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Background

 End-device needs: Preference-aligned large language models (LLMs) 

face significant deployment challenges on end devices.

 Alignment Tax: Small language models (SLMs) often experience 

performance degradation after preference alignment.

 Industrial Drive: Practical innovations from industry leaders like Hugging 

Face (e.g., SmolLM360) are driving research momentum toward efficient and 

deployable small-scale language models.

 Our Contributions: Combine Dnowledge Distillation with Preference 

Alignment, using LLMs to teach SLMs for better performance

 We introduces the DCKD and ADPA methods, greatly align SLMs’ responses 

with human preference, finally accepted by ICLR2025 Spotlight.
Thomas Wolf  (CSO of HuggingFace)
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 For 𝑦𝑤 is preferred and 𝑦𝑙 is dispreferred responses in preference dataset, and 𝜋dpo as the DPO-trained teacher,

two KL-divergence constraints are defined:

 KLD on prefered response:        ℒKLD−𝑤(𝜋dpo, 𝜋θ) = 𝛦(𝑥,𝑦𝑤)~𝐷[σ𝑡=1
|𝑦𝑤|𝐷KL(𝜋dpo(∙ |𝑥, 𝑦𝑤,<𝑡)) || 𝜋θ(∙ |𝑥, 𝑦𝑤,<𝑡))]

 KLD on disprefered response:  ℒKLD−𝑙(𝜋dpo, 𝜋θ) = 𝛦(𝑥,𝑦𝑙)~𝐷[σ𝑡=1
|𝑦𝑙| 𝐷KL(𝜋dpo(∙ |𝑥, 𝑦𝑙,<𝑡)) || 𝜋θ(∙ |𝑥, 𝑦𝑙,<𝑡))]

 Including the supervised fine-tuning (SFT) term, the overall objective of DCKD is:

ℒDCKD = ℒSFT + α(ℒKLD−𝑤 + ℒKLD−𝑙)

 Leverages preference data to transfer knowledge from an aligned LLM (teacher) to an unaligned SLM (student). 

 Enable SLM to capture both positive signals (𝑦𝑤) and negative signals (𝑦𝑙);

Dual-Constrained Knowledge Distillation (DCKD)  
[stage-1 of our pipeline]
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 The advantage function in ADPA is calculated by:  𝑨𝐝𝐩𝐨 ∙ 𝑠𝑡 = 𝛽 ∙ log 𝝅𝐝𝐩𝐨 ∙ 𝑠𝑡 − 𝛽 ∙ log 𝝅𝐫𝐞𝐟(∙ |𝑠𝑡)

 Based on advantage function defined above, ADPA’s loss is defined in a Policy-Gradient Manner:

ℒADPA = 𝛦(𝑥,𝑦𝑤)~𝐷, ො𝑦~𝜋θ [ℒSFT(𝑥, 𝑦) − 𝛾 σ𝑡=1
| ො𝑦| σ𝑎𝑡𝜖𝒜

𝜋θ(𝑎𝑡|ෝ𝑠𝑡) ∙ 𝑨𝐝𝐩𝐨(𝑎𝑡|ෝ𝑠𝑡)]

 Advantage:

 Provide Distribution-Level reward signals;

 Efficient use of larger LLM (teacher);

 Use ADPA to train a DCKD-trained student can 

further boost its performance.

Advantage-Guided Distillation for Preference Alignment (ADPA) 
[stage-2 of our pipeline]

Maximize the Expectation of Advantage
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 Experiment

 Dataset: Deita-10K+DPO-MIX-7K & Helpsteer2

 Model: Mistral-7B⇒Danube2-1.8B, Danube2-0.5B; 

LLaMA3.1-8B⇒LLaMA3.2-1B; LLaMA2-13B⇒LLaMA2-7B;

 Benchmark: OpenLLM-Leaderboard, MT-Bench, AlpacaEval (ADPA as reference);

 Results: ADPA+ (DCKD plus ADPA) achieves the best performance at most conditions;

Experiment
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 DCKD w/o DPO teacher: Using  Reference teacher to do KD training;

 DCKD w/o dispreferred response: Only do KD training on preferred response;

ℒDCKD = ℒSFT + α ℒKLD−𝑤 + 𝓛𝐊𝐋𝐃−𝒍

→ ℒDCKD = ℒSFT + α ℒKLD−𝑤

 ADPA w/o reference teacher: Reverse Cross-Entropy KD with DPO teacher; 

