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Image Credit: Kelsey Piper. AI “agents” could do real work in the real world. That might not be a good thing. 2024 (Malorny/Getty Images)

What’s next … LLMs      Agents

Agents make decisions and actions 
that can affect their environment
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Image Credit: VentureBeat made with Bing Image Creator

What follows … Agents talking to agents   
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APR 09, 2025,  Rao Surapaneni, Miku Jha, Michael Vakoc, Todd Segal
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Multi-Agent Systems
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2010 Flash Crash

Image credit: Tim Fries (2025) Flash Crashes: What They Are, How They Work6
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Failure modes in multi-agent systems

1. Miscoordination
- Agents fail to cooperate despite 

having the same goal.

2. Conflict 
- Agents with different goals fail  

to cooperate.
- Social Dilemmas

3. Collusion 
- Competitive settings where we 

do not want agents cooperating. 
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Failure modes in multi-agent systems

1. Miscoordination
- Agents fail to cooperate despite 

having the same goal.

2. Conflict 
- Agents with different goals fail  

to cooperate.
- Social Dilemmas

3. Collusion 
- Competitive settings where we 

do not want agents cooperating. 
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Reinforcement Learning

Image Credit: J K Terry, Multi-Agent Deep Reinforcement Learning in 13 Lines of Code Using PettingZoo: A tutorial on multi-agent deep reinforcement learning for beginners, Feb. 20219



Multi-Agent Reinforcement Learning

<latexit sha1_base64="dReBFCvOUo+2XEyN7AlXux04k/g=">AAAB7HicbVBNS8NAEJ3Urxq/qh69hBbBU0k8VI8VL56kgv2AtpTNdtMu3WzC7kQooT9BT4KKePUPeRJ/hH/BTduDtj4YeLw3w8w8PxZco+t+WrmV1bX1jfymvbW9s7tX2D9o6ChRlNVpJCLV8olmgktWR46CtWLFSOgL1vRHl5nfvGNK80je4jhm3ZAMJA84JZhJtu5hr1Byy+4UzjLx5qRULb7cf1+Mvmq9wkenH9EkZBKpIFq3PTfGbkoUcirYxO4kmsWEjsiAtQ2VJGS6m05vnTjHRuk7QaRMSXSm6u+JlIRaj0PfdIYEh3rRy8T/vHaCwXk35TJOkEk6WxQkwsHIyR53+lwximJsCKGKm1sdOiSKUDTx2LZJwVv8eZk0TstepVy5MXFcwwx5OIIinIAHZ1CFK6hBHSgM4QGe4NmS1qP1ar3NWnPWfOYQ/sB6/wGInJIT</latexit>st

<latexit sha1_base64="dReBFCvOUo+2XEyN7AlXux04k/g=">AAAB7HicbVBNS8NAEJ3Urxq/qh69hBbBU0k8VI8VL56kgv2AtpTNdtMu3WzC7kQooT9BT4KKePUPeRJ/hH/BTduDtj4YeLw3w8w8PxZco+t+WrmV1bX1jfymvbW9s7tX2D9o6ChRlNVpJCLV8olmgktWR46CtWLFSOgL1vRHl5nfvGNK80je4jhm3ZAMJA84JZhJtu5hr1Byy+4UzjLx5qRULb7cf1+Mvmq9wkenH9EkZBKpIFq3PTfGbkoUcirYxO4kmsWEjsiAtQ2VJGS6m05vnTjHRuk7QaRMSXSm6u+JlIRaj0PfdIYEh3rRy8T/vHaCwXk35TJOkEk6WxQkwsHIyR53+lwximJsCKGKm1sdOiSKUDTx2LZJwVv8eZk0TstepVy5MXFcwwx5OIIinIAHZ1CFK6hBHSgM4QGe4NmS1qP1ar3NWnPWfOYQ/sB6/wGInJIT</latexit>st

