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[32;1m [1;3mAnswer the following questions as best you can. You have access to the following tools:
Arxiv: A wrapper around Arxiv.org Useful for when you need to answer questions about Physics, Mathematics, Computer Science, Quantitative Biology, Quantitative Finance, Statistics, Electrical Engineering, and Economics from scientific articles on arxiv.org. Input should be a search query.
Use the following format:

Question: the input question you must answer

Thought: you should always think about what to do

Action: the action to take, should be one of [Arxiv]

Action Input: the input to the action

Observation: the result of the action

... (this Thought/Action/Action Input/Observation can repeat N times)
Thought: | now know the final answer

Final Answer: the final answer to the original input question
Begin!

Question: if gpt get 100k token, what happends
Thought: [0m
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Question: the input question you must answer

Thought: you should always think about what to do
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not parse LLM output: I'm not sure what you mean by "gpt get 188k token." Can you please provide more context or clarify your guestion?
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Answer the following questions as best you can. You have access to the following tools:

Arxiv: A wrapper around Arxiv.org Useful for when you need to answer questions about Physics, Mathematics, Computer Science, Quantitative Biology, Quantitative Finance, Statistics, Electrical Engineering, and Economics from scientific articles on arxiv.org. Input should be a search query.
Use the following format:

Question: the input question you must answer Thought: you should always think about what to do Action: the action to take, should be one of [Arxiv] Action Input: the input to the action Observation: the result of the action ... (this Thought/Action/Action Input/Observation can repeat N times) Thought: | now know the final answer Final Answer: the final

answer to the original input question
Begin!

Question: if gpt get 100k token, what happends Thought

not parse LLM output: I'm not sure what you mean by "gpt get 188k token." Can you please provide more context or clarify your question? Observation: Invalid orincomplete respnnseTh-:}ught:
Finished chain.
Let me try rephrasing the question.

Question: What happens if GPT-3 receives 100,000 tokens?

Thought: This question is related to the functioning of GPT-3, so | should look for information on how it works.
Action: Arxiv

Action Input: "GPT-3 tokens"

Observation: Published: 2022-07-06 Title: Ask Me What You Need: Product Retrieval using Knowledge from GPT-3 Authors: Su Young Kim, Hyeonjin Park, Kyuyong Shin, Kyung-Min Kim Summary: As online merchandise become more common, many studies focus on embedding-based methods where queries and products are represented in the semantic
space. These methods alleviate the problem of vocab mismatch between the language of queries and products. However, past studies usually dealt with queries that precisely describe the product, and there still exists the need to answer imprecise queries that may require common sense knowledge, i.e., 'what should | get my mom for Mother's Day.' In this
paper, we propose a GPT-3 based product retrieval system that leverages the knowledge-base (KB) of GPT-3 for question answering; users do not need to know the specific illustrative keywords for a product when querying. Our method tunes prompt tokens of GPT-3 to prompt knowledge and render answers that are mapped directly to products without

further processing. Our method shows consistent performance improvement on two real-world and one public dataset, compared to the baseline methods. We provide an in-depth discussion on leveraging GPT-3 knowledge into a question answering based retrieval system.

Published: 2023-05-08 Title: Revisiting Relation Extraction in the era of Large Language Models Authors: Somin Wadhwa, Silvio Amir, Byron C. Wallace Summary: Relation extraction (RE) is the core NLP task of inferring semantic relationships between entities from text. Standard supervised RE techniques entail training modules to tag tokens comprising
entity spans and then predict the relationship between them. Recent work has instead treated the problem as a \emph{sequence-to-sequence} task, linearizing relations between entities as target strings to be generated conditioned on the input. Here we push the limits of this approach, using larger language models (GPT-3 and Flan-T5 large) than
considered in prior work and evaluating their performance on standard RE tasks under varying levels of supervision. We address issues inherent to evaluating generative approaches to RE by doing human evaluations, in lieu of relying on exact matching. Under this refined evaluation, we find that: (1) Few-shot prompting with GPT-3 achieves near SOTA

performance, i.e., roughly equivalent to existing fully supervised models; (2) Flan-T5 is not as capable in the few-shot setting, but supervising and fine-tuning it with Chain-of-Thought (CoT) style explanations (generated via GPT-3) yields SOTA results. We release this model as a new baseline for RE tasks.

Published: 2022-11-15 Title: RobBERT-2022: Updating a Dutch Language Model to Account for Evolving Language Use Authors: Pieter Delobelle, Thomas Winters, Bettina Berendt Summary: Large transformer-based language models, e.g. BERT and GPT-3, outperform previous architectures on most natural language processing tasks. Such language models
are first pre-trained on gigantic corpora of text and later used as base-model for finetuning on a particular task. Since the pre-training step is usually not repeated, base models are not up-to-date with the latest information. In this paper, we update RobBERT, a RoBERTa-based state-of-the-art Dutch language model, which was trained in 2019. First, the
tokenizer of RobBERT is updated to include new high-frequent tokens present in the latest Dutch OSCAR corpus, e.g. corona-related words. Then we further pre-train the RobBERT model using this dataset. To evaluate if our new model is a plug-in replacement for RobBERT, we introduce two additional criteria based on concept drift of existing tokens and

alignment for novel tokens.We found that for certain language tasks this update results in a significant performance increase. These results highlight the benefit of continually updating a language model to account for evolving language use.
Thought:
Entering new LLMChain chain...
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Question: What happens if GPT-3 receives 100,000 tokens?

