqcN/+Z87DduqVQsEtd6ENNOCD3BAkZAG8mzvbYAnwMOCr1COwTd9wN8d4i/6b3H0gsBjq88ViymgX+Oe3beKTkT4HnipiSPUlQ9+6ndjUgSUqEJB6VarhPrzhCkZoTTUa6dKBoDuYEebRkqIKSqM5wUMcIHRuniIJLmCI0n6s/EEEKlBqFvJsdLqllvLP7ltRIdnHaGTMSJpoJMHwoSjnWEx63iLpOUaD4wBIhkZldM+iCBaNN9zpTgzn55ntSPSu5xqXxZzlfO0jqyaA/towJy0QmqoAtURTVE0AN6QW/o3Xq0Xq0P63M6mrHSzC76hUzmC1gBr74=</latexit>

rf(g(w,xi,Si))rg(w,xi,Si)

<latexit sha1_base64="kPxbUlMpjURcrxOEEvQxFVDWedU=">AAACSHicjVBLSwMxGMzWV62vVY9egkVoQcquFPVY6sVjBfuAtizfptk2mM0uSVYtpT/Pi0dv/gYvHhTxZtquoK0HBwKTmW/Il/FjzpR2nGcrs7S8srqWXc9tbG5t79i7ew0VJZLQOol4JFs+KMqZoHXNNKetWFIIfU6b/s3FxG/eUqlYJK71MKbdEPqCBYyANpJnex0BPgccFPqFTgh64Af47hh/03uPpRcCHFc9ViymgX+Oe3beKTlT4EXipiSPUtQ8+6nTi0gSUqEJB6XarhPr7gikZoTTca6TKBoDuYE+bRsqIKSqO5oWMcZHRunhIJLmCI2n6s/ECEKlhqFvJidLqnlvIv7ltRMdnHdHTMSJpoLMHgoSjnWEJ63iHpOUaD40BIhkZldMBiCBaNN9zpTgzn95kTROSu5pqXxVzleqaR1ZdIAOUQG56AxV0CWqoToi6AG9oDf0bj1ar9aH9TkbzVhpZh/9QibzBSD0r5w=</latexit>

rf(g(w,xi,Bi))rg(w,xi,Bi)

Mini-batch



Biased Stochastic Gradient

E

Iteration Complexity Complexity Per-iteration Total Complexity
Convex (C)

Non-Convex 
(NC)

Baseline: BSGD (Hu et al.’19) 
<latexit sha1_base64="cgjblT8vCP6S1tQe3ulq8CC+jCw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQD5akFPVY9OLNCvYD2lg220m7dLMbdjeFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCBmVGnX/bZya+sbm1v57cLO7t7+gX141FQikQQaRDAh2wFWwCiHhqaaQTuWgKOAQSsY3c781hikooI/6kkMfoQHnIaUYG2knm3fl7oQK8oEf0ovKtPznl10y+4czirxMlJEGeo9+6vbFySJgGvCsFIdz421n2KpKWEwLXQTBTEmIzyAjqEcR6D8dH751DkzSt8JhTTFtTNXf0+kOFJqEgWmM8J6qJa9mfif10l0eO2nlMeJBk4Wi8KEOVo4sxicPpVANJsYgomk5laHDLHERJuwCiYEb/nlVdKslL3LcvWhWqzdZHHk0Qk6RSXkoStUQ3eojhqIoDF6Rq/ozUqtF+vd+li05qxs5hj9gfX5A5h5kv8=</latexit>

O(✏�2)
<latexit sha1_base64="ihvPkEuJZdm/3ZbwzyYhLkOgfxw=">AAAB+XicbVBNSwMxEJ31s9avVY9egkWoB8uuFPVY9OLNCvYD2rVk07QNzSZLki2Upf/EiwdFvPpPvPlvTNs9aOuDgcd7M8zMC2POtPG8b2dldW19YzO3ld/e2d3bdw8O61omitAakVyqZog15UzQmmGG02asKI5CThvh8HbqN0ZUaSbFoxnHNIhwX7AeI9hYqeO698U2jTXjUjyl5+XJWccteCVvBrRM/IwUIEO14361u5IkERWGcKx1y/diE6RYGUY4neTbiaYxJkPcpy1LBY6oDtLZ5RN0apUu6kllSxg0U39PpDjSehyFtjPCZqAXvan4n9dKTO86SJmIE0MFmS/qJRwZiaYxoC5TlBg+tgQTxeytiAywwsTYsPI2BH/x5WVSvyj5l6XyQ7lQucniyMExnEARfLiCCtxBFWpAYATP8ApvTuq8OO/Ox7x1xclmjuAPnM8fm4WTAQ==</latexit>

O(✏�4)
<latexit sha1_base64="cgjblT8vCP6S1tQe3ulq8CC+jCw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQD5akFPVY9OLNCvYD2lg220m7dLMbdjeFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCBmVGnX/bZya+sbm1v57cLO7t7+gX141FQikQQaRDAh2wFWwCiHhqaaQTuWgKOAQSsY3c781hikooI/6kkMfoQHnIaUYG2knm3fl7oQK8oEf0ovKtPznl10y+4czirxMlJEGeo9+6vbFySJgGvCsFIdz421n2KpKWEwLXQTBTEmIzyAjqEcR6D8dH751DkzSt8JhTTFtTNXf0+kOFJqEgWmM8J6qJa9mfif10l0eO2nlMeJBk4Wi8KEOVo4sxicPpVANJsYgomk5laHDLHERJuwCiYEb/nlVdKslL3LcvWhWqzdZHHk0Qk6RSXkoStUQ3eojhqIoDF6Rq/ozUqtF+vd+li05qxs5hj9gfX5A5h5kv8=</latexit>

O(✏�2)

<latexit sha1_base64="LfS1aV/6Mg3ao2Y6IYnj3m5uM9w=">AAAB+XicbVBNSwMxEJ31s9avVY9egkWoB8uuFPVY9OLNCvYD2rVk07QNzSZLki2Upf/EiwdFvPpPvPlvTNs9aOuDgcd7M8zMC2POtPG8b2dldW19YzO3ld/e2d3bdw8O61omitAakVyqZog15UzQmmGG02asKI5CThvh8HbqN0ZUaSbFoxnHNIhwX7AeI9hYqeO698U2jTXjUjyl5/7krOMWvJI3A1omfkYKkKHacb/aXUmSiApDONa65XuxCVKsDCOcTvLtRNMYkyHu05alAkdUB+ns8gk6tUoX9aSyJQyaqb8nUhxpPY5C2xlhM9CL3lT8z2slpncdpEzEiaGCzBf1Eo6MRNMYUJcpSgwfW4KJYvZWRAZYYWJsWHkbgr/48jKpX5T8y1L5oVyo3GRx5OAYTqAIPlxBBe6gCjUgMIJneIU3J3VenHfnY9664mQzR/AHzucPlvOS/g==</latexit>

O(✏�1)
<latexit sha1_base64="cBQKk7fmvIBQiCifjkH4OuYVJn0=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahHiyJFvVY9OLNCvYD2lg220m7dLMJu5tCCf0nXjwo4tV/4s1/47bNQVsfDDzem2Fmnh9zprTjfFu5ldW19Y38ZmFre2d3z94/aKgokRTqNOKRbPlEAWcC6pppDq1YAgl9Dk1/eDv1myOQikXiUY9j8ELSFyxglGgjdW37vtSBWDEeiaf07GJy2rWLTtmZAS8TNyNFlKHWtb86vYgmIQhNOVGq7Tqx9lIiNaMcJoVOoiAmdEj60DZUkBCUl84un+ATo/RwEElTQuOZ+nsiJaFS49A3nSHRA7XoTcX/vHaig2svZSJONAg6XxQkHOsIT2PAPSaBaj42hFDJzK2YDogkVJuwCiYEd/HlZdI4L7uX5cpDpVi9yeLIoyN0jErIRVeoiu5QDdURRSP0jF7Rm5VaL9a79TFvzVnZzCH6A+vzB5n/kwA=</latexit>

O(✏�3)
<latexit sha1_base64="rnRl6LFFw3AVOwnwVxDmvnBGqAw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQD5ZESvVY9OLNCvYD2lg220m7dLMbdjeFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCBmVGnX/bZya+sbm1v57cLO7t7+gX141FQikQQaRDAh2wFWwCiHhqaaQTuWgKOAQSsY3c781hikooI/6kkMfoQHnIaUYG2knm3fl7oQK8oEf0ovqtPznl10y+4czirxMlJEGeo9+6vbFySJgGvCsFIdz421n2KpKWEwLXQTBTEmIzyAjqEcR6D8dH751DkzSt8JhTTFtTNXf0+kOFJqEgWmM8J6qJa9mfif10l0eO2nlMeJBk4Wi8KEOVo4sxicPpVANJsYgomk5laHDLHERJuwCiYEb/nlVdK8LHvVcuWhUqzdZHHk0Qk6RSXkoStUQ3eojhqIoDF6Rq/ozUqtF+vd+li05qxs5hj9gfX5A56RkwM=</latexit>

O(✏�6)