1

2

<latexit sha1_base64="j+sVRNgKnD70nQL1+IJkwGn0NzU=">AAAB/HicbVDLSsNAFJ3UV42vWJduBqtQQUrioros6MJlBfuANobJdNIOnTyYuRFLqZ/iSlAQt/6IK//GSdqFth64l8M59zJ3jp8IrsC2v43Cyura+kZx09za3tnds/ZLLRWnkrImjUUsOz5RTPCINYGDYJ1EMhL6grX90VXmtx+YVDyO7mCcMDckg4gHnBLQkmeV5L1TUR6cYZI134NTzyrbVTsHXibOnJTrx0GOhmd99foxTUMWARVEqa5jJ+BOiAROBZuavVSxhNARGbCuphEJmXIn+e1TfKKVPg5iqSsCnKu/NyYkVGoc+noyJDBUi14m/ud1Uwgu3QmPkhRYRGcPBanAEOMsCNznklEQY00IlVzfiumQSEJBx2WaOgVn8c/LpHVedWrV2q2O4xrNUESH6AhVkIMuUB3doAZqIooe0TN6RW/Gk/FivBsfs9GCMd85QH9gfP4AFQGV2Q==</latexit>

r1(st, at, bt)

<latexit sha1_base64="VHXCYR61QGGpK3TzFugWZGlhOI4=">AAAB/HicbVDLSsNAFJ3UV42vWJduBqtQQUrSRXVZ0IXLCvYBbQyT6aQdOnkwcyOWUj/FlaAgbv0RV/6Nk9SFth64l8M59zJ3jp8IrsC2v4zCyura+kZx09za3tnds/ZLbRWnkrIWjUUsuz5RTPCItYCDYN1EMhL6gnX88WXmd+6ZVDyObmGSMDckw4gHnBLQkmeV5F2tojw4wyRrvgennlW2q3YOvEycH1JuHAc5mp712R/ENA1ZBFQQpXqOnYA7JRI4FWxm9lPFEkLHZMh6mkYkZMqd5rfP8IlWBjiIpa4IcK7+3piSUKlJ6OvJkMBILXqZ+J/XSyG4cKc8SlJgEZ0/FKQCQ4yzIPCAS0ZBTDQhVHJ9K6YjIgkFHZdp6hScxT8vk3at6tSr9RsdxxWao4gO0RGqIAedowa6Rk3UQhQ9oCf0gl6NR+PZeDPe56MF42fnAP2B8fENFpWV2g==</latexit>

r2(st, at, bt)

<latexit sha1_base64="B2oFVQrypiew3QBFxc15rhoHvMg=">AAACEXicbVDJSgNBEO2JWxy3UY9emgQxIoQZD1HwEvTiMYJZIBOHnk4nadKz0F0jhDGf4En/xJOgIF49esrf2FkOmvig4PFeFVX1/FhwBbY9MjJLyyura9l1c2Nza3vH2t2rqSiRlFVpJCLZ8IligoesChwEa8SSkcAXrO73r8Z+/Z5JxaPwFgYxawWkG/IOpwS05FlHmHiAXcUD7Mb8zim4tB0BfsDKgwvsQo8B8Zxj7Fl5u2hPgBeJMyP5cs49eR6VBxXP+nbbEU0CFgIVRKmmY8fQSokETgUbmm6iWExon3RZU9OQBEy10slDQ3yolTbuRFJXCHii/p5ISaDUIPB1Z0Cgp+a9sfif10ygc95KeRgnwEI6XdRJBIYIj9PBbS4ZBTHQhFDJ9a2Y9ogkFHSGpqlTcOZ/XiS106JTKpZudByXaIosOkA5VEAOOkNldI0qqIooekQv6A29G0/Gq/FhfE5bM8ZsZh/9gfH1A0PLnio=</latexit>

a
t ⇠

⇡ 1
(·|s

t ; ✓
1 )

<latexit sha1_base64="FIYf8HvKwgk9se/UWgr234s+26Y=">AAACEXicbVDJSgNBEO1xjeM26tFLkyBGhDCTQxS8BL14jGAWyMShp9NJmvQsdNcIQ8wneNI/8SQoiFePnvI3dpaDJj4oeLxXRVU9PxZcgW2PjKXlldW19cyGubm1vbNr7e3XVJRIyqo0EpFs+EQxwUNWBQ6CNWLJSOALVvf7V2O/fs+k4lF4C2nMWgHphrzDKQEtedYx9j3AruIBdmN+V8y7tB0BfsDKgwvsQo8B8Yon2LNydsGeAC8SZ0Zy5ax7+jwqpxXP+nbbEU0CFgIVRKmmY8fQGhAJnAo2NN1EsZjQPumypqYhCZhqDSYPDfGRVtq4E0ldIeCJ+ntiQAKl0sDXnQGBnpr3xuJ/XjOBznlrwMM4ARbS6aJOIjBEeJwObnPJKIhUE0Il17di2iOSUNAZmqZOwZn/eZHUigWnVCjd6Dgu0RQZdIiyKI8cdIbK6BpVUBVR9Ihe0Bt6N56MV+PD+Jy2LhmzmQP0B8bXD0iZni0=</latexit>

bt ⇠ ⇡2(·|st; ✓2)