ℒADPA = 𝛦(𝑥,𝑦𝑤)~𝐷, ො𝑦~𝜋θ [ℒSFT(𝑥, 𝑦) − 𝛾σ𝑡=1
| ො𝑦| σ𝑎𝑡𝜖𝒜

𝜋θ(𝑎𝑡| ෝ𝑠𝑡) ∙ 𝛽 ∙ log 𝜋dpo ∙ 𝑠𝑡 − 𝜷 ∙ 𝐥𝐨𝐠 𝝅𝐫𝐞𝐟(∙ |𝒔𝒕) ]

→ ℒADPA = 𝛦(𝑥,𝑦𝑤)~𝐷, ො𝑦~𝜋θ [ℒSFT(𝑥, 𝑦) − 𝛾 σ𝑡=1
| ො𝑦| σ𝑎𝑡𝜖𝒜

𝜋θ(𝑎𝑡| ෝ𝑠𝑡) ∙ 𝛽 ∙ log 𝜋dpo ∙ 𝑠𝑡 ]

Ablation Study
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 Distribution-level Advantage：𝑨𝒅𝒑𝒐 ∙ 𝒔𝒕 = 𝜷 𝐥𝐨𝐠 𝝅𝐝𝐩𝐨 ∙ 𝒔𝒕 − 𝜷 𝐥𝐨𝐠 𝝅𝐫𝐞𝐟 ∙ 𝒔𝒕 .

 Calculate the optimal action through 𝑎∗ = argmax
𝑎𝑡∈𝒜

𝛽log
𝜋dpo 𝑎𝑡 𝑠𝑡
𝜋ref 𝑎𝑡 𝑠𝑡

.

 Without the need of sampling future states or actions. Sample complexity:  O(1).

 Token-level Reward：𝒓𝐭𝐨𝐤𝐞𝐧 𝐥𝐞𝐯𝐞𝐥( 𝒙, 𝒚<𝒕 , 𝒚𝒕) = 𝜷𝐥𝐨𝐠
𝝅𝒅𝒑𝒐 𝒂𝒕 𝒔𝒕
𝝅𝒓𝒆𝒇 𝒂𝒕 𝒔𝒕

.

 Calculating 𝑟(𝑠𝑡 , 𝑎𝑡) involves enumerating all actions 𝑎𝑡 ∈ 𝒜, and computing rewards 𝑟token level.

 Sample complexity: O(|A|).

 Sequence-level Reward：𝒓𝐬𝐞𝐪 𝐥𝐞𝐯𝐞𝐥(𝒙, 𝒚) = 𝜷σ𝒕=𝟏
|𝒚|

𝐥𝐨𝐠
𝝅𝐝𝐩𝐨 𝒚𝒕 𝒙, 𝒚<𝒕
𝝅𝐫𝐞𝐟 𝒚𝒕 𝒙, 𝒚<𝒕

.

 The model needs to consider all possible sequences starting from t to estimate the future rewards. 

 Sample complexity: 𝑶(|𝒜|𝐓−𝐭)

Sample Complexity AnalysisSPOTLIGHT



 Lower Sample Complexity

 Works well even offline-RL;

 More stable training;

 Better performance;

Sample Complexity Analysis
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Different KD based on Q & Advantage function

Here, we also compare ADPA(maximizing the advantage) with other kind of KD objectives

In traditional policy KD, the Q function or advantage function is often distilled by softmax or 

argmax operation combined with KL divergence or cross entropy loss, such as the following Q-

argmax and Q-softmax KD.

Reference:

[1] Rusu, A. A., Colmenarejo, S. G., Gulcehre, C., Desjardins, G., Kirkpatrick, J., Pascanu, R., ... & Hadsell, R. 

(2015). Policy distillation. arXiv preprint arXiv:1511.06295.

SPOTLIGHT



Different KD based on Q & Advantage function

Here, we also compare ADPA(maximizing the advantage) with other kind of KD objectives

• Taking ADPA as the baseline, Q-argmax KD has a 

win rate of 41.8% and Q-softmax KD has a win rate 

of 28.2%. 

• In the distillation process, retaining the original 

distribution characteristics of the advantage

function may be more critical to performance 

improvement.
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Thanks for listening

Feel free to ask me questions about this paper.

My Email: rungao2001@outlook.com

https://iclr.cc/media/iclr-2024/Slides/18013.pdf
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