<latexit sha1_base64="KVD4kIxuK8WCa4WU4AweGrbPRsA=">AAACSHicjVBLSwMxGMzWV62vVY9egkVoQcquFPVY9OKxon1AW5Zv02wbzGaXJKuW0p/nxaM3f4MXD4p4M21X0NaDA4HJzDfky/gxZ0o7zrOVWVhcWl7JrubW1jc2t+ztnbqKEklojUQ8kk0fFOVM0JpmmtNmLCmEPqcN/+Z87DduqVQsEtd6ENNOCD3BAkZAG8mzvbYAnwMOCr1COwTd9wN8d4i/6b3H0gsBjq88ViymgX+Oe3beKTkT4HnipiSPUlQ9+6ndjUgSUqEJB6VarhPrzhCkZoTTUa6dKBoDuYEebRkqIKSqM5wUMcIHRuniIJLmCI0n6s/EEEKlBqFvJsdLqllvLP7ltRIdnHaGTMSJpoJMHwoSjnWEx63iLpOUaD4wBIhkZldM+iCBaNN9zpTgzn55ntSPSu5xqXxZzlfO0jqyaA/towJy0QmqoAtURTVE0AN6QW/o3Xq0Xq0P63M6mrHSzC76hUzmC1gBr74=</latexit>

rf(g(w,xi,Si))rg(w,xi,Si)

<latexit sha1_base64="kPxbUlMpjURcrxOEEvQxFVDWedU=">AAACSHicjVBLSwMxGMzWV62vVY9egkVoQcquFPVY6sVjBfuAtizfptk2mM0uSVYtpT/Pi0dv/gYvHhTxZtquoK0HBwKTmW/Il/FjzpR2nGcrs7S8srqWXc9tbG5t79i7ew0VJZLQOol4JFs+KMqZoHXNNKetWFIIfU6b/s3FxG/eUqlYJK71MKbdEPqCBYyANpJnex0BPgccFPqFTgh64Af47hh/03uPpRcCHFc9ViymgX+Oe3beKTlT4EXipiSPUtQ8+6nTi0gSUqEJB6XarhPr7gikZoTTca6TKBoDuYE+bRsqIKSqO5oWMcZHRunhIJLmCI2n6s/ECEKlhqFvJidLqnlvIv7ltRMdnHdHTMSJpoLMHgoSjnWEJ63iHpOUaD40BIhkZldMBiCBaNN9zpTgzn95kTROSu5pqXxVzleqaR1ZdIAOUQG56AxV0CWqoToi6AG9oDf0bj1ar9aH9TkbzVhpZh/9QibzBSD0r5w=</latexit>

rf(g(w,xi,Bi))rg(w,xi,Bi)

Mini-batch



Biased Stochastic Gradient

E

Iteration Complexity Complexity Per-iteration Total Complexity
Convex (C)

Non-Convex 
(NC)

Baseline: BSGD (Hu et al.’19) 

Large Batch Size

<latexit sha1_base64="cgjblT8vCP6S1tQe3ulq8CC+jCw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQD5akFPVY9OLNCvYD2lg220m7dLMbdjeFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCBmVGnX/bZya+sbm1v57cLO7t7+gX141FQikQQaRDAh2wFWwCiHhqaaQTuWgKOAQSsY3c781hikooI/6kkMfoQHnIaUYG2knm3fl7oQK8oEf0ovKtPznl10y+4czirxMlJEGeo9+6vbFySJgGvCsFIdz421n2KpKWEwLXQTBTEmIzyAjqEcR6D8dH751DkzSt8JhTTFtTNXf0+kOFJqEgWmM8J6qJa9mfif10l0eO2nlMeJBk4Wi8KEOVo4sxicPpVANJsYgomk5laHDLHERJuwCiYEb/nlVdKslL3LcvWhWqzdZHHk0Qk6RSXkoStUQ3eojhqIoDF6Rq/ozUqtF+vd+li05qxs5hj9gfX5A5h5kv8=</latexit>

O(✏�2)
<latexit sha1_base64="ihvPkEuJZdm/3ZbwzyYhLkOgfxw=">AAAB+XicbVBNSwMxEJ31s9avVY9egkWoB8uuFPVY9OLNCvYD2rVk07QNzSZLki2Upf/EiwdFvPpPvPlvTNs9aOuDgcd7M8zMC2POtPG8b2dldW19YzO3ld/e2d3bdw8O61omitAakVyqZog15UzQmmGG02asKI5CThvh8HbqN0ZUaSbFoxnHNIhwX7AeI9hYqeO698U2jTXjUjyl5+XJWccteCVvBrRM/IwUIEO14361u5IkERWGcKx1y/diE6RYGUY4neTbiaYxJkPcpy1LBY6oDtLZ5RN0apUu6kllSxg0U39PpDjSehyFtjPCZqAXvan4n9dKTO86SJmIE0MFmS/qJRwZiaYxoC5TlBg+tgQTxeytiAywwsTYsPI2BH/x5WVSvyj5l6XyQ7lQucniyMExnEARfLiCCtxBFWpAYATP8ApvTuq8OO/Ox7x1xclmjuAPnM8fm4WTAQ==</latexit>

O(✏�4)
<latexit sha1_base64="cgjblT8vCP6S1tQe3ulq8CC+jCw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQD5akFPVY9OLNCvYD2lg220m7dLMbdjeFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCBmVGnX/bZya+sbm1v57cLO7t7+gX141FQikQQaRDAh2wFWwCiHhqaaQTuWgKOAQSsY3c781hikooI/6kkMfoQHnIaUYG2knm3fl7oQK8oEf0ovKtPznl10y+4czirxMlJEGeo9+6vbFySJgGvCsFIdz421n2KpKWEwLXQTBTEmIzyAjqEcR6D8dH751DkzSt8JhTTFtTNXf0+kOFJqEgWmM8J6qJa9mfif10l0eO2nlMeJBk4Wi8KEOVo4sxicPpVANJsYgomk5laHDLHERJuwCiYEb/nlVdKslL3LcvWhWqzdZHHk0Qk6RSXkoStUQ3eojhqIoDF6Rq/ozUqtF+vd+li05qxs5hj9gfX5A5h5kv8=</latexit>

O(✏�2)

<latexit sha1_base64="LfS1aV/6Mg3ao2Y6IYnj3m5uM9w=">AAAB+XicbVBNSwMxEJ31s9avVY9egkWoB8uuFPVY9OLNCvYD2rVk07QNzSZLki2Upf/EiwdFvPpPvPlvTNs9aOuDgcd7M8zMC2POtPG8b2dldW19YzO3ld/e2d3bdw8O61omitAakVyqZog15UzQmmGG02asKI5CThvh8HbqN0ZUaSbFoxnHNIhwX7AeI9hYqeO698U2jTXjUjyl5/7krOMWvJI3A1omfkYKkKHacb/aXUmSiApDONa65XuxCVKsDCOcTvLtRNMYkyHu05alAkdUB+ns8gk6tUoX9aSyJQyaqb8nUhxpPY5C2xlhM9CL3lT8z2slpncdpEzEiaGCzBf1Eo6MRNMYUJcpSgwfW4KJYvZWRAZYYWJsWHkbgr/48jKpX5T8y1L5oVyo3GRx5OAYTqAIPlxBBe6gCjUgMIJneIU3J3VenHfnY9664mQzR/AHzucPlvOS/g==</latexit>

O(✏�1)
<latexit sha1_base64="cBQKk7fmvIBQiCifjkH4OuYVJn0=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahHiyJFvVY9OLNCvYD2lg220m7dLMJu5tCCf0nXjwo4tV/4s1/47bNQVsfDDzem2Fmnh9zprTjfFu5ldW19Y38ZmFre2d3z94/aKgokRTqNOKRbPlEAWcC6pppDq1YAgl9Dk1/eDv1myOQikXiUY9j8ELSFyxglGgjdW37vtSBWDEeiaf07GJy2rWLTtmZAS8TNyNFlKHWtb86vYgmIQhNOVGq7Tqx9lIiNaMcJoVOoiAmdEj60DZUkBCUl84un+ATo/RwEElTQuOZ+nsiJaFS49A3nSHRA7XoTcX/vHaig2svZSJONAg6XxQkHOsIT2PAPSaBaj42hFDJzK2YDogkVJuwCiYEd/HlZdI4L7uX5cpDpVi9yeLIoyN0jErIRVeoiu5QDdURRSP0jF7Rm5VaL9a79TFvzVnZzCH6A+vzB5n/kwA=</latexit>

O(✏�3)
<latexit sha1_base64="rnRl6LFFw3AVOwnwVxDmvnBGqAw=">AAAB+XicbVBNS8NAEN3Ur1q/oh69BItQD5ZESvVY9OLNCvYD2lg220m7dLMbdjeFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCBmVGnX/bZya+sbm1v57cLO7t7+gX141FQikQQaRDAh2wFWwCiHhqaaQTuWgKOAQSsY3c781hikooI/6kkMfoQHnIaUYG2knm3fl7oQK8oEf0ovqtPznl10y+4czirxMlJEGeo9+6vbFySJgGvCsFIdz421n2KpKWEwLXQTBTEmIzyAjqEcR6D8dH751DkzSt8JhTTFtTNXf0+kOFJqEgWmM8J6qJa9mfif10l0eO2nlMeJBk4Wi8KEOVo4sxicPpVANJsYgomk5laHDLHERJuwCiYEb/nlVdK8LHvVcuWhUqzdZHHk0Qk6RSXkoStUQ3eojhqIoDF6Rq/ozUqtF+vd+li05qxs5hj9gfX5A56RkwM=</latexit>

O(✏�6)