<latexit sha1_base64="b1Ys180ItWtqYP2401dPviNjH+w=">AAACBHicbVDLSsNAFJ3UV42vqDvdDFahopTERXVZ0IXLCrYV2hIm00k7dPJg5kYoseDKT3ElKIhbf8KVf+Mk7UJbD9zL4Zx7mbnHiwVXYNvfRmFhcWl5pbhqrq1vbG5Z2ztNFSWSsgaNRCTvPKKY4CFrAAfB7mLJSOAJ1vKGl5nfumdS8Si8hVHMugHph9znlICWXGuvXlZuCifOGD9g5cIpJlnzXDh2rZJdsXPgeeJMSal26Oeou9ZXpxfRJGAhUEGUajt2DN2USOBUsLHZSRSLCR2SPmtrGpKAqW6a3zDGR1rpYT+SukLAufp7IyWBUqPA05MBgYGa9TLxP6+dgH/RTXkYJ8BCOnnITwSGCGeB4B6XjIIYaUKo5PqvmA6IJBR0bKapU3Bmb54nzbOKU61Ub3QcV2iCItpHB6iMHHSOauga1VEDUfSIntErejOejBfj3fiYjBaM6c4u+gPj8wd8FpjO</latexit>

P (st+1|st, at, bt)

Image Credit: J K Terry, Multi-Agent Deep Reinforcement Learning in 13 Lines of Code Using PettingZoo: A tutorial on multi-agent deep reinforcement learning for beginners, Feb. 202110



Multi-Agent Reinforcement Learning

Image Credit: J K Terry, Multi-Agent Deep Reinforcement Learning in 13 Lines of Code Using PettingZoo: A tutorial on multi-agent deep reinforcement learning for beginners, Feb. 2021

Discounted Return: 
<latexit sha1_base64="vOsgJEunvO9vTMulaQdd/ySgeDs="></latexit>

Ri(⌧) =
1X

t=0

�tri(st, at, bt)

<latexit sha1_base64="dReBFCvOUo+2XEyN7AlXux04k/g=">AAAB7HicbVBNS8NAEJ3Urxq/qh69hBbBU0k8VI8VL56kgv2AtpTNdtMu3WzC7kQooT9BT4KKePUPeRJ/hH/BTduDtj4YeLw3w8w8PxZco+t+WrmV1bX1jfymvbW9s7tX2D9o6ChRlNVpJCLV8olmgktWR46CtWLFSOgL1vRHl5nfvGNK80je4jhm3ZAMJA84JZhJtu5hr1Byy+4UzjLx5qRULb7cf1+Mvmq9wkenH9EkZBKpIFq3PTfGbkoUcirYxO4kmsWEjsiAtQ2VJGS6m05vnTjHRuk7QaRMSXSm6u+JlIRaj0PfdIYEh3rRy8T/vHaCwXk35TJOkEk6WxQkwsHIyR53+lwximJsCKGKm1sdOiSKUDTx2LZJwVv8eZk0TstepVy5MXFcwwx5OIIinIAHZ1CFK6hBHSgM4QGe4NmS1qP1ar3NWnPWfOYQ/sB6/wGInJIT</latexit>st

