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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. 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 establishes a new single-model 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 successfully to English constituency parsing both with
large and limited training data.

1 Introduction

Recurrent neural networks, long short-term memory [13] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. 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 establishes a new single-model 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 successfully to English constituency parsing both with
large and limited training data.

1 Introduction

Recurrent neural networks, long short-term memory [13] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
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Abstract

We demonstrate that scaling up language models greatly improves task-agnostic,
few-shot performance, sometimes even becoming competitive with prior state-of-
the-art fine-tuning approaches. Specifically, we train GPT-3, an autoregressive
language model with 175 billion parameters, 10x more than any previous non-
sparse language model, and test its performance in the few-shot setting. For all
tasks, GPT-3 is applied without any gradient updates or fine-tuning, with tasks
and few-shot demonstrations specified purely via text interaction with the model.
GPT-3 achieves strong performance on many NLP datasets, including translation,
question-answering, and cloze tasks. We also identify some datasets where GPT-
3’s few-shot learning still struggles, as well as some datasets where GPT-3 faces
methodological issues related to training on large web corpora.

1 Introduction

NLP has shifted from learning task-specific representations and designing task-specific architectures
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Abstract

Making language models bigger does not inherently make them better at following
a user’s intent. For example, large language models can generate outputs that
are untruthful, toxic, or simply not helpful to the user. In other words, these
models are not aligned with their users. In this paper, we show an avenue for
aligning language models with user intent on a wide range of tasks by fine-tuning
with human feedback. Starting with a set of labeler-written prompts and prompts
submitted through the OpenAl API, we collect a dataset of labeler demonstrations
of the desired model behavior, which we use to fine-tune GPT-3 using supervised
learning. We then collect a dataset of rankings of model outputs, which we use to
further fine-tune this supervised model using reinforcement learning from human
feedback. We call the resulting models InstructGPT. In human evaluations on
our prompt distribution, outputs from the 1.3B parameter InstructGPT model are
preferred to outputs from the 175B GPT-3, despite having 100x fewer parameters.
Moreover, InstructGPT models show improvements in truthfulness and reductions
in toxic output generation while having minimal performance regressions on public
NLP datasets. Even though InstructGPT still makes simple mistakes, our results
show that fine-tuning with human feedback is a promising direction for aligning
language models with human intent.

1 Introduction

Large language models (LMs) can be “prompted” to perform a range of natural language process-
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Abstract

We investigate the potential implications of large language models (LLMs), such as Generative Pre-
trained Transformers (GPTs), on the U.S. labor market, focusing on the increased capabilities arising from
LLM-powered software compared to LLMs on their own. Using a new rubric, we assess occupations based
on their alignment with LLM capabilities, integrating both human expertise and GPT-4 classifications.
Our findings reveal that around 80% of the U.S. workforce could have at least 10% of their work tasks
affected by the introduction of LLMs, while approximately 19% of workers may see at least 50% of their
tasks impacted. We do not make predictions about the development or adoption timeline of such LLMs.
The projected effects span all wage levels, with higher-income jobs potentially facing greater exposure to
LLM capabilities and LLM-powered software. Significantly, these impacts are not restricted to industries
with higher recent productivity growth. Our analysis suggests that, with access to an LLM, about 15%
of all worker tasks in the US could be completed significantly faster at the same level of quality. When
incorporating software and tooling built on top of LLMs, this share increases to between 47 and 56%
of all tasks. This finding implies that LLM-powered software will have a substantial effect on scaling
the economic impacts of the underlying models. We conclude that LLMs such as GPTs exhibit traits of
general-purpose technologies, indicating that they could have considerable economic, social, and policy
implications.

1 Introduction

As shown in Figure 1, recent years, months, and weeks have seen remarkable progress in the field of generative
Al and large language models (LLMs). While the public often associates LLMs with various iterations of the
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