<latexit sha1_base64="KVD4kIxuK8WCa4WU4AweGrbPRsA=">AAACSHicjVBLSwMxGMzWV62vVY9egkVoQcquFPVY9OKxon1AW5Zv02wbzGaXJKuW0p/nxaM3f4MXD4p4M21X0NaDA4HJzDfky/gxZ0o7zrOVWVhcWl7JrubW1jc2t+ztnbqKEklojUQ8kk0fFOVM0JpmmtNmLCmEPqcN/+Z87DduqVQsEtd6ENNOCD3BAkZAG8mzvbYAnwMOCr1COwTd9wN8d4i/6b3H0gsBjq88ViymgX+Oe3beKTkT4HnipiSPUlQ9+6ndjUgSUqEJB6VarhPrzhCkZoTTUa6dKBoDuYEebRkqIKSqM5wUMcIHRuniIJLmCI0n6s/EEEKlBqFvJsdLqllvLP7ltRIdnHaGTMSJpoJMHwoSjnWEx63iLpOUaD4wBIhkZldM+iCBaNN9zpTgzn55ntSPSu5xqXxZzlfO0jqyaA/towJy0QmqoAtURTVE0AN6QW/o3Xq0Xq0P63M6mrHSzC76hUzmC1gBr74=</latexit>

rf(g(w,xi,Si))rg(w,xi,Si)

<latexit sha1_base64="kPxbUlMpjURcrxOEEvQxFVDWedU=">AAACSHicjVBLSwMxGMzWV62vVY9egkVoQcquFPVY6sVjBfuAtizfptk2mM0uSVYtpT/Pi0dv/gYvHhTxZtquoK0HBwKTmW/Il/FjzpR2nGcrs7S8srqWXc9tbG5t79i7ew0VJZLQOol4JFs+KMqZoHXNNKetWFIIfU6b/s3FxG/eUqlYJK71MKbdEPqCBYyANpJnex0BPgccFPqFTgh64Af47hh/03uPpRcCHFc9ViymgX+Oe3beKTlT4EXipiSPUtQ8+6nTi0gSUqEJB6XarhPr7gikZoTTca6TKBoDuYE+bRsqIKSqO5oWMcZHRunhIJLmCI2n6s/ECEKlhqFvJidLqnlvIv7ltRMdnHdHTMSJpoLMHgoSjnWEJ63iHpOUaD40BIhkZldMBiCBaNN9zpTgzn95kTROSu5pqXxVzleqaR1ZdIAOUQG56AxV0CWqoToi6AG9oDf0bj1ar9aH9TkbzVhpZh/9QibzBSD0r5w=</latexit>

rf(g(w,xi,Bi))rg(w,xi,Bi)

Mini-batch



History

No Coupling

<latexit sha1_base64="MwSEFNeUCd77hm1A2D25+ClryMI=">AAACM3icbVDLSsNAFJ34rPVVdelmsAjtpiTiC9wURRBXFewDkhAm00k7dPJgZqLW2H9y44+4EMSFIm79B6dphNp6YODMOfdy7z1uxKiQuv6qzczOzS8s5pbyyyura+uFjc2GCGOOSR2HLOQtFwnCaEDqkkpGWhEnyHcZabq9s6HfvCFc0DC4lv2I2D7qBNSjGEklOYVLy0ey67rw3EmseyLRwPslpXHrjj6MVLPjqE/mefD2BKZ62S47haJe0VPAaWJkpAgy1JzCs9UOceyTQGKGhDANPZJ2grikmJFB3ooFiRDuoQ4xFQ2QT4SdpDcP4K5S2tALuXqBhKk63pEgX4i+76rK4api0huK/3lmLL1jO6FBFEsS4NEgL2ZQhnAYIGxTTrBkfUUQ5lTtCnEXcYSlijmvQjAmT54mjb2KcVg5uNovVk+zOHJgG+yAEjDAEaiCC1ADdYDBI3gB7+BDe9LetE/ta1Q6o2U9W+APtO8forereA==</latexit>

E⇣f⇣(E⇠|⇣ [g⇠(w; ⇣)])

<latexit sha1_base64="RsPRJ38YKYb4q8CCOlW7wPaCnj8=">AAACJnicbVDLSsNAFJ34rPUVdelmsAjtpiTiayMURXBZwT6gCWEynbRDJw9mJmoN+Ro3/oobFxURd36KkzZCbT0wzOGce7n3HjdiVEjD+NIWFpeWV1YLa8X1jc2tbX1ntynCmGPSwCELedtFgjAakIakkpF2xAnyXUZa7uAq81v3hAsaBndyGBHbR72AehQjqSRHv7B8JPuuC6+dxHoiEqXeLylPW4807fQc9eWqBx8qdsXRS0bVGAPOEzMnJZCj7ugjqxvi2CeBxAwJ0TGNSNoJ4pJiRtKiFQsSITxAPdJRNEA+EXYyPjOFh0rpQi/k6gUSjtXpjgT5Qgx9V1VmO4pZLxP/8zqx9M7thAZRLEmAJ4O8mEEZwiwz2KWcYMmGiiDMqdoV4j7iCEuVbFGFYM6ePE+aR1XztHpye1yqXeZxFMA+OABlYIIzUAM3oA4aAINn8ApG4F170d60D+1zUrqg5T174A+07x/gu6X/</latexit>

E⇣f⇣(E⇠[g⇠(w)])

Huge Batch 
Size

• Stochastic Compositional Optimization
– Ermoliev’76, Wang et al’14 (SGCD)
– Wang et al’17, Ghadimi et al’20 (NASA)
– Zhang & Xiao’19, ‘21, Balasubramanian et al’21, Chen 

et al’21
– Qi et al’21, Jiang et al.’22 (optimal rates)

• Conditional Stochastic Optimization
–  Hu et al’19



Algorithms & Theories



Our Goals
1. Simple as SGD for ERM

2. Constant Batch Size Ensures Convergence

3. Same-order Complexity as SGD for ERM

4. Parallel Speed-up using Mini-Batch  



Overview of Our Results

SOAP    (NeurIPS’21)

SOX      (ICML’22)

MOAP   (AISTATS’22)

First Provable Algorithm

Improving Rate of NC functions

Parallel Speed-up & Cvx functions 

MSVR   (NeurIPS’22) Improving Rate of NC & Cvx functions

SONX   (NeurIPS’23) Non-smooth NC Functions



SOX: Steps 
Estimator of gi

Gradient 
Estimator

Wang & Yang. ICML’22

Model
Update

Momentum 
or
Adam

<latexit sha1_base64="Yac6dQFY06F3dPI+Yxca8PZOrpw="></latexit>

ut+1
i =

⇢
(1� �t)ut

i + �tg(wt,xi,Bi), xi 2 Bt
1

ut
i o.w.

<latexit sha1_base64="i3PMAo+ATaCSNu+ouWFR9XEehQE="></latexit>

Gt =
1

B1

X

xi2Bt
1

rf(ut
i)rg(wt,xi,Bi)

<latexit sha1_base64="2sYwKX2pRH6+DPnY5GaU1JuRnFs=">AAACH3icbVDLSgMxFM34rPVVdekmWARBLDNSqhuh6MZlBfuAzjBk0kwbmnmQ3KmUoX/ixl9x40IRcde/MW1H1NYDgcM555J7jxcLrsA0x8bS8srq2npuI7+5tb2zW9jbb6gokZTVaSQi2fKIYoKHrA4cBGvFkpHAE6zp9W8mfnPApOJReA/DmDkB6Ybc55SAltxCxQ4I9DwfP7gpnFojfIV/FMBn2GZANPkWB7OYWyiaJXMKvEisjBRRhppb+LQ7EU0CFgIVRKm2ZcbgpEQCp4KN8naiWExon3RZW9OQBEw56fS+ET7WSgf7kdQvBDxVf0+kJFBqGHg6OVlTzXsT8T+vnYB/6aQ8jBNgIZ195CcCQ4QnZeEOl4yCGGpCqOR6V0x7RBIKutK8LsGaP3mRNM5LVqVUvisXq9dZHTl0iI7QCbLQBaqiW1RDdUTRI3pGr+jNeDJejHfjYxZdMrKZA/QHxvgLv1yhkg==</latexit>wt+1 = wt � ⌘tvt+1

<latexit sha1_base64="/IyAZLSb7koqekXTTYiLHYiBScY=">AAACInicbVDJSgNBEO1xjXGLevTSGIRIMMxIcDkIQQ96jGAWSMLQ0+lJmvQsdNcEwpBv8eKvePGgqCfBj7EnmUNMfFDweK+KqnpOKLgC0/w2lpZXVtfWMxvZza3tnd3c3n5dBZGkrEYDEcimQxQT3Gc14CBYM5SMeI5gDWdwm/iNIZOKB/4jjELW8UjP5y6nBLRk567aHoG+4+KhHUPRGuNr3HYYENvCs84YF3HBOk2tE3xng53LmyVzArxIrJTkUYqqnftsdwMaecwHKohSLcsMoRMTCZwKNs62I8VCQgekx1qa+sRjqhNPXhzjY610sRtIXT7giTo7ERNPqZHn6M7kbDXvJeJ/XisC97ITcz+MgPl0usiNBIYAJ3nhLpeMghhpQqjk+lZM+0QSCjrVrA7Bmn95kdTPStZ5qfxQzldu0jgy6BAdoQKy0AWqoHtURTVE0RN6QW/o3Xg2Xo0P42vaumSkMwfoD4yfX1TSoak=</latexit>

vt+1 = �1vt + (1� �1)Gt



SOX: Analysis

Estimator of gi

Wang & Yang. ICML’22

<latexit sha1_base64="RV5a/UMHrmGWMwzwWtDnJ5f3yTA="></latexit>

1

n

nX

i=1

(ut
i � g(wt;xi,Si))

2

<latexit sha1_base64="Yac6dQFY06F3dPI+Yxca8PZOrpw="></latexit>

ut+1
i =

⇢
(1� �t)ut

i + �tg(wt,xi,Bi), xi 2 Bt
1

ut
i o.w.