<latexit sha1_base64="dReBFCvOUo+2XEyN7AlXux04k/g=">AAAB7HicbVBNS8NAEJ3Urxq/qh69hBbBU0k8VI8VL56kgv2AtpTNdtMu3WzC7kQooT9BT4KKePUPeRJ/hH/BTduDtj4YeLw3w8w8PxZco+t+WrmV1bX1jfymvbW9s7tX2D9o6ChRlNVpJCLV8olmgktWR46CtWLFSOgL1vRHl5nfvGNK80je4jhm3ZAMJA84JZhJtu5hr1Byy+4UzjLx5qRULb7cf1+Mvmq9wkenH9EkZBKpIFq3PTfGbkoUcirYxO4kmsWEjsiAtQ2VJGS6m05vnTjHRuk7QaRMSXSm6u+JlIRaj0PfdIYEh3rRy8T/vHaCwXk35TJOkEk6WxQkwsHIyR53+lwximJsCKGKm1sdOiSKUDTx2LZJwVv8eZk0TstepVy5MXFcwwx5OIIinIAHZ1CFK6hBHSgM4QGe4NmS1qP1ar3NWnPWfOYQ/sB6/wGInJIT</latexit>st

1

2

<latexit sha1_base64="j+sVRNgKnD70nQL1+IJkwGn0NzU=">AAAB/HicbVDLSsNAFJ3UV42vWJduBqtQQUrioros6MJlBfuANobJdNIOnTyYuRFLqZ/iSlAQt/6IK//GSdqFth64l8M59zJ3jp8IrsC2v43Cyura+kZx09za3tnds/ZLLRWnkrImjUUsOz5RTPCINYGDYJ1EMhL6grX90VXmtx+YVDyO7mCcMDckg4gHnBLQkmeV5L1TUR6cYZI134NTzyrbVTsHXibOnJTrx0GOhmd99foxTUMWARVEqa5jJ+BOiAROBZuavVSxhNARGbCuphEJmXIn+e1TfKKVPg5iqSsCnKu/NyYkVGoc+noyJDBUi14m/ud1Uwgu3QmPkhRYRGcPBanAEOMsCNznklEQY00IlVzfiumQSEJBx2WaOgVn8c/LpHVedWrV2q2O4xrNUESH6AhVkIMuUB3doAZqIooe0TN6RW/Gk/FivBsfs9GCMd85QH9gfP4AFQGV2Q==</latexit>

r1(st, at, bt)

<latexit sha1_base64="VHXCYR61QGGpK3TzFugWZGlhOI4=">AAAB/HicbVDLSsNAFJ3UV42vWJduBqtQQUrSRXVZ0IXLCvYBbQyT6aQdOnkwcyOWUj/FlaAgbv0RV/6Nk9SFth64l8M59zJ3jp8IrsC2v4zCyura+kZx09za3tnds/ZLbRWnkrIWjUUsuz5RTPCItYCDYN1EMhL6gnX88WXmd+6ZVDyObmGSMDckw4gHnBLQkmeV5F2tojw4wyRrvgennlW2q3YOvEycH1JuHAc5mp712R/ENA1ZBFQQpXqOnYA7JRI4FWxm9lPFEkLHZMh6mkYkZMqd5rfP8IlWBjiIpa4IcK7+3piSUKlJ6OvJkMBILXqZ+J/XSyG4cKc8SlJgEZ0/FKQCQ4yzIPCAS0ZBTDQhVHJ9K6YjIgkFHZdp6hScxT8vk3at6tSr9RsdxxWao4gO0RGqIAedowa6Rk3UQhQ9oCf0gl6NR+PZeDPe56MF42fnAP2B8fENFpWV2g==</latexit>

r2(st, at, bt)

<latexit sha1_base64="B2oFVQrypiew3QBFxc15rhoHvMg=">AAACEXicbVDJSgNBEO2JWxy3UY9emgQxIoQZD1HwEvTiMYJZIBOHnk4nadKz0F0jhDGf4En/xJOgIF49esrf2FkOmvig4PFeFVX1/FhwBbY9MjJLyyura9l1c2Nza3vH2t2rqSiRlFVpJCLZ8IligoesChwEa8SSkcAXrO73r8Z+/Z5JxaPwFgYxawWkG/IOpwS05FlHmHiAXcUD7Mb8zim4tB0BfsDKgwvsQo8B8Zxj7Fl5u2hPgBeJMyP5cs49eR6VBxXP+nbbEU0CFgIVRKmmY8fQSokETgUbmm6iWExon3RZU9OQBEy10slDQ3yolTbuRFJXCHii/p5ISaDUIPB1Z0Cgp+a9sfif10ygc95KeRgnwEI6XdRJBIYIj9PBbS4ZBTHQhFDJ9a2Y9ogkFHSGpqlTcOZ/XiS106JTKpZudByXaIosOkA5VEAOOkNldI0qqIooekQv6A29G0/Gq/FhfE5bM8ZsZh/9gfH1A0PLnio=</latexit>

a
t ⇠

⇡ 1
(·|s

t ; ✓
1 )

