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Direct Preference Optimization: Your Language Model is Secretly a Reward Model
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Direct Preference Optimization: Your Language Model is Secretly a Reward Model
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using preferences directly. Unlike prior RLHF methods, which learn a reward and then optimize it
via RL, our approach leverages a particular choice of reward model parameterization that enables
extraction of its optimal policy in closed form,without an RL training loop| As we will describe
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Larger or Smaller Reward Margins to Select Preferences for Alignment?
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Larger or Smaller Reward Margins to Select Preferences for Alignment?
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Larger or Smaller Reward Margins to Select Preferences for Alignment?

Metric Formulation - Preliminary
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Larger or Smaller Reward Margins to Select Preferences for Alignment?

Metric Formulation- M_1
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Larger or Smaller Reward Margins to Select Preferences for Alignment?
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Larger or Smaller Reward Margins to Select Preferences for Alignment?

Metric Formulation - MAP
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Larger or Smaller Reward Margins to Select Preferences for Alignment?
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Larger or Smaller Reward Margins to Select Preferences for Alignment?

Metric Formulation - MAP

Llama-3-8b-instruct Gemma-2-9h-it
AH AE 2.0 AH AE 2.0
WR LC WR WR LC WR

SFT 214 2325 2350 407 4875 36.49
DPOior  23.6 29.80 2832 460 54.00 46.11
+uf-10k 35.0 42.67 41.67 564 62.56 62.17
+eva-10k 314 3997 4074 560 63.32 62.10
+ours-10k  35.4 42.82 45.00 56.6 63.88 64.52
SimPOror 242 2845 2623 452 5690 43.80
+uf-10k 28.5 3575 32.82 535 6643 64.55
teva-10k  32.6 41.12 3994 61.0 66.78 66.86
+ours-10k  34.6 4376 42.00 609 66.85 68.34
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Larger or Smaller Reward Margins to Select Preferences for Alignment?

Scaling with Dataset Size
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AlphaDPO: Adaptive Reward Margin for Direct Preference Optimization
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AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization
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AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization
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AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization
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AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization
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AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization

Llama3-Instruct (8B) Mistral-Instruct (7B)
Method AlpacaEval 2 Arena-Hard AlpacaEval 2 Arena-Hard
LC(%) WR(%) SC(%) LC(%) WR(%) LC(%) WR(%) SC(%) LC(%) WR(%)
SFT 24.0 23.6 22.1 222 224 19.0 15.4 18.3 13.2 12.9
DPO 40.2 38.1 319 320 31.2 20.3 17.9 18.9 13.7 134
IPO 359 344 29.2 299 30.2 22.3 18.6 22.4 16.6 16.2
CPO 29.6 344 26.3 28.1 294 26.2 31.7 26.6 214 238
KTO 383 34.1 30.3 30.6 303 194 203 21.5 16.0 16.8
ORPO 31.6 29.8 26.6 26.6 26.3 24.0 23.0 24.4 18.5 18.6
R-DPO 40.3 373 33.1 329 329 214 222 18.7 14.0 13.8
SimPO 43.8 38.0 335 335 32.6 30.2 32.1 25.6 19.8 20.1
AlphaDPO 46.6 38.1 34.1 342 333 323 32.6 27.2 21.5 21.5
Llama3-Instruct v(.2 (8B) Gemma2-Instruct (9B)
Method AlpacaEval 2 Arena-Hard AlpacaEval 2 Arena-Hard
LC(%) WR(%) SC(%) LC(%) WR(%) LC(%) WR(%) SC(%) LC(%) WR(%)
SFT 24.0 23.6 22.1 222 224 48.7 36.5 32.0 422 42.1
DPO 51.9 50.8 26.1 315 339 70.4 66.9 43.9 55.6 58.8
IPO 40.6 39.6 311 342 349 62.6 58.4 41.1 519 53.5
CPO 36.5 40.8 294 328 342 56.4 534 424 533 552
KTO 41.4 36.4 27.1 29.5 289 61.7 55.5 41.7 52.3 53.8
ORPO 36.5 33.1 28.8 30.8 30.4 56.2 46.7 35.1 453 46.2
R-DPO 51.6 50.7 29.2 343 35.0 68.3 66.9 45.1 559 579
SimPO 55.6 49.6 28.5 340 33.6 724 65.0 45.0 56.1 578
AlphaDPO 58.7 51.1 30.8 36.3 357 734 066.1 48.6 59.3 60.8
Main Result
= HIHH 2 |.OA"‘ M=o ol
° I:H—l—_'_—l —rAIphaDPO._ — O |=|I_EE —I——I—Ol_l' oo = E|:|
HE= 0 L'.-Ilol)k -” M=o -I N OZI"‘|.57 @) |. |.I_I- orCk 7l |O| IiE ke =2 7<O:| L'.-IIO| it X|
° le-llo-I(LC)xl:H-l_ EX oer El_l-Ool_/-\I—ELEI:I-OI:I EO— doEE EE—EE

Z
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AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization

Llama3-Instruct v().2 (8B) Mistral-Instruct (7B)
Method AlpacaEval 2 Arena-Hard AlpacaEwval 2 Arena-Hard
LC (%) WR (%) S8SC(%) LC(%) WR(%) LC(%) WR(%) S8SC(%) LC(%) WR(%)
U(-]x) 55.6 49.6 28.5 34.0 33.6 30.2 32.1 25.6 19.8 20.1
U(-|x) (mg(-|2) fmreer(-]2))" 58.7 51.1 30.8 36.3 35.7 32.3 32.6 27.2 21.5 21.5
w/o Normalization 56.5 497 23.1 284 27.7 32.1 33.1 25.2 19.7 19.6
wlo sg 2.7 3.7 1.7 54 6.3 27.2 27.7 25.8 20.3 20.7
v=10 51.2 449 30.0 345 333 31.9 31.3 24.2 19.6 19.3
Ablation Study

e U(-|x):a=02 HO|AZE, SimPOO]| S H
o (U(:|x) (mB(-|x)/mref(: |x))*a): AlphaDPO
e U(-|x):a=02 HO|AE, simPO0|| SHE



AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization
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(a) KL divergence of y,, over steps. (b) KL divergence of y; over steps.
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AlphaDPQO: Adaptive Reward Margin for Direct Preference Optimization
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