SOX: Analysis

Estimator of gi

Wang & Yang. ICML’22

<latexit sha1_base64="VW7ZqqKqgplM44/JmdQyfQ+g/GQ=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUVwVRIRdSMU3bis0Bc0MUwmk3boTBJmJkIZsnfjr7hxoYhbf8Cdf+M0zUJbD1w4nHPvzL0nSCkR0ra/jcrK6tr6RnWztrW9s7tn7h/0RJJxhLsooQkfBFBgSmLclURSPEg5hiyguB9MbmZ+/wFzQZK4I6cp9hgcxSQiCEot+WbdLd5QHIe5G3GIlJOrTu6KjPlKXjn5fcc3G3bTLmAtE6ckDVCi7ZtfbpigjOFYIgqFGDp2Kj0FuSSI4rzmZgKnEE3gCA81jSHDwlPFHrl1rJXQihKuK5ZWof6eUJAJMWWB7mRQjsWiNxP/84aZjC49ReI0kzhG84+ijFoysWbBWCHhGEk61QQiTvSuFhpDnYjU8dV0CM7iycukd9p0zptnd2eN1nUZRxUcgTo4AQ64AC1wC9qgCxB4BM/gFbwZT8aL8W58zFsrRjlzCP7A+PwBJXebvw==</latexit>

1

T

TX

t=1

<latexit sha1_base64="L8cLTFC5LNn+wwRu/9XsKcQ9j2s=">AAACGXicbVDLSgMxFM34rPVVdekmWATdlBkp6rLoxp0VWlvolJJJ77TBzKPJHaEM8xtu/BU3LhRxqSv/xnTsQlsPJBzOuffm5nixFBpt+8taWFxaXlktrBXXNza3tks7u7c6ShSHJo9kpNoe0yBFCE0UKKEdK2CBJ6Hl3V1O/NY9KC2isIHjGLoBG4TCF5yhkXol281npAr6mSthRK/N7eOR6yvGUydLXT1SmDayzFViMMTjXqlsV+wcdJ44U1ImU9R7pQ+3H/EkgBC5ZFp3HDvGbsoUCi4hK7qJhpjxOzaAjqEhC0B303yrjB4apU/9SJkTIs3V3x0pC7QeB56pDBgO9aw3Ef/zOgn6591UhHGCEPKfh/xEUozoJCbaFwo4yrEhjCthdqV8yEwmaMIsmhCc2S/Pk9uTinNaqd5Uy7WLaRwFsk8OyBFxyBmpkStSJ03CyQN5Ii/k1Xq0nq036/2ndMGa9uyRP7A+vwEwuKGs</latexit>

 O

✓
1p
T

◆
<latexit sha1_base64="g+m1vWF9zL8JRYgyBSTaQdqerZo=">AAACAXicbVDLSsNAFL3xWesr6kZwM1gEVyWRoi6LblxWsA9oQplMJu3QSSbMTJQS6sZfceNCEbf+hTv/xmnahbYeuHA45965c0+Qcqa043xbS8srq2vrpY3y5tb2zq69t99SIpOENongQnYCrChnCW1qpjntpJLiOOC0HQyvJ377nkrFRHKnRyn1Y9xPWMQI1kbq2Yde8UYuaTj2JOsPNJZSPCCnZ1ecqlMALRJ3RiowQ6Nnf3mhIFlME004VqrrOqn2cyw1I5yOy16maIrJEPdp19AEx1T5ebF9jE6MEqJISFOJRoX6eyLHsVKjODCdMdYDNe9NxP+8bqajSz9nSZppmpDpoijjSAs0iQOFTFKi+cgQTCQzf0VkgCUm2oRWNiG48ycvktZZ1T2v1m5rlfrVLI4SHMExnIILF1CHG2hAEwg8wjO8wpv1ZL1Y79bHtHXJms0cwB9Ynz8OSZdH</latexit>! 0

<latexit sha1_base64="RV5a/UMHrmGWMwzwWtDnJ5f3yTA="></latexit>

1

n

nX

i=1

(ut
i � g(wt;xi,Si))

2

<latexit sha1_base64="Yac6dQFY06F3dPI+Yxca8PZOrpw="></latexit>

ut+1
i =

⇢
(1� �t)ut

i + �tg(wt,xi,Bi), xi 2 Bt
1

ut
i o.w.



SOX: Analysis

Estimator of gi

Wang & Yang. ICML’22

<latexit sha1_base64="VW7ZqqKqgplM44/JmdQyfQ+g/GQ=">AAACC3icbVDLSsNAFJ3UV62vqEs3oUVwVRIRdSMU3bis0Bc0MUwmk3boTBJmJkIZsnfjr7hxoYhbf8Cdf+M0zUJbD1w4nHPvzL0nSCkR0ra/jcrK6tr6RnWztrW9s7tn7h/0RJJxhLsooQkfBFBgSmLclURSPEg5hiyguB9MbmZ+/wFzQZK4I6cp9hgcxSQiCEot+WbdLd5QHIe5G3GIlJOrTu6KjPlKXjn5fcc3G3bTLmAtE6ckDVCi7ZtfbpigjOFYIgqFGDp2Kj0FuSSI4rzmZgKnEE3gCA81jSHDwlPFHrl1rJXQihKuK5ZWof6eUJAJMWWB7mRQjsWiNxP/84aZjC49ReI0kzhG84+ijFoysWbBWCHhGEk61QQiTvSuFhpDnYjU8dV0CM7iycukd9p0zptnd2eN1nUZRxUcgTo4AQ64AC1wC9qgCxB4BM/gFbwZT8aL8W58zFsrRjlzCP7A+PwBJXebvw==</latexit>

1

T

TX

t=1

Stochastic Coordinate Descent (SCD)

<latexit sha1_base64="L8cLTFC5LNn+wwRu/9XsKcQ9j2s=">AAACGXicbVDLSgMxFM34rPVVdekmWATdlBkp6rLoxp0VWlvolJJJ77TBzKPJHaEM8xtu/BU3LhRxqSv/xnTsQlsPJBzOuffm5nixFBpt+8taWFxaXlktrBXXNza3tks7u7c6ShSHJo9kpNoe0yBFCE0UKKEdK2CBJ6Hl3V1O/NY9KC2isIHjGLoBG4TCF5yhkXol281npAr6mSthRK/N7eOR6yvGUydLXT1SmDayzFViMMTjXqlsV+wcdJ44U1ImU9R7pQ+3H/EkgBC5ZFp3HDvGbsoUCi4hK7qJhpjxOzaAjqEhC0B303yrjB4apU/9SJkTIs3V3x0pC7QeB56pDBgO9aw3Ef/zOgn6591UhHGCEPKfh/xEUozoJCbaFwo4yrEhjCthdqV8yEwmaMIsmhCc2S/Pk9uTinNaqd5Uy7WLaRwFsk8OyBFxyBmpkStSJ03CyQN5Ii/k1Xq0nq036/2ndMGa9uyRP7A+vwEwuKGs</latexit>

 O

✓
1p
T

◆
<latexit sha1_base64="g+m1vWF9zL8JRYgyBSTaQdqerZo=">AAACAXicbVDLSsNAFL3xWesr6kZwM1gEVyWRoi6LblxWsA9oQplMJu3QSSbMTJQS6sZfceNCEbf+hTv/xmnahbYeuHA45965c0+Qcqa043xbS8srq2vrpY3y5tb2zq69t99SIpOENongQnYCrChnCW1qpjntpJLiOOC0HQyvJ377nkrFRHKnRyn1Y9xPWMQI1kbq2Yde8UYuaTj2JOsPNJZSPCCnZ1ecqlMALRJ3RiowQ6Nnf3mhIFlME004VqrrOqn2cyw1I5yOy16maIrJEPdp19AEx1T5ebF9jE6MEqJISFOJRoX6eyLHsVKjODCdMdYDNe9NxP+8bqajSz9nSZppmpDpoijjSAs0iQOFTFKi+cgQTCQzf0VkgCUm2oRWNiG48ycvktZZ1T2v1m5rlfrVLI4SHMExnIILF1CHG2hAEwg8wjO8wpv1ZL1Y79bHtHXJms0cwB9Ynz8OSZdH</latexit>! 0

<latexit sha1_base64="RV5a/UMHrmGWMwzwWtDnJ5f3yTA="></latexit>

1

n

nX

i=1

(ut
i � g(wt;xi,Si))

2

<latexit sha1_base64="Yac6dQFY06F3dPI+Yxca8PZOrpw="></latexit>

ut+1
i =

⇢
(1� �t)ut

i + �tg(wt,xi,Bi), xi 2 Bt
1

ut
i o.w.