<latexit sha1_base64="FIYf8HvKwgk9se/UWgr234s+26Y=">AAACEXicbVDJSgNBEO1xjeM26tFLkyBGhDCTQxS8BL14jGAWyMShp9NJmvQsdNcIQ8wneNI/8SQoiFePnvI3dpaDJj4oeLxXRVU9PxZcgW2PjKXlldW19cyGubm1vbNr7e3XVJRIyqo0EpFs+EQxwUNWBQ6CNWLJSOALVvf7V2O/fs+k4lF4C2nMWgHphrzDKQEtedYx9j3AruIBdmN+V8y7tB0BfsDKgwvsQo8B8Yon2LNydsGeAC8SZ0Zy5ax7+jwqpxXP+nbbEU0CFgIVRKmmY8fQGhAJnAo2NN1EsZjQPumypqYhCZhqDSYPDfGRVtq4E0ldIeCJ+ntiQAKl0sDXnQGBnpr3xuJ/XjOBznlrwMM4ARbS6aJOIjBEeJwObnPJKIhUE0Il17di2iOSUNAZmqZOwZn/eZHUigWnVCjd6Dgu0RQZdIiyKI8cdIbK6BpVUBVR9Ihe0Bt6N56MV+PD+Jy2LhmzmQP0B8bXD0iZni0=</latexit>

bt ⇠ ⇡2(·|st; ✓2)

<latexit sha1_base64="b1Ys180ItWtqYP2401dPviNjH+w=">AAACBHicbVDLSsNAFJ3UV42vqDvdDFahopTERXVZ0IXLCrYV2hIm00k7dPJg5kYoseDKT3ElKIhbf8KVf+Mk7UJbD9zL4Zx7mbnHiwVXYNvfRmFhcWl5pbhqrq1vbG5Z2ztNFSWSsgaNRCTvPKKY4CFrAAfB7mLJSOAJ1vKGl5nfumdS8Si8hVHMugHph9znlICWXGuvXlZuCifOGD9g5cIpJlnzXDh2rZJdsXPgeeJMSal26Oeou9ZXpxfRJGAhUEGUajt2DN2USOBUsLHZSRSLCR2SPmtrGpKAqW6a3zDGR1rpYT+SukLAufp7IyWBUqPA05MBgYGa9TLxP6+dgH/RTXkYJ8BCOnnITwSGCGeB4B6XjIIYaUKo5PqvmA6IJBR0bKapU3Bmb54nzbOKU61Ub3QcV2iCItpHB6iMHHSOauga1VEDUfSIntErejOejBfj3fiYjBaM6c4u+gPj8wd8FpjO</latexit>

P (st+1|st, at, bt)

<latexit sha1_base64="DZ9uowt5ySv0ecy9kdHdp8Ydfes="></latexit>

Pr⇡
1,⇡2

µ (⌧) = µ(s0)⇡
1(a0|s0)⇡2(b0|s0)P (s1|s0, a0, b0) . . .

Probability distribution over trajectories:

<latexit sha1_base64="evr9sbskRoNKACEKA5CLeDL9t7Q="></latexit>

Q1(s, a, b) = E
⌧⇠Pr⇡

1,⇡2
µ

⇥
R1(⌧) | s0 = s, a0 = a, b0 = b

⇤
,

Q2(s, a, b) = E
⌧⇠Pr⇡

1,⇡2
µ

⇥
R2(⌧) | s0 = s, a0 = a, b0 = b

⇤

Action-value functions:Value function:
<latexit sha1_base64="QMuQm/MmRKIrpdAnE0LrXAZluVA="></latexit>

V i(s) = E
⌧⇠Pr⇡

1,⇡2
µ

⇥
Ri(⌧) | s0 = s

⇤

11



What are Social Dilemmas?

Social Dilemmas: 
• A type of decision problem where each party’s myopic efforts to 

maximize their own benefit lead to a less favourable outcome 
compared to when all parties cooperate.

