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Task baseline SFT(‘:SI;’('S’I'I °" SET LoRA | LoRAMOE '(‘;ll:lfg:";
WSC 65.4 - 76.0 654 T1.2 70.2
winogrande 61.7 - 71.2 643 66.3 69.6
Flores 0.1 - 24.3 26.6 26.4 259
Xsum 19.7 - 347 345 34.8 33.2
Race-middle 30.5 - 89.1 78.8 84.5 90.0
Race-high 30.4 - 86.1 753 80.6 86.5
RTE 52.7 - 88.1 773 80.9 87.4
ReCoRD 29.4 - 84.8 832 84.3 85.9
AX-g 52.0 - 848 76.1 81.7 87.1
multiRC 44.0 - 86.7 814 87.3 87.9
TriviaQA 52.2 57.8 51.1 478 o 58.1
NQ 18.5 28.6 24.5 16.2 23.8 28.0
Filtered TriviaQA 33.5 36.2 216 334 38.5 354
Filtered NQ 7.8 12.8 7.3 11.6 134 12.0
hotpot QA 11.2 16.1 134 10.7 14.4 16.1

Table 2: Results of LORAMOE. Contrary to direct full fine-tuning and the use of LoRA-tuning that
exhibits reduced performance on world knowledge benchmarks after training, our approach ensures
simultaneous growth of both world knowledge benchmarks and other downstream tasks.
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Figure 20: Distribution shift for progressive versions of LLama 2-CHAT, from SFT models towards RLHF.
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Figure 3: Comparison between preference optimized
models and the SFT model on Task En—Zh. G and H
represent GPT-4 and humans as evaluators, respectively.
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represent GPT-4 and humans as evaluators, respectively.
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Input The synthesis of the pharmaceutical compound acetylsalicylic acid , commonly known
as aspirin, marked a significant advancement in modern medicine.
SET BT & DCAK A& AR S TR R 2 — N EE A -
Faithfulness RLHF CBUKGRR  (PTRILAK) XY e, REERAREZH—PERH
+ .
Commentary In the translation by RLHF, the term ‘Z Bt /K AR iX #1254 corresponds to ‘the

pharmaceutical compound acetylsalicylic acid’ in the input text, while in the translation
by SFT, this expression is missing, reflecting an improvement in translation faithfulness.

Input After years of practice, running a marathon was a piece of cake for her.
SFT B ZERGS], MR, BORRER RIZEE RS .

Expressiveness RLHF 23 ZEMBR, BRI REERE MR8 T -
Commentary In the SFT translation, ‘Iz EAE—F£E 5 is a literal translation of "a piece of cake"
in the input text. In contrast, the translation in RLHF, /N3Z—8%’, is a more authentic
Chinese expression, vivid and expressive. This case reflecting an enhancement in the
expressive power of the translation.
Input As the crimson hues of dusk melded with the cerulean tapestry of the night sky, the poet

pondered over verses that could encapsulate the ephemeral beauty of the twilight.
SFT PR, REHEEAHERS®EFOLeREMNE—R, FATFHREE MR
AIRAIEIX M KR -
Elegance RLHF BHAFK, FAHORESHEHFERZR, 7 AN & w7 6 Rk 12
X FRBRRNAT BRI -
Commentary  Both ‘“###R[I3#1* and ‘42" can be used to convey the meaning of ‘ephemeral’ in the
input text, but the former implies a sense of regret and sorrow for the fleeting nature of

beautiful things, while the latter is a neutral term, simply describing temporal brevity.
This example demonstrates an improvement in the elegance of the translation.
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ESTUESPEPENS 7 EHEEIRENER

APPS+

Models Size | Introductory Interview Competition | Overall
Base Models
CodeLlama [27] 13B 18.7 11.0 0.0 13.0
CodeLlama-Python [27] 13B 29.0 12.3 29 17.9
DeepSeek-Coder-Base [8] 6.7B 13.0 10.3 5.0 10.9
Supervised Fine-tuned Models

StarCoder [15] 15.6B 6.3 4.1 0.7 4.7
CodeLlama-Instruct [27] 13B 333 11.0 1.4 18.7
WizardCoder-Python-V1.0 [23] 13B 39.7 15.1 4.3 23.6
DeepSeek-Coder-Instruct [8] 6.7B 494 18.7 3.6 29.2
SFT on APPS+ 6.7B 50.1 19.0 6.4 29.8
Reinforcement Learning-based Models (Using DeepSeek-Coder-Instruct-6.7B as the backbone)
Vanilla PPO 6.7B 53.7 20.1 5.0 31.7
PPOCoder [33] 6.7B 54.4 20.3 6.4 32.1
RLTF [20] 6.7B 55.1 20.8 6.4 32.7
StepCoder (Ours) 6.7B 59.7 23.5 8.6 36.1
w/o CCCS 6.7B 58.7 21.7 7.1 34.6
w/o FGO 6.7B 58.4 23.3 8.6 35.5
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