SOX: Complexity 

Wang & Yang. ICML’22

<latexit sha1_base64="Be5lgHMUwoSZbWtKEw0dK834ysk=">AAACGXicbVDLTgJBEJzFF+IL9ehlIjHBC9klRD0SjcYjJvJIWCCzQy9MmJ1dZ2Y1BPgNL/6KFw8a41FP/o3D46BgJZ1UqrrT3eVFnClt299WYml5ZXUtuZ7a2Nza3knv7lVUGEsKZRryUNY8ooAzAWXNNIdaJIEEHoeq17sY+9V7kIqF4lb3I2gEpCOYzyjRRmqlbTcguut5+NIduoJ4nOCr7FTz8cOxO2zmXQ53LkSK8VA08610xs7ZE+BF4sxIBs1QaqU/3XZI4wCEppwoVXfsSDcGRGpGOYxSbqwgIrRHOlA3VJAAVGMw+WyEj4zSxn4oTQmNJ+rviQEJlOoHnukc36zmvbH4n1ePtX/WGDARxRoEnS7yY451iMcx4TaTQDXvG0KoZOZWTLtEEqpNmCkTgjP/8iKp5HPOSa5wU8gUz2dxJNEBOkRZ5KBTVETXqITKiKJH9Ixe0Zv1ZL1Y79bHtDVhzWb20R9YXz93ip/9</latexit>

EkrF (w)k2  ✏2

Iteration 
Complexity

<latexit sha1_base64="aAKvdyHWk3ZPdM7wLod8mv8NfN0=">AAACEXicbVBNS8NAEN34bf2qevQSLEK9lESKeiz14k0F2wpNDJvtpF3cbMLuRCihf8GLf8WLB0W8evPmv3Hb5qDVBwOP92aYmRemgmt0nC9rbn5hcWl5ZbW0tr6xuVXe3mnrJFMMWiwRiboJqQbBJbSQo4CbVAGNQwGd8O5s7HfuQWmeyGscpuDHtC95xBlFIwXl6oUnIMKqFynKcjnKm4HbDI48SDUXibytjzzF+wM8DMoVp+ZMYP8lbkEqpMBlUP70egnLYpDIBNW66zop+jlVyJmAUcnLNKSU3dE+dA2VNAbt55OPRvaBUXp2lChTEu2J+nMip7HWwzg0nTHFgZ71xuJ/XjfD6NTPuUwzBMmmi6JM2JjY43jsHlfAUAwNoUxxc6vNBtRkgybEkgnBnX35L2kf1dzjWv2qXmk0izhWyB7ZJ1XikhPSIOfkkrQIIw/kibyQV+vRerberPdp65xVzOySX7A+vgE6sZ1I</latexit>

O

✓
n

B1B2✏
4

◆

Better Total Complexity than SGD and BSGD

<latexit sha1_base64="iY0rKk66XdD4vKA/E4Tjf7eL/OU=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5UgBIwVLIxF0IfURJHjOq1Vxwm2g6jSDiz8CgsDCLHyEWz8De5jgJYjWT46517de0+QcKa0bX9buaXlldW1/HphY3Nre6e4u9dQcSoJrZOYx7IVYEU5E7Sumea0lUiKo4DTZtC/HPvNeyoVi8WtHiTUi3BXsJARrI3kF0vC5fQOuRF+8Bkaml/3COboxmdDv1i2K/YEaJE4M1KGGWp+8cvtxCSNqNCEY6Xajp1oL8NSM8LpqOCmiiaY9HGXtg0VOKLKyyZHjNChUToojKV5QqOJ+rsjw5FSgygwleMl1bw3Fv/z2qkOz72MiSTVVJDpoDDlSMdonAjqMEmJ5gNDMJHM7IpID0tMtMmtYEJw5k9eJI3jinNaObk+KVcvZnHkoQQHcAQOnEEVrqAGdSDwCM/wCm/Wk/VivVsf09KcNevZhz+wPn8ASgOX4Q==</latexit>

n  max
i

|Si|
<latexit sha1_base64="lODpeEv92KJihB+ypmzgB/ckmSM=">AAACA3icbVBNS8NAEN34WetX1JteFovgqSSlqMeiF48V7Ac0sWy2k3bpZhN3N0IJBS/+FS8eFPHqn/Dmv3Hb5qCtDwYe780wMy9IOFPacb6tpeWV1bX1wkZxc2t7Z9fe22+qOJUUGjTmsWwHRAFnAhqaaQ7tRAKJAg6tYHg18VsPIBWLxa0eJeBHpC9YyCjRRurah8LjcI+9UBKauePMg0QxHou7yrhrl5yyMwVeJG5OSihHvWt/eb2YphEITTlRquM6ifYzIjWjHMZFL1WQEDokfegYKkgEys+mP4zxiVF6OIylKaHxVP09kZFIqVEUmM6I6IGa9ybif14n1eGFnzGRpBoEnS0KU451jCeB4B6TQDUfGUKoZOZWTAfExKFNbEUTgjv/8iJpVsruWbl6Uy3VLvM4CugIHaNT5KJzVEPXqI4aiKJH9Ixe0Zv1ZL1Y79bHrHXJymcO0B9Ynz8w5Zfj</latexit>

n  1

✏2

Assumption: smoothness & Lipschitz continuity  



SOX: Complexity 

Wang & Yang. ICML’22

<latexit sha1_base64="Be5lgHMUwoSZbWtKEw0dK834ysk=">AAACGXicbVDLTgJBEJzFF+IL9ehlIjHBC9klRD0SjcYjJvJIWCCzQy9MmJ1dZ2Y1BPgNL/6KFw8a41FP/o3D46BgJZ1UqrrT3eVFnClt299WYml5ZXUtuZ7a2Nza3knv7lVUGEsKZRryUNY8ooAzAWXNNIdaJIEEHoeq17sY+9V7kIqF4lb3I2gEpCOYzyjRRmqlbTcguut5+NIduoJ4nOCr7FTz8cOxO2zmXQ53LkSK8VA08610xs7ZE+BF4sxIBs1QaqU/3XZI4wCEppwoVXfsSDcGRGpGOYxSbqwgIrRHOlA3VJAAVGMw+WyEj4zSxn4oTQmNJ+rviQEJlOoHnukc36zmvbH4n1ePtX/WGDARxRoEnS7yY451iMcx4TaTQDXvG0KoZOZWTLtEEqpNmCkTgjP/8iKp5HPOSa5wU8gUz2dxJNEBOkRZ5KBTVETXqITKiKJH9Ixe0Zv1ZL1Y79bHtDVhzWb20R9YXz93ip/9</latexit>

EkrF (w)k2  ✏2

Iteration 
Complexity

<latexit sha1_base64="aAKvdyHWk3ZPdM7wLod8mv8NfN0=">AAACEXicbVBNS8NAEN34bf2qevQSLEK9lESKeiz14k0F2wpNDJvtpF3cbMLuRCihf8GLf8WLB0W8evPmv3Hb5qDVBwOP92aYmRemgmt0nC9rbn5hcWl5ZbW0tr6xuVXe3mnrJFMMWiwRiboJqQbBJbSQo4CbVAGNQwGd8O5s7HfuQWmeyGscpuDHtC95xBlFIwXl6oUnIMKqFynKcjnKm4HbDI48SDUXibytjzzF+wM8DMoVp+ZMYP8lbkEqpMBlUP70egnLYpDIBNW66zop+jlVyJmAUcnLNKSU3dE+dA2VNAbt55OPRvaBUXp2lChTEu2J+nMip7HWwzg0nTHFgZ71xuJ/XjfD6NTPuUwzBMmmi6JM2JjY43jsHlfAUAwNoUxxc6vNBtRkgybEkgnBnX35L2kf1dzjWv2qXmk0izhWyB7ZJ1XikhPSIOfkkrQIIw/kibyQV+vRerberPdp65xVzOySX7A+vgE6sZ1I</latexit>

O

✓
n

B1B2✏
4

◆ SCD of u

Better Total Complexity than SGD and BSGD

<latexit sha1_base64="iY0rKk66XdD4vKA/E4Tjf7eL/OU=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5UgBIwVLIxF0IfURJHjOq1Vxwm2g6jSDiz8CgsDCLHyEWz8De5jgJYjWT46517de0+QcKa0bX9buaXlldW1/HphY3Nre6e4u9dQcSoJrZOYx7IVYEU5E7Sumea0lUiKo4DTZtC/HPvNeyoVi8WtHiTUi3BXsJARrI3kF0vC5fQOuRF+8Bkaml/3COboxmdDv1i2K/YEaJE4M1KGGWp+8cvtxCSNqNCEY6Xajp1oL8NSM8LpqOCmiiaY9HGXtg0VOKLKyyZHjNChUToojKV5QqOJ+rsjw5FSgygwleMl1bw3Fv/z2qkOz72MiSTVVJDpoDDlSMdonAjqMEmJ5gNDMJHM7IpID0tMtMmtYEJw5k9eJI3jinNaObk+KVcvZnHkoQQHcAQOnEEVrqAGdSDwCM/wCm/Wk/VivVsf09KcNevZhz+wPn8ASgOX4Q==</latexit>