I win You win

12



What are Social Dilemmas? - Iterated Prisoners Dilemma (IPD)

Time

Social Dilemmas: 
• A type of decision problem where each party’s myopic efforts to 

maximize their own benefit lead to a less favourable outcome 
compared to when all parties cooperate.

Famous strategy: Tit-for-tat for prisoner A
•  
•

For t = 1, aA
t = Remain Silent

For t > 1, aA
t = aB

t−1

13



Social Dilemmas are Everywhere!

Negotiating interaction with 
other vehicles on the road. 

Business negotiations and deal-making

Policy negotiation between countries. 
Climate tragedy of the commons 

14



Why Deep RL for Social Dilemmas?
• Real environments are complex

• Deep reinforcement learning can (someday) handle complexity.

15



Coin Game

Learning with Opponent-Learning Awareness, Jakob N. Forester et al, 2018  arXiv:1709.04326  
16

https://arxiv.org/abs/1709.04326


Coin Game

Learning with Opponent-Learning Awareness, Jakob N. Forester et al, 2018  arXiv:1709.04326  

+1
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https://arxiv.org/abs/1709.04326


Coin Game

Learning with Opponent-Learning Awareness, Jakob N. Forester et al, 2018  arXiv:1709.04326  

+1
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https://arxiv.org/abs/1709.04326


Coin Game

Learning with Opponent-Learning Awareness, Jakob N. Forester et al, 2018  arXiv:1709.04326  
19

https://arxiv.org/abs/1709.04326


Coin Game

Learning with Opponent-Learning Awareness, Jakob N. Forester et al, 2018  arXiv:1709.04326  

+1

- 2

20

https://arxiv.org/abs/1709.04326


Multi-Agent Reinforcement Learning
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Coin Game against a Random Opponent

Random Opponent

22



Coin Game against a Random Opponent

Random Opponent

23



Coin Game against a Random Opponent
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LLMs and The Ultimatum Game

Uday Karan Kapur

Déreck Piché

Muqeeth Mohammed

Michael Noukhovitch

25



LLMs and The Ultimatum Game

26



LLMs and The Ultimatum Game

Alice: items given to self Bob: Agreement percentage
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Opponent Shaping   (Jakob Foerster et al.)

• Assume the learning dynamics of other agents can be controlled via 
some mechanism to incentivize desired behaviours. 

➡ Agent can “shape” their opponents.
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Learning with Opponent Learning Awareness (LOLA) 
(Jakob Foerster et al., 2018, AAMAS)

LOLA agents assume the opponent is a naive learning agent, so it can simulate 
the update of the opponent and take gradients w.r.t. opponent policy parameters.

LOLA maximizes                                 w.r.t 

Imagined parameter update for the opponent, which can be 
differentiated w.r.t. 

Expected return of the agent conditioned on its policy parameters, 
   , and the opponent’s policy parameters,  

29



Limitations of LOLA

• Assumes access to the opponent’s policy parameters.

•                             is difficult to estimate so in practice a surrogate 
that uses the first-order Taylor expansion is used (imprecise).

• To compute the gradient with respect to the update, it is necessary 
to build large computational graphs and differentiate through it (very 
expensive).
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• In RL we aim to optimize the expected return of the agent (agent 1):

• Adapting the original Actor-Critic formulation (Konda & Tsitsiklis, 2000) 
to the joint agent-opponent policy space we have:

- Where the Advantage of agent 1 is: 
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• What if we could make the opponent (agent 2) policy be directly 
dependent on the policy of Agent 1?

• Advantage Alignment key assumption: 

➡ Direct dependency on Agent 1 policy                  and parameters        
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 Policy gradient: 
(Actor-Critic) 
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Advantage Alignment
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Advantage Alignment — Opponent Shaping term

• If interaction with opponent (Agent 2) 
has been positive (for Agent 1) the 
advantages are aligned.

• If interaction with opponent (Agent 2) 
has been negative (for Agent 1) the 
advantages are at odds.
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Figure 1: (a) The sign of the product of the gamma-discounted past advantages for the agent, and
the current advantage of the opponent, indicates whether the probability of taking an action should
increase or decrease. (b) The empirical probability of cooperation of Advantage Alignment for
each previous combination of actions in the one step history Iterated Prisoner’s Dilemma, closely
resembles tit-for-tat. Results are averaged over 10 random seeds, the black whiskers show one std.

