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Prior Alignment Approaches

Using reinforcement learning fine-tunes the policy by
optimizing the reward model based human preferences.
(Ouyang et al., 2022; Christiano et al., 2017; Schulman et al., 2017)
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... but training are expensive

Other approaches don’t need training reward models e.g.,
by directly optimizing policy (DPO & SimPO).

(Rafailov et al., 2024; Azar et al., 2024; Meng et al., 2024; Ethayarajh., 2024)
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... but require expensive hyperparameter tuning

Problem: Hyperparameters

Current alignment methods are highly sensitive to hyper-
parameters, which must be carefully tuned.
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SimPER:
Simple alighnment with Perplexity optimization

tl,dr: a simple algorithm (SimPER) for preference
alignment on LLMs without hyperparameters

code: (ﬁ https://github.com/tengxiao1/SimPER )
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How does SImPER perform?

SimPER achieves the best ranking across different models over
10 benchmarks, without any hyperparameters.
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Why does SimPER work?

SIimPER balances gradients by removing the log term,
mitigating gradient dominance issue of negative samples.
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SimPER optimizes the Total Variation Distance (TVD),
offering a mode-seeking advantage over SFT.

SImPER is used for EXAONE Deep 32B at LG Al Research
resulting in exciting reasoning performance.
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Method MMLU-PRO IFEval BBH GPQA MUSR MATH GSMSK ARC TruthfulQA Winograd Avg. Rank i
DPO 2673 1049 4327 2844 4365 136 2176 6126 5306 76.80 47 5
SLiC 2652 1245 4233 2793 3374 138 3374 5538 4836 7735 50 a
9 PO 2587 1L52 4059 2815 4215 125 2714 6084 4544 77.58 54
Mistral- 7B o 2751 1203 4366 2945 4317 234 3851 6237 5660 7121 25
Base  cpo 2704 1332 4205 2845 4215 215 3306 5700 4707 76.48 45
SimPO 2713 1063 4294 2903 3968 249 2221 6263 5068 71.54 38
SimPER 2784 1583 4399 3012 4395 257 3302 6350 5364 7625 20
DPO 3158 3361 4780 3223 4048 453 3867 6442 5348 76.80 42 R R Tehosen X
SLiC 3111 3237 4653 3329 4055 392 4382 6143 5495 727 45 min Lspr = min KL(Tehosen(y | )Mo (v | X)) = > ey Mehosen(y | X) log Tz%—) 12)
PO 3018 3152 4678 3261 3958 402 2267 6288 5420 722 64 8 L
LLama3-8B 0 3116 3710 4798 3372 4021 414 3897 6314 5576 76.09 40 in L. TV ! 13
Base  cpo 30.95 3857 47.17 3315 4159 425 4693 6169 5429 76.16 42 min Lsimper = min TV (Tehosen(y | X)lImo (¥ | x)) = 52,@ [Tenosen(¥ 1 %) = mo(y )]~ (13)
SimPO 3161 3755 4838 3322 4008 423 3154 6519 5946 7632 34
SimPER 3199 4178 4862 3380 4603 461 5102 6706 6259 7624 13

SimPER exhibits the least decline in chosen likelihoods
while maintaining the largest margin between chosen
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