n  max
i

|Si|
<latexit sha1_base64="lODpeEv92KJihB+ypmzgB/ckmSM=">AAACA3icbVBNS8NAEN34WetX1JteFovgqSSlqMeiF48V7Ac0sWy2k3bpZhN3N0IJBS/+FS8eFPHqn/Dmv3Hb5qCtDwYe780wMy9IOFPacb6tpeWV1bX1wkZxc2t7Z9fe22+qOJUUGjTmsWwHRAFnAhqaaQ7tRAKJAg6tYHg18VsPIBWLxa0eJeBHpC9YyCjRRurah8LjcI+9UBKauePMg0QxHou7yrhrl5yyMwVeJG5OSihHvWt/eb2YphEITTlRquM6ifYzIjWjHMZFL1WQEDokfegYKkgEys+mP4zxiVF6OIylKaHxVP09kZFIqVEUmM6I6IGa9ybif14n1eGFnzGRpBoEnS0KU451jCeB4B6TQDUfGUKoZOZWTAfExKFNbEUTgjv/8iJpVsruWbl6Uy3VLvM4CugIHaNT5KJzVEPXqI4aiKJH9Ixe0Zv1ZL1Y79bHrHXJymcO0B9Ynz8w5Zfj</latexit>

n  1

✏2

Assumption: smoothness & Lipschitz continuity  



SOX: Complexity 

Wang & Yang. ICML’22

<latexit sha1_base64="Be5lgHMUwoSZbWtKEw0dK834ysk=">AAACGXicbVDLTgJBEJzFF+IL9ehlIjHBC9klRD0SjcYjJvJIWCCzQy9MmJ1dZ2Y1BPgNL/6KFw8a41FP/o3D46BgJZ1UqrrT3eVFnClt299WYml5ZXUtuZ7a2Nza3knv7lVUGEsKZRryUNY8ooAzAWXNNIdaJIEEHoeq17sY+9V7kIqF4lb3I2gEpCOYzyjRRmqlbTcguut5+NIduoJ4nOCr7FTz8cOxO2zmXQ53LkSK8VA08610xs7ZE+BF4sxIBs1QaqU/3XZI4wCEppwoVXfsSDcGRGpGOYxSbqwgIrRHOlA3VJAAVGMw+WyEj4zSxn4oTQmNJ+rviQEJlOoHnukc36zmvbH4n1ePtX/WGDARxRoEnS7yY451iMcx4TaTQDXvG0KoZOZWTLtEEqpNmCkTgjP/8iKp5HPOSa5wU8gUz2dxJNEBOkRZ5KBTVETXqITKiKJH9Ixe0Zv1ZL1Y79bHtDVhzWb20R9YXz93ip/9</latexit>

EkrF (w)k2  ✏2

Iteration 
Complexity

<latexit sha1_base64="aAKvdyHWk3ZPdM7wLod8mv8NfN0=">AAACEXicbVBNS8NAEN34bf2qevQSLEK9lESKeiz14k0F2wpNDJvtpF3cbMLuRCihf8GLf8WLB0W8evPmv3Hb5qDVBwOP92aYmRemgmt0nC9rbn5hcWl5ZbW0tr6xuVXe3mnrJFMMWiwRiboJqQbBJbSQo4CbVAGNQwGd8O5s7HfuQWmeyGscpuDHtC95xBlFIwXl6oUnIMKqFynKcjnKm4HbDI48SDUXibytjzzF+wM8DMoVp+ZMYP8lbkEqpMBlUP70egnLYpDIBNW66zop+jlVyJmAUcnLNKSU3dE+dA2VNAbt55OPRvaBUXp2lChTEu2J+nMip7HWwzg0nTHFgZ71xuJ/XjfD6NTPuUwzBMmmi6JM2JjY43jsHlfAUAwNoUxxc6vNBtRkgybEkgnBnX35L2kf1dzjWv2qXmk0izhWyB7ZJ1XikhPSIOfkkrQIIw/kibyQV+vRerberPdp65xVzOySX7A+vgE6sZ1I</latexit>

O

✓
n

B1B2✏
4

◆ SCD of u

Match SGD

Better Total Complexity than SGD and BSGD

<latexit sha1_base64="iY0rKk66XdD4vKA/E4Tjf7eL/OU=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5UgBIwVLIxF0IfURJHjOq1Vxwm2g6jSDiz8CgsDCLHyEWz8De5jgJYjWT46517de0+QcKa0bX9buaXlldW1/HphY3Nre6e4u9dQcSoJrZOYx7IVYEU5E7Sumea0lUiKo4DTZtC/HPvNeyoVi8WtHiTUi3BXsJARrI3kF0vC5fQOuRF+8Bkaml/3COboxmdDv1i2K/YEaJE4M1KGGWp+8cvtxCSNqNCEY6Xajp1oL8NSM8LpqOCmiiaY9HGXtg0VOKLKyyZHjNChUToojKV5QqOJ+rsjw5FSgygwleMl1bw3Fv/z2qkOz72MiSTVVJDpoDDlSMdonAjqMEmJ5gNDMJHM7IpID0tMtMmtYEJw5k9eJI3jinNaObk+KVcvZnHkoQQHcAQOnEEVrqAGdSDwCM/wCm/Wk/VivVsf09KcNevZhz+wPn8ASgOX4Q==</latexit>

n  max
i

|Si|
<latexit sha1_base64="lODpeEv92KJihB+ypmzgB/ckmSM=">AAACA3icbVBNS8NAEN34WetX1JteFovgqSSlqMeiF48V7Ac0sWy2k3bpZhN3N0IJBS/+FS8eFPHqn/Dmv3Hb5qCtDwYe780wMy9IOFPacb6tpeWV1bX1wkZxc2t7Z9fe22+qOJUUGjTmsWwHRAFnAhqaaQ7tRAKJAg6tYHg18VsPIBWLxa0eJeBHpC9YyCjRRurah8LjcI+9UBKauePMg0QxHou7yrhrl5yyMwVeJG5OSihHvWt/eb2YphEITTlRquM6ifYzIjWjHMZFL1WQEDokfegYKkgEys+mP4zxiVF6OIylKaHxVP09kZFIqVEUmM6I6IGa9ybif14n1eGFnzGRpBoEnS0KU451jCeB4B6TQDUfGUKoZOZWTAfExKFNbEUTgjv/8iJpVsruWbl6Uy3VLvM4CugIHaNT5KJzVEPXqI4aiKJH9Ixe0Zv1ZL1Y79bHrHXJymcO0B9Ynz8w5Zfj</latexit>

n  1

✏2

Assumption: smoothness & Lipschitz continuity  



SOX: Complexity 

Wang & Yang. ICML’22

<latexit sha1_base64="Be5lgHMUwoSZbWtKEw0dK834ysk=">AAACGXicbVDLTgJBEJzFF+IL9ehlIjHBC9klRD0SjcYjJvJIWCCzQy9MmJ1dZ2Y1BPgNL/6KFw8a41FP/o3D46BgJZ1UqrrT3eVFnClt299WYml5ZXUtuZ7a2Nza3knv7lVUGEsKZRryUNY8ooAzAWXNNIdaJIEEHoeq17sY+9V7kIqF4lb3I2gEpCOYzyjRRmqlbTcguut5+NIduoJ4nOCr7FTz8cOxO2zmXQ53LkSK8VA08610xs7ZE+BF4sxIBs1QaqU/3XZI4wCEppwoVXfsSDcGRGpGOYxSbqwgIrRHOlA3VJAAVGMw+WyEj4zSxn4oTQmNJ+rviQEJlOoHnukc36zmvbH4n1ePtX/WGDARxRoEnS7yY451iMcx4TaTQDXvG0KoZOZWTLtEEqpNmCkTgjP/8iKp5HPOSa5wU8gUz2dxJNEBOkRZ5KBTVETXqITKiKJH9Ixe0Zv1ZL1Y79bHtDVhzWb20R9YXz93ip/9</latexit>

EkrF (w)k2  ✏2

Iteration 
Complexity

<latexit sha1_base64="aAKvdyHWk3ZPdM7wLod8mv8NfN0=">AAACEXicbVBNS8NAEN34bf2qevQSLEK9lESKeiz14k0F2wpNDJvtpF3cbMLuRCihf8GLf8WLB0W8evPmv3Hb5qDVBwOP92aYmRemgmt0nC9rbn5hcWl5ZbW0tr6xuVXe3mnrJFMMWiwRiboJqQbBJbSQo4CbVAGNQwGd8O5s7HfuQWmeyGscpuDHtC95xBlFIwXl6oUnIMKqFynKcjnKm4HbDI48SDUXibytjzzF+wM8DMoVp+ZMYP8lbkEqpMBlUP70egnLYpDIBNW66zop+jlVyJmAUcnLNKSU3dE+dA2VNAbt55OPRvaBUXp2lChTEu2J+nMip7HWwzg0nTHFgZ71xuJ/XjfD6NTPuUwzBMmmi6JM2JjY43jsHlfAUAwNoUxxc6vNBtRkgybEkgnBnX35L2kf1dzjWv2qXmk0izhWyB7ZJ1XikhPSIOfkkrQIIw/kibyQV+vRerberPdp65xVzOySX7A+vgE6sZ1I</latexit>