This surrogate objective in equation 9 is used to formulate the Proximal Advantage Alignment (Prox-
imal AdAlign) algorithm (see appendix A.7 for implementation details).

Why is Assumption 1 necessary? Assumption 1 allows the agent to influence the learning dy-
namics of the opponent, by controlling the values for different actions. After one iteration of the
algorithm the agent changes the Q-values of the opponent for different actions and, since the oppo-
nent aims to maximize their expected return, it must change its behavior accordingly.

4.2 ANALYZING ADVANTAGE ALIGNMENT

Equation 8 yields four possible different cases for controlling the direction of the gradient of the log
probability of the policy. As with the usual policy gradient estimator, the sign multiplying the log
probability indicates whether the probability of taking an action should increase or decrease. Intu-
itively, when the interaction with the opponent has been positive (blue in figure 1a) the advantages of
the agent align with that of the opponent: the advantage alignment term increases the log probability
of taking an action if the advantage of the opponent is positive and decreases it if it is negative. In
contrast, if the interaction has been negative (red in figure 1a) the advantages are at odds with each
other: the advantage alignment term decreases the log probability of taking an action if the advan-
tage of the opponent is positive and increases it if it is negative. We now relate existing opponent
shaping algorithms to advantage alignment, and argue that these algorithms use the same underlying
mechanisms. Theorem 1 shows that LOLA update from Foerster et al. (2018b) can be written as a
policy gradient method with an opponent shaping term similar to equation 10. This shows the funda-
mental relationship between opponent-shaping dynamics and advantage multiplications. Theorem
2 proves that LOQA’s opponent shaping term has the same form as that of Advantage Alignment,
differing only by a scalar term.
Theorem 1 (LOLA as an advantage alignment estimator). Given a two-player game where players

1 and 2 have respective policies ⇡1(a|s) and ⇡2(b|s), where each policy is parametrised such that

the set of gradients r✓2 log ⇡
2(a|s) for all pairs (a, s) form an orthonormal basis, the LOLA update

for the first player correspond to a reinforce update with the following opponent shaping term

� · E
⌧⇠Pr⇡

1,⇡2
µ

" 1X

t=0

�t

 1X

k=t

d�,k�t�
k�tA1

k
A2

k�t

!
r✓1 log ⇡1(at|st)

#
, (11)

where Ai

k
:= Ai(sk, ak, bk) and d�,k is the occupancy measure of the tuple (ak, bk, sk) and � is the

step size of the naive learner. See appendix A.2 for a proof.
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Theorem: Advantage Alignment preserves Nash equilibria
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Alignment formula will not change the policy, as the gradient contribution of the
advantage alignment term is zero.
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Iterated Prisoners Dilemma (IPD)

Time
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Coin Game Tournament

Coin Game
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Coin Game Tournament
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Melting Pot — Common Harvest Game

39



Step 1 Step 155 Step 310

Ad
Al

ig
n

PP
O

PP
O

 w
/ R

 s
ha

rin
g

• 7 players game

• Evaluation protocol
- 5 [method] players
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Melting Pot — Common Harvest Game

• 7 players game

• Evaluation protocol
- 5 [method] players
- 2 greedy heuristic players

• Advantage Alignment 
improves resource 
sustainability.
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Melting Pot — Common Harvest Game
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(a) (b)

Figure 3: (a) League Results of the Advantage Alignment agents in the Negotiation Game: Always
Cooperate (AC), an agent which proposes 5 for items which are more valuable to it and 1 for items
that are less valuable to it, Always Defect (AD), an agent that proposes 5 regardless of the values,
Advantage Alignment (AdAlign), PPO and PPO summing rewards (PPO-SR). Each number in the
plot is computed by running 10 random seeds of each agent head to head with 10 seeds of another
for 50 episodes of length 16 and averaging the rewards. Note that against Always Defect, Always
Cooperate gets an average return of 0.25 while Always Defect gets 0.30. (b) Sample trajectories of
AdAlign vs. AdAlign and PPO vs. PPO in the negotiation game. The numbers show the utilities
and proposals, which have been rounded to integer values. AdAlign agents defect first (red) and
progressively cooperate with each other (green) while PPO agents Always Defect.

