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Observation & Motivation Method

Input: Who was the first Nigerian to win the Nobel Prize, in which year?

Output: Wole Soy/nka was the first N/ger/an to win the Nobel Prize, in 1986. Basics:
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Results Impacts & Conclusions
Consistent improvements across: TruthfulQA-MC FACTOR TruthfulQA (Open-Ended) CoT In the follow-up papers, DoLa has been shown to useful when...
+ factuality mulgiple-choice tasks: Model — .  Applied to visual-language models, such as InstructBLIP, MiniGPT-4, LLaVA-1.5 [3]
Truthful QA & FACTOR | MC1 MC2 MC3 | News Wiki | %Truth? %Infot %T«IT %Reject| |StrQA GSMSK * Applied to DPO-finetuned LLMs with factuality as preferences [4]
+ open-ended generation for facts: LLaMa-7B 25.6 40.6 19.2 | 58.3 58.6 30.4 96.3 269 2.9 60.1 10.8 * Combined with other decoding strategies |5]
Truthful QA + ITI 259 - - - - 49.1 - 43.5 - - - Tal .
. o + DoLa 322 63.8 32.1 | 620 62.2| 421 983 408 06 641 10.5 AXEWAYS.
* chain-of-thought reasoning: * Observed factual knowledge tends to located in the higher layers
StrategyQA & GSMS8K LLaMa-13B 28.3 43.3 20.8 | 61.1 62.6 38.8 93.6 324 6.7 66.6 16.7 . Proposed decoding method to amplify the factual knowledge in higher layers
+ instruction-following ability: + CD 244 41.0 19.0 | 62.3 644 55.3 80.2 444 20.3 60.3 9.1 . g Y 5 5 Y
VicunaQA (rated by GPT-4) + Dola 789 649 348 | 62.5 66.2 48 8 049  44.6 71 67.6 18.0 » Shown consistent improvements across factual-related tasks
LLaMa-33B 31.7 495 242 | 63.8 695 | 625 690 317 381 | 699 338 * Shown to be generalizable to new models/modals/tasks
658 + CD 33.0 51.8 25.7 | 63.3 71.3 81.5 45.0 36.7 62.7 66.7 284
338- | + DolLa 30.5 62.3 34.0 | 654 70.3 56.4 924 49.1 8.2 72.1 35.5
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