O

✓
n

B1B2✏
4

◆ SCD of u

Match SGD

Parallel Speed-up

Better Total Complexity than SGD and BSGD

<latexit sha1_base64="iY0rKk66XdD4vKA/E4Tjf7eL/OU=">AAACBHicbVC7TsMwFL0pr1JeBcYuFhUSU5UgBIwVLIxF0IfURJHjOq1Vxwm2g6jSDiz8CgsDCLHyEWz8De5jgJYjWT46517de0+QcKa0bX9buaXlldW1/HphY3Nre6e4u9dQcSoJrZOYx7IVYEU5E7Sumea0lUiKo4DTZtC/HPvNeyoVi8WtHiTUi3BXsJARrI3kF0vC5fQOuRF+8Bkaml/3COboxmdDv1i2K/YEaJE4M1KGGWp+8cvtxCSNqNCEY6Xajp1oL8NSM8LpqOCmiiaY9HGXtg0VOKLKyyZHjNChUToojKV5QqOJ+rsjw5FSgygwleMl1bw3Fv/z2qkOz72MiSTVVJDpoDDlSMdonAjqMEmJ5gNDMJHM7IpID0tMtMmtYEJw5k9eJI3jinNaObk+KVcvZnHkoQQHcAQOnEEVrqAGdSDwCM/wCm/Wk/VivVsf09KcNevZhz+wPn8ASgOX4Q==</latexit>

n  max
i

|Si|
<latexit sha1_base64="lODpeEv92KJihB+ypmzgB/ckmSM=">AAACA3icbVBNS8NAEN34WetX1JteFovgqSSlqMeiF48V7Ac0sWy2k3bpZhN3N0IJBS/+FS8eFPHqn/Dmv3Hb5qCtDwYe780wMy9IOFPacb6tpeWV1bX1wkZxc2t7Z9fe22+qOJUUGjTmsWwHRAFnAhqaaQ7tRAKJAg6tYHg18VsPIBWLxa0eJeBHpC9YyCjRRurah8LjcI+9UBKauePMg0QxHou7yrhrl5yyMwVeJG5OSihHvWt/eb2YphEITTlRquM6ifYzIjWjHMZFL1WQEDokfegYKkgEys+mP4zxiVF6OIylKaHxVP09kZFIqVEUmM6I6IGa9ybif14n1eGFnzGRpBoEnS0KU451jCeB4B6TQDUfGUKoZOZWTAfExKFNbEUTgjv/8iJpVsruWbl6Uy3VLvM4CugIHaNT5KJzVEPXqI4aiKJH9Ixe0Zv1ZL1Y79bHrHXJymcO0B9Ynz8w5Zfj</latexit>

n  1

✏2

Assumption: smoothness & Lipschitz continuity  



SOX: Complexity 

Wang & Yang. ICML’22

Iteration 
Complexity

<latexit sha1_base64="8D+evY6h4v877OVm5dQhSRvMpEI=">AAACEXicbVA9SwNBEN3zM8avqKXNYRBiE+40qGWIjZ0RzAfk4rG3mUsW9/aO3TkhHPkLNv4VGwtFbO3s/DduPgqNPhh4vDfDzLwgEVyj43xZC4tLyyurubX8+sbm1nZhZ7ep41QxaLBYxKodUA2CS2ggRwHtRAGNAgGt4O5i7LfuQWkeyxscJtCNaF/ykDOKRvILpStPQIglL1SUZXKU1Xy35h97kGguYnl7MvIU7w/wyC8UnbIzgf2XuDNSJDPU/cKn14tZGoFEJqjWHddJsJtRhZwJGOW9VENC2R3tQ8dQSSPQ3Wzy0cg+NErPDmNlSqI9UX9OZDTSehgFpjOiONDz3lj8z+ukGJ53My6TFEGy6aIwFTbG9jgeu8cVMBRDQyhT3NxqswE12aAJMW9CcOdf/kuax2X3tFy5rhSrtVkcObJPDkiJuOSMVMklqZMGYeSBPJEX8mo9Ws/Wm/U+bV2wZjN75Besj285JZ1H</latexit>

O

✓
n

B1B2✏
3

◆

Using Double-loop Trick

Objective is Convex

Not Match SGD

<latexit sha1_base64="oMCsYdBAKYCEYuG0g8yv302B2EA=">AAACHnicbVDLSgMxFM3UV62vqks3wSK0gmVG6mNZFMVlBfuAzlAy6Z02NPMwySil9Evc+CtuXCgiuNK/MdN2UVsPBE7OvYd773EjzqQyzR8jtbC4tLySXs2srW9sbmW3d2oyjAWFKg15KBoukcBZAFXFFIdGJID4Loe627tM6vUHEJKFwZ3qR+D4pBMwj1GitNTKntg+UV3XxVfN6/yYe/ixgI/w1Ld1WHBsDvfYhkgynvhyZtEcAc8Ta0JyaIJKK/tlt0Ma+xAoyomUTcuMlDMgQjHKYZixYwkRoT3SgaamAfFBOoPReUN8oJU29kKhX6DwSJ12DIgvZd93dWeysZytJeJ/tWasvHNnwIIoVhDQ8SAv5liFOMkKt5kAqnhfE0IF07ti2iWCUKUTzegQrNmT50ntuGidFku3pVz5YhJHGu2hfZRHFjpDZXSDKqiKKHpCL+gNvRvPxqvxYXyOW1PGxLOL/sD4/gUmwqCv</latexit>

E[F (w)� F (w⇤)]  ✏



MSVR: Steps 
Estimator of gi

Gradient 
Estimator

Jiang et al. NeurIPS’22

STORM (Cutkosky and Orabona’19)

Error Correction

<latexit sha1_base64="jX9eoqBL/GCCjis76K01cQbI1ys="></latexit>

ut+1
i = (1� �t)u

t
i + �tgi(wt,Bi) + �t(gi(wt,Bi)� gi(wt�1,Bi)), xi 2 Bt

1

<latexit sha1_base64="4y+ECkDYBIft/YoMSDpH2mt8C88=">AAACH3icbVDLSgMxFM3Ud32NunQTLIIiLTNS1I1Q6sZlBVuFThkyaaaGJpkhuSOUoX/ixl9x40IRcde/MX0Ivg7cy+Gce0nuiVLBDXjeyCnMzS8sLi2vFFfX1jc23a3tlkkyTVmTJiLRtxExTHDFmsBBsNtUMyIjwW6i/sXYv7ln2vBEXcMgZR1JeorHnBKwUuieBBEDEgI+x0GsCc1VuR76w9y2A78c9IiU1j0c4iPs4zL+EkK35FW8CfBf4s9ICc3QCN2PoJvQTDIFVBBj2r6XQicnGjgVbFgMMsNSQvukx9qWKiKZ6eST+4Z43ypdHCfalgI8Ub9v5EQaM5CRnZQE7sxvbyz+57UziM86OVdpBkzR6UNxJjAkeBwW7nLNKIiBJYRqbv+K6R2xMYGNtGhD8H+f/Je0jiv+SaV6VS3V6rM4ltEu2kMHyEenqIYuUQM1EUUP6Am9oFfn0Xl23pz36WjBme3soB9wRp/SX6Bb</latexit>

�t =
n�B1

B1(1� �t)
+ 1� �t



MSVR: Complexity 

Non-Convex
<latexit sha1_base64="THJ5EYxp1hl1C6Jt1ZIgI4dDXuc=">AAACGHicbZBNT8JAEIa3+IX4hXr00khM9IItEvVI8OJNTERNKJLtMoUN223dnZqQpj/Di3/FiweN8crNf+OCHBR9k02evDOT2Xn9WHCNjvNp5ebmFxaX8suFldW19Y3i5ta1jhLFoMkiEalbn2oQXEITOQq4jRXQ0Bdw4w/OxvWbB1CaR/IKhzG0Q9qTPOCMorE6xcMLT0CA+16gKEtlltY7rqfvFRqoZB7EmotI3h1lnuK9Ph50iiWn7Exk/wV3CiUyVaNTHHndiCUhSGSCat1ynRjbKVXImYCs4CUaYsoGtActg5KGoNvp5LDM3jNO1w4iZZ5Ee+L+nEhpqPUw9E1nSLGvZ2tj879aK8HgtJ1yGScIkn0vChJhY2SPU7K7XAFDMTRAmeLmrzbrUxMRmiwLJgR39uS/cF0pu8fl6mW1VKtP48iTHbJL9olLTkiNnJMGaRJGHskzeSVv1pP1Yr1bH9+tOWs6s01+yRp9AXQtoKs=</latexit>

O

✓
n

B1
p
B2✏

3

◆
Convex

<latexit sha1_base64="Of+easSjKnIYqs19WUxYEb5zAfU=">AAACGHicbZC7SgNBFIZnvcZ4i1raLAZBm7gbglqG2NgZwVwgG8Ps5GwyZHZ2nTkrhCWPYeOr2FgoYpvOt3FyKTT6w8DHf87hzPn9WHCNjvNlLS2vrK6tZzaym1vbO7u5vf26jhLFoMYiEammTzUILqGGHAU0YwU09AU0/MHVpN54BKV5JO9wGEM7pD3JA84oGquTO7vxBAR44gWKslSO0krH9fSDQgPFkQex5iKS9wYV7/XxtJPLOwVnKvsvuHPIk7mqndzY60YsCUEiE1TrluvE2E6pQs4EjLJeoiGmbEB70DIoaQi6nU4PG9nHxunaQaTMk2hP3Z8TKQ21Hoa+6Qwp9vVibWL+V2slGFy2Uy7jBEGy2aIgETZG9iQlu8sVMBRDA5Qpbv5qsz41EaHJMmtCcBdP/gv1YsE9L5RuS/lyZR5HhhySI3JCXHJByuSaVEmNMPJEXsgbebeerVfrw/qctS5Z85kD8kvW+BtyoaCq</latexit>

