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Motivation

How to harness dense reward guidance for DPO?

⚫ Being a popular and efficient alternative in RLHF, DPO bypasses reward 

modeling. However, it cannot incorporate the fine-grained guidance like 

PPO.

⚫ Fine-grained or token-level rewards have shown effectiveness in RLHF 

using PPO.

where Ƹ𝑟(𝑠𝑡 , 𝑎𝑡) is a token-level reward function, 𝑓𝑤(·) and 𝑓𝑙(·) are positive 

univariate functions

⚫ TGDPO leverages 𝑓 Ƹ𝑟 𝑠𝑡 , 𝑎𝑡  to shape the optimization of the policy on 

the tokens of chosen and rejected responses.

⚫ With an appropriate choice of 𝑓(·), this framework can recover several 

known direct preference optimization methods.

⚫ For example, if 𝑓𝑤 ≡ 𝑓𝑙 ≡ 1, it recovers the objective function of DPO.
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⚫ Set Ƹ𝑟 𝑥, 𝑦<𝑡 , 𝑦𝑡 = 𝛽𝑙𝑜𝑔
𝜋෡𝜃(𝑦𝑡| 𝑥,𝑦<𝑡 )

𝜋𝑟𝑒𝑓(𝑦𝑡| 𝑥,𝑦<𝑡 )
 be DPO’s induced token-level 

reward

⚫ Set 𝑓𝑤 Ƹ𝑟 𝑥, 𝑦𝑤
<𝑡 , 𝑦𝑤

𝑡 = 1 + 𝛼 Ƹ𝑟 𝑥, 𝑦𝑤
<𝑡 , 𝑦𝑤

𝑡  

⚫ Set 𝑓𝑙 Ƹ𝑟 𝑥, 𝑦𝑙
<𝑡 , 𝑦𝑙

𝑡 = 1 − 𝛼 Ƹ𝑟 𝑥, 𝑦𝑙
<𝑡 , 𝑦𝑙

𝑡  

Motivation: Each token would exhibit varying degrees of deviation from the 

reference policy based on their respective rewards.

For example, preferred tokens within preferred responses receive higher 

weights, while dispreferred tokens within preferred responses receive lower 

weights.

Theoretical Results
Theorem. The preference function Pr 𝑦𝑤 > 𝑦𝑙 𝑥 = 𝜎൫

൯

𝜑 𝜋𝜃 , 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙 +

𝛿 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙  has the same maxima and the same ascent directions as 

the function 𝜎(𝜑 𝜋𝜃 , 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙) , where 

𝜑 𝜋𝜃 , 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙

= ෍

𝑡=0

𝑇𝑤−1

𝛽𝑓𝑤 Ƹ𝑟 𝑥, 𝑦𝑤
<𝑡 , 𝑦𝑤

𝑡 𝑙𝑜𝑔
𝜋෡𝜃(𝑦𝑤

𝑡 | 𝑥, 𝑦𝑤
<𝑡 )

𝜋𝑟𝑒𝑓(𝑦𝑤
𝑡 | 𝑥, 𝑦𝑤

<𝑡 )
− ෍

𝑡=0

𝑇𝑙−1

𝛽𝑓𝑙 Ƹ𝑟 𝑥, 𝑦𝑙
<𝑡 , 𝑦𝑙

𝑡 𝑙𝑜𝑔
𝜋෡𝜃(𝑦𝑙

𝑡| 𝑥, 𝑦𝑙
<𝑡 )

𝜋𝑟𝑒𝑓(𝑦𝑙
𝑡| 𝑥, 𝑦𝑙

<𝑡 )

𝛿 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙

=  ෍

𝑡=0

𝑇𝑤−1

𝛽𝑓𝑤 Ƹ𝑟 𝑥, 𝑦𝑤
<𝑡 , 𝑦𝑤

𝑡 𝑙𝑜𝑔𝑍([𝑥, 𝑦𝑤
<𝑡]) − ෍

𝑡=0

𝑇𝑙−1

𝛽𝑓𝑙 Ƹ𝑟 𝑥, 𝑦𝑙
<𝑡 , 𝑦𝑙

𝑡 𝑙𝑜𝑔𝑍( 𝑥, 𝑦𝑙
<𝑡 )

Moreover, for two policies 𝜋𝜃1 and 𝜋𝜃2,

𝜎 𝜑 𝜋𝜃1, 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙 + 𝛿 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙 > 𝜎 𝜑 𝜋𝜃2, 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙 + 𝛿 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙

If and only if 

𝜎 𝜑 𝜋𝜃1, 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙 > 𝜎 𝜑 𝜋𝜃2, 𝑓, Ƹ𝑟; 𝑥, 𝑦𝑤 , 𝑦𝑙 .

⚫ Alpaca Eval 2, Arena Hard, MT-Bench

⚫ TGDPO vs. DPO training loss

Empirically, TGDPO 

effectively minimizes training 

loss while achieving strong 

performance. In contrast, the 

optimal hyperparameters for 

DPO barely reduce its training 

loss.

Take Aways
⚫ TGDPO introduces a framework for incorporating token-level guidance 

into preference optimization.

⚫ Flexible choices of 𝑓(·) and token-level reward function Ƹ𝑟(𝑠𝑡 , 𝑎𝑡) can be 

used for versatile guidance.

⚫ We derive a new theoretical result for eliminating the partition function.
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