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Relationship to dataset:  bias inherited from dataset
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Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
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Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : <selection>
Alice : book=1 hat=3 ball=1
Bob : book=1 hat=2 ball=0
-----------------------------------------------------------------
Disagreement?!
A lice : 0 (potential 10)
Bob   : 0 (potential 7)

Alice : propose: item0=1 item1=0 item2=1
Bob : agree
Alice : <selection>
Alice : book=1 hat=0 ball=1
Bob : book=0 hat=3 ball=0
-------------------------------------------------------
Agreement!
Alice : 7 points
Bob   : 6 points

Alice’s utterances



insist(1 bun, 2 puffs, 2 rolls)

Reinforcement Learning (RL)

𝑅𝐴(𝑥𝑡) = 𝛾𝑇−𝑡(𝑟𝐴 − 𝜇𝑛) 
For 𝑥𝑡 ∈ 𝑋𝐴

running mean

propose(0 books, 2 hats, 1 ball)

Alice

Bob
(fixed)

(learning)

Negotiation

23

Alice : book=(count:1 value:3) hat=(count:3 value:1) ball=(count:1 value:4)
Bob   : book=(count:1 value:3) hat=(count:3 value:2) ball=(count:1 value:1)

Ours RL RL+SL

Alice : propose: item0=1 item1=1 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : insist: item0=1 item1=2 item2=1
Bob : agree
Alice : agree
Bob : <selection>
Alice : book=1 hat=2 ball=1
Bob : book=0 hat=1 ball=0
-------------------------------------------------------
Agreement!
Alice : 9 points
Bob   : 2 points

Alice : insist: item0=0 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : propose: item0=1 item1=3 item2=1
Bob : propose: item0=1 item1=2 item2=0
Alice : <selection>
Alice : book=1 hat=3 ball=1
Bob : book=1 hat=2 ball=0
-----------------------------------------------------------------
Disagreement?!
A lice : 0 (potential 10)
Bob   : 0 (potential 7)

Alice : propose: item0=1 item1=0 item2=1
Bob : agree
Alice : <selection>
Alice : book=1 hat=0 ball=1
Bob : book=0 hat=3 ball=0
-------------------------------------------------------
Agreement!
Alice : 7 points
Bob   : 6 points

Alice’s utterances



Reinforcement Learning (RL)

𝑅𝐴(𝑥𝑡) = 𝛾𝑇−𝑡(𝑟𝐴 − 𝜇𝑛) 
For 𝑥𝑡 ∈ 𝑋𝐴

running mean
Alice

Bob
(fixed)

(learning)

(fixed)
Bob

..???

Negotiation

24

propose(0 buns, 2 puffs, 1 roll)

insist(1 bun, 2 puffs, 2 rolls)

Alice’s utterances



Reinforcement Learning (RL)

𝑅𝐴(𝑥𝑡) = 𝛾𝑇−𝑡(𝑟𝐴 − 𝜇𝑛) 
For 𝑥𝑡 ∈ 𝑋𝐴

running mean
Alice

Bob
(fixed)

(learning)

(fixed)
Bob

..???

Relationship to dataset: Alice inherits dataset biases through Bob

Negotiation

25

propose(0 buns, 2 puffs, 1 roll)

insist(1 bun, 2 puffs, 2 rolls)

Alice’s utterances



Reinforcement Learning (RL)

𝑅𝐴(𝑥𝑡) = 𝛾𝑇−𝑡(𝑟𝐴 − 𝜇𝑛) 
For 𝑥𝑡 ∈ 𝑋𝐴

Alice’s utterances

running mean
Alice

Bob
(fixed)

(learning)

(fixed)
Bob

..???

Relationship to dataset: Alice inherits dataset biases through Bob

Negotiation

26

propose(0 buns, 2 puffs, 1 roll)

insist(1 bun, 2 puffs, 2 rolls)



Interleave SL training every nth timestep
• n=1: RL, SL, RL, SL …
• n=2: RL, RL, SL, RL, RL, SL …

Mixed RL, SL (RL+SL)



Interleave SL training every nth timestep
• n=1: RL, SL, RL, SL …
• n=2: RL, RL, SL, RL, RL, SL …

Mixed RL, SL (RL+SL)

Relationship to dataset:  same as SL, bias inherited from dataset
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Key Insight:  
Continually improve Bob with expert data!
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Evaluation

Can we balance self-interest and Pareto-optimality?
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Results with a Human Partner
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Main Ideas

• Our approach balances self-interest and Pareto-optimality the best.

• This holds true against both simulated and human partners.
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