O

✓
n

B1
p
B2✏

2

◆

Match SGD

Jiang et al. NeurIPS’22

Assumption: average smoothness & Lipschitz continuity  



MSVR: Complexity 

Non-Convex
<latexit sha1_base64="THJ5EYxp1hl1C6Jt1ZIgI4dDXuc=">AAACGHicbZBNT8JAEIa3+IX4hXr00khM9IItEvVI8OJNTERNKJLtMoUN223dnZqQpj/Di3/FiweN8crNf+OCHBR9k02evDOT2Xn9WHCNjvNp5ebmFxaX8suFldW19Y3i5ta1jhLFoMkiEalbn2oQXEITOQq4jRXQ0Bdw4w/OxvWbB1CaR/IKhzG0Q9qTPOCMorE6xcMLT0CA+16gKEtlltY7rqfvFRqoZB7EmotI3h1lnuK9Ph50iiWn7Exk/wV3CiUyVaNTHHndiCUhSGSCat1ynRjbKVXImYCs4CUaYsoGtActg5KGoNvp5LDM3jNO1w4iZZ5Ee+L+nEhpqPUw9E1nSLGvZ2tj879aK8HgtJ1yGScIkn0vChJhY2SPU7K7XAFDMTRAmeLmrzbrUxMRmiwLJgR39uS/cF0pu8fl6mW1VKtP48iTHbJL9olLTkiNnJMGaRJGHskzeSVv1pP1Yr1bH9+tOWs6s01+yRp9AXQtoKs=</latexit>
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Convex
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Match SGD

Jiang et al. NeurIPS’22
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Non-trivial
(ongoing)

Assumption: average smoothness & Lipschitz continuity  



SONX: Non-smooth Non-convex

Hu et al. NeurIPS’23
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SONX: Non-smooth Non-convex

Hu et al. NeurIPS’23
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Non-Smooth Weakly-Convex
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SONX: Non-smooth Non-convex

Hu et al. NeurIPS’23

<latexit sha1_base64="RmZMpR9ZNyAYXyrw4UMyJVkT3dY="></latexit>

min
w

F (w) =
1

n
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i=1

f(g(w,xi,Si))

Non-Smooth Weakly-Convex

f  is non-decreasing

<latexit sha1_base64="oTTx/A4RSRK7+TThFKC7vNF7XZY="></latexit>

krf(ui)�rf(g(w,xi,Si))k2  Lfkui � (g(w,xi,Si)k2



SONX: Steps

Hu et al. NeurIPS’23

Estimator of gi

Gradient Estimator

Same as SGD

Same as MSVR

Same as SOX

Model Update



SONX: Analysis and Complexity

Hu et al. NeurIPS’23
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SONX: Analysis and Complexity

Hu et al. NeurIPS’23
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SONX: Analysis and Complexity

Hu et al. NeurIPS’23

<latexit sha1_base64="nQ8L/NgVaMXTex/X+bz9VnCzLgM="></latexit>

 1

n

X

i

⇥
f(gi(wt))� f(ut

i)� @f(ut
i)(gi(wt)� ut

i)
⇤

<latexit sha1_base64="m00gzPRsEOZLh0rbx8lQ+q6cRpo="></latexit>

�O(kbwt �wtk2) +O(
1

n

X

i

kut
i � gi(wt)k2)

<latexit sha1_base64="3g51sTX755E2TQC+WTC8e718JTk="></latexit>

E[min
t

kbwt �wtk2]  ✏2

Weakly-
Convex

Non-
Decreasing First-order Error
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Applications in ML/AI



Applications
• AUPRC/AP Maximization

• Contrastive Self-supervised Learning

• Other Applications



0.2% 
Positive

3.5% Positive 2 ~3%  Improvement

33%  
Improvement

2.2% 
Positive

3%  
Improvement

AP Max. for Molecular Property Prediction

Qi et al. NeurIPS’22
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Collaborating with Prof. 
Shuiwang Ji’s group

Stokes et al. 2020. Cell.

1st Place at MIT AICures Challenge



AUPRC

AUROC

5% Improvement in AUPRC,  3% Improvement in AUROC

w/o LibAUC

1st Place at MIT AICures Challenge

Wang et al. (Bioinformatics’22)



Contrastive Self-supervised Learning

OpenAI’s CLIP (Radford et al. ’21)Google’s SimCLR (Chen et al. ’20) 



Global Contrastive Loss (GCL)

<latexit sha1_base64="im6lp/+/j2nWEwm+yqHsfRRH2xw="></latexit>

`GCL(xi) = ⌧ log
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@
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>hw(xj)� hw(xi)
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<latexit sha1_base64="7Nof9noKKsGq3Ja1/YmQjgHh5O8=">AAACEnicbVDLSsNAFJ3UV62vqEs3g0VoQUoiRV0W3bisYB/QhjCZTtqxk0mYmagl9Bvc+CtuXCji1pU7/8ZJG6G2Hhg4c8693HuPFzEqlWV9G7ml5ZXVtfx6YWNza3vH3N1ryjAWmDRwyELR9pAkjHLSUFQx0o4EQYHHSMsbXqZ+644ISUN+o0YRcQLU59SnGCktuWa5SxgrdQOkBp4P74/hL31w6ezntuyaRatiTQAXiZ2RIshQd82vbi/EcUC4wgxJ2bGtSDkJEopiRsaFbixJhPAQ9UlHU44CIp1kctIYHmmlB/1Q6McVnKizHQkKpBwFnq5Md5TzXir+53Vi5Z87CeVRrAjH00F+zKAKYZoP7FFBsGIjTRAWVO8K8QAJhJVOsaBDsOdPXiTNk4p9WqleV4u1iyyOPDgAh6AEbHAGauAK1EEDYPAInsEreDOejBfj3fiYluaMrGcf/IHx+QM57ZyS</latexit>

`(w,xi,xj)

SogCLR = SOX +  
<latexit sha1_base64="jwO21azOeO9s51WnK9QcV/x9eVU=">AAACF3icbVDLSsNAFJ34rPUVdelmsAgtSkmkqBuh6MZlBfuANobJdNIOnUzCzEQsoX/hxl9x40IRt7rzb5y0WfThgYEz59zLvfd4EaNSWdavsbS8srq2ntvIb25t7+yae/sNGcYCkzoOWShaHpKEUU7qiipGWpEgKPAYaXqDm9RvPhIhacjv1TAiToB6nPoUI6Ul1yzHxU6AVN/z4ZNLT+HU5+GkBK/gjF9yzYJVtsaAi8TOSAFkqLnmT6cb4jggXGGGpGzbVqScBAlFMSOjfCeWJEJ4gHqkrSlHAZFOMr5rBI+10oV+KPTjCo7V6Y4EBVIOA09XpjvKeS8V//PasfIvnYTyKFaE48kgP2ZQhTANCXapIFixoSYIC6p3hbiPBMJKR5nXIdjzJy+SxlnZPi9X7iqF6nUWRw4cgiNQBDa4AFVwC2qgDjB4Bq/gHXwYL8ab8Wl8TUqXjKznAMzA+P4D8Cad6A==</latexit>

u(xi,x
+
i ) = u(xi)

Temperature 

All Negative Data



SogCLR vs SimCLR

Yuan et al. ICML’22
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Optimizing Temperature

Sensitive to Temperature



DRO for Optimizing Temperatures

<latexit sha1_base64="O3ckxl9rkJjO3LOSeBYnOfa5CKU="></latexit>

`RGCL(xi) := max
p2�m

X
xj2S�

i

pj`(w,xi,xj)� ⌧0KL(p,1/m)

s.t. KL(p,1/m)  ⇢,

Robust Global Contrastive Loss

Weights

Qiu et al. ICML’23



Optimization Algorithm: iSogCLR 
<latexit sha1_base64="10YIKpxwMpMU2ZAchLbIfzuplCc="></latexit>

min
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⇢
⌧i logExj⇠S�

i
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◆
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�

Let us Optimize It

iSogCLR = SogCLR + SCD update of temperatures

Individualized 

Qiu et al. ICML’23



Automatic Temperature Individualization (ATI)

“Hot” Images
High Temperature

“Cold” Images
Low Temperature



Experiments: vs OpenAI CLIP
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Faster/Better Convergence



Experiments: vs Google SimCLR

Better Representations

CIFAR-10



Experiments: vs Google SimCLR 

Not Sensitive to Initial Temperature



Experiments: vs Others

Better Predictive Performance

Image

Image-text



Deep X-risk Optimization

Medicine

Search Engines

Recommender
Systems

GenAI

X-risks

Areas under the Curves

Ranking Measures

Global Contrastive Losses

AUROC AUPRC

1W pAUC 2W pAUC

NDCG

mAPListNet

Push

Self-supervisedSupervised

Top-k 
performance

1

n

nX

i=1

fi(gi(w; zi,Si))

Library Facts

Formula

Features
§ Any batch size
§ Big data
§ Convergence guaranteed
§ Deployment is easy

When Using this Library
§ Learning with Imbalanced Data
§ Learning to Rank
§ Contrastive Learning





Simple Training Pipeline

detach from 
Computation Graph 

<latexit sha1_base64="VIfZ/PvjF7GO+CNHTc8u5g+4UDA="></latexit>

Gt =
1

B1

X

xi2Bt
1

rf(ut
i)g(wt,xi,Bi)



Summary

• FCCO: General Framework
– Extensive theories (C/NC, S/NS)

• X-risks: Broad Applications
– AUC, AP, NDCG, GCL, etc.

• LibAUC Library: Practical Algorithms
– Many people are using
– Please give us feedback
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