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In this work, we develop and release Llama 2, a collection of pretrained and fine-tuned large language models (LLMs) ranging in scale from 7 billion to 70
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_(Wel etal. 2022)_
— This appears to increase

the probability that they identify and properly incorporate key information such as the difference in price
between perfectly substitutible goods. While similar techniques have been utilized by methods like
SocraticAl (Yang & Narasimhan, 2023), the proposed technique underscores the importance of
adaptable character shaping within the debate, providing the opportunity to balance the debate
dynamics by offering tactical hints to the respective characters. We use debate prompting in quote

selection and during automated evaluation, as discussed in subsequent sections.

[background3| ] AM. TURING AWARD{EE, HEERM¥MIRT. AAAlFellow, IEAER¥SMR
4. ACM Fellow Yoshua Bengiofgi, 551632 12 HHIchain-of-thought5iEELE, debate
prompting A IFLLMsEFNTEEH L, MMEBRRIRFIARESXRER.

[Inspiration RE5|HHH] -

Chain-of-Thought (Wei et al., 2022) refers to the general strategy of solving multi-step problems by
decomposing them into a sequence of intermediate steps. It has recently been applied extensively in a
variety of problems such as mathematical reasoning (Ling et al., 2017;Cobbe et al., 2021), program
execution (Reed & De Freitas, 2015;Nye et al., 2021), commonsense or general reasoning (Rajani et al.,
2019;Clark et al., 2020;Liang et al., 2021;Wei et al., 2022), and robotics (Xu et al., 2018;Zhang & Chai,
2021;Jia et al., 2022b;Gu et al., 2022;Yang et al., 2022). Similar ideas in the context of HRL can date
back to Feudal RL (Dayan & Hinton, 1992) and the option framework (Sutton et al., 1999). Inspired by
these approaches, ours focuses on the imitation learning setup (without reward labels or online
interactions) for low-level control tasks.

[inspiration3| ] Hao Sui\J#3|iE 373 H A9 Chain-of-Thought 75 5 TEfRIR 2 B 0] BAFh 352 A,
HERBER T ETIN T LR,

[Method 58 773551 I T -

Our method is anchored by two specialized prompts. The first, as elaborated in Tab. 6, underlies our
cascading method. Specifically, we input the prompt into LLaVA-v1.5 to obtain the "see and say"
results. A key aspect of this process involves identifying non-existent predictions: if the output begins
with "No, there is no...," we classify these as non-existent predictions and collect their corresponding
sentences to assess the "say" score. _
chain-of-thought prompting techniques (67], has shown significantly greater efficacy compared to
simpler user prompts like "Please help me segment [the referring expression] in the image?"

[method5|A] Eiill T2[EET+ Trevor DarrelBAR#ES[EXPIRITHIE I BB HRREARLERE
EIRRTRAE, HRTEHENAFPRTR, ERHEZEESNEHILE.



[Baseline #E#E777E5 HR AT -

Our system placed second in the 2015 COCO Detection Challenge in both the bounding box and
segmentation tracks. Only the deeper ResNet classifier [ 15] outperformed our approach. Potentially,

ResNet could be used as the feature extractor in our MultiPath network.

[baseline5| ] Piotr Dollarig £ 7£20155 COCOMNHEL T, RBEHEEIRLHEREMResNet sy
EBREMAE BT MINGE, HEEIEResNetfE R EMultiPath & A SE1REN 22

[Dataset Fi¥EEESI FHRH ] -

A multilabel classification case study is one of the experiments that are used to calculate the
performance of LDANE. Some datasets are used, such as synthetic data (SYN-1 and SYN-2) [104],
DBLP [88], and Epinions 1 . Some comparison methods for embedding models include DeepWalk [85],
DynGEM [40], and SDNE [105]. On multilabel classification results, LDANE achieved the highest
average performance of micro-F1 0.93 and macro-F1 0.92 on the SYN-2 dataset. It performs better

than other embedding network models that do not employ lifelong learning techniques.
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Attention is All You Need.
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ADVANCES IN NEURAL INFORMATION PROCESSING SYSTEMS 30 (NIPS 2017)
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The dominant sequence transduction models are based on complex recurrent or convolutional neural networks in
an encoder-decoder configuration. The best performing models also connect the encoder and decoder through
an attention mechanism. We propose a new simple network architecture, the Transformer, based solely on
attention mechanisms, dispensing with recurrence and convolutions entirely. Experiments on two machine
translation tasks show these models to be superior in quality while being more parallelizable and requiring
significantly less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-to-German translation
task, improving over the existing best results, including ensembles by over 2 BLEU. On the WMT 2014 English-to-
French translation task, our model i a new singl del state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the best models from the literature.

We show that the Transformer generalizes well to other tasks by applying it illy to English constituen
parsing both with large and limited training data.
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