Figure 4: Comparison of different reinforcement learning algorithms in Melting Pot’s 2.0. Commons
Harvest Open. The score is the focal return per capita, min-max normalized between a random agent
and an exploiter baseline (ACB agent with an LSTM policy/value network) trained for 109 steps.
Following the protocol of the Melting Pot contest, we select the best agent out of 10 seeds and
evaluate it 100 times.

There are a number of complications that make the Melting Pot environments particularly challeng-
ing. First, the environments are partially-observable: agents can only see a local window around
themselves. Second, the partial observations are in the form of high-dimensional raw pixel data.
Third, these environments often involve multiple agents—seven in the case of Commons Harvest
Open—which increases the complexity of interactions and coordination. Therefore, agents need to
remember past interactions with other agents to infer their motives and policies. All these factors,
combined with the inherent social dilemma reward structure of the game, make finding policies that
are optimal with respect to social and individual objectives a non-trivial task.

We train a GTrXL transformer (Parisotto et al., 2019) for 34k steps, with context length of 30, and
compare the normalized focal return per capita of our agents against the baselines in Melting Pot 2.0:
Advantage-critic baseline (acb) (Espeholt et al., 2018), V-MPO (vmpo) (Song et al., 2019), options
as responses (opre) (Vezhnevets et al., 2020), and prosocial versions of opre (opre p) and acb (acb p)
that encourage cooperation. We also compare to our own implementations of PPO (ppo) and PPO

8

• scenario_0: Agents are visited by two invaders who harvest and zap unsustainably.

• scenario_1: Agents are visited by two invaders who harvest unsustainably.
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Negotiation Game
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Advantage Alignment: Iterated Negotiation Game
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Figure 3: (a) League Results of the Advantage Alignment agents in the Negotiation Game: Always
Cooperate (AC), an agent which proposes 5 for items which are more valuable to it and 1 for items
that are less valuable to it, Always Defect (AD), an agent that proposes 5 regardless of the values,
Advantage Alignment (AdAlign), PPO and PPO summing rewards (PPO-SR). Each number in the
plot is computed by running 10 random seeds of each agent head to head with 10 seeds of another
for 50 episodes of length 16 and averaging the rewards. Note that against Always Defect, Always
Cooperate gets an average return of 0.25 while Always Defect gets 0.30. (b) Sample trajectories of
AdAlign vs. AdAlign and PPO vs. PPO in the negotiation game. The numbers show the utilities
and proposals, which have been rounded to integer values. AdAlign agents defect first (red) and
progressively cooperate with each other (green) while PPO agents Always Defect.

Figure 4: Comparison of different reinforcement learning algorithms in Melting Pot’s 2.0. Commons
Harvest Open. The score is the focal return per capita, min-max normalized between a random agent
and an exploiter baseline (ACB agent with an LSTM policy/value network) trained for 109 steps.
Following the protocol of the Melting Pot contest, we select the best agent out of 10 seeds and
evaluate it 100 times.

There are a number of complications that make the Melting Pot environments particularly challeng-
ing. First, the environments are partially-observable: agents can only see a local window around
themselves. Second, the partial observations are in the form of high-dimensional raw pixel data.
Third, these environments often involve multiple agents—seven in the case of Commons Harvest
Open—which increases the complexity of interactions and coordination. Therefore, agents need to
remember past interactions with other agents to infer their motives and policies. All these factors,
combined with the inherent social dilemma reward structure of the game, make finding policies that
are optimal with respect to social and individual objectives a non-trivial task.

We train a GTrXL transformer (Parisotto et al., 2019) for 34k steps, with context length of 30, and
compare the normalized focal return per capita of our agents against the baselines in Melting Pot 2.0:
Advantage-critic baseline (acb) (Espeholt et al., 2018), V-MPO (vmpo) (Song et al., 2019), options
as responses (opre) (Vezhnevets et al., 2020), and prosocial versions of opre (opre p) and acb (acb p)
that encourage cooperation. We also compare to our own implementations of PPO (ppo) and PPO

8
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Advantage Alignment: Limitations and future work

• The assumption that the other players act accordingly to an inner 
action-value (Q) function, prevents it from shaping opponents that 
do not follow this.

• Currently working on improving performance on the Melting Pot 
suite of tasks — adding representation learning and other RL tricks.

• Exploring applications in negotiations and LLMs.
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Image Credit: VentureBeat made with Bing Image Creator

Thank You! 
Any Question
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