Thought: This question is related to the functioning of GPT-3, so | should look for information on how it works.
Action: Arxiv

Action Input: "GPT-3 tokens"

Observation: Published: 2022-07-06

Title: Ask Me What You Need: Product Retrieval using Knowledge from GPT-3
Authors: Su Young Kim, Hyeonjin Park, Kyuyong Shin, Kyung-Min Kim

Summary: As online merchandise become more common, many studies focus on
embedding-based methods where queries and products are represented in the
semantic space. These methods alleviate the problem of vocab mismatch between
the language of queries and products. However, past studies usually dealt with
queries that precisely describe the product, and there still exists the need to
answer imprecise queries that may require common sense knowledge, i.e., 'what
should | get my mom for Mother's Day.' In this paper, we propose a GPT-3 based
product retrieval system that leverages the knowledge-base (KB) of GPT-3 for
question answering; users do not need to know the specific illustrative

keywords for a product when querying. Our method tunes prompt tokens of GPT-3
to prompt knowledge and render answers that are mapped directly to products
without further processing. Our method shows consistent performance improvement
on two real-world and one public dataset, compared to the baseline methods. We
provide an in-depth discussion on leveraging GPT-3 knowledge into a question

answering based retrieval system.

Published: 2023-05-08

Title: Revisiting Relation Extraction in the era of Large Language Models
Authors: Somin Wadhwa, Silvio Amir, Byron C. Wallace

Summary: Relation extraction (RE) is the core NLP task of inferring semantic
relationships between entities from text. Standard supervised RE technigues
entail training modules to tag tokens comprising entity spans and then predict
the relationship between them. Recent work has instead treated the problem as a
\emph{sequence-to-sequence} task, linearizing relations between entities as
target strings to be generated conditioned on the input. Here we push the
limits of this approach, using larger language models (GPT-3 and Flan-T5 large)
than considered in prior work and evaluating their performance on standard RE
tasks under varying levels of supervision. We address issues inherent to
evaluating generative approaches to RE by doing human evaluations, in lieu of
relying on exact matching. Under this refined evaluation, we find that: (1)
Few-shot prompting with GPT-3 achieves near SOTA performance, i.e., roughly
equivalent to existing fully supervised models; (2) Flan-T5 is not as capable

in the few-shot setting, but supervising and fine-tuning it with
Chain-of-Thought (CoT) style explanations (generated via GPT-3) yields SOTA

results. We release this model as a new baseline for RE tasks.

Published: 2022-11-15

Title: RobBERT-2022: Updating a Dutch Language Model to Account for Evolving Language Use
Authors: Pieter Delobelle, Thomas Winters, Bettina Berendt

Summary: Large transformer-based language models, e.g. BERT and GPT-3, outperform
previous architectures on most natural language processing tasks. Such language
models are first pre-trained on gigantic corpora of text and later used as

base-model for finetuning on a particular task. Since the pre-training step is

usually not repeated, base models are not up-to-date with the latest

information. In this paper, we update RobBERT, a RoBERTa-based state-of-the-art
Dutch language model, which was trained in 2019. First, the tokenizer of

RobBERT is updated to include new high-frequent tokens present in the latest

Dutch OSCAR corpus, e.g. corona-related words. Then we further pre-train the
RobBERT model using this dataset. To evaluate if our new model is a plug-in
replacement for RobBERT, we introduce two additional criteria based on concept

drift of existing tokens and alignment for novel tokens.We found that for

certain language tasks this update results in a significant performance

increase. These results highlight the benefit of continually updating a

language model to account for evolving language use.
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Question: What happens if GPT-3 receives 100,000 tokens? Thought: This question is related to the functioning of GPT-3, so | should look for information on how it works. Action: Arxiv Action Input: "GPT-3 tokens" Observation: Published: 2022-07-06 Title: Ask Me What You Need: Product Retrieval using Knowledge from GPT-3 Authors: Su Young Kim, Hyeonjin
Park, Kyuyong Shin, Kyung-Min Kim Summary: As online merchandise become more common, many studies focus on embedding-based methods where queries and products are represented in the semantic space. These methods alleviate the problem of vocab mismatch between the language of queries and products. However, past studies usually dealt
with queries that precisely describe the product, and there still exists the need to answer imprecise queries that may require common sense knowledge, i.e., "what should | get my mom for Mother's Day.' In this paper, we propose a GPT-3 based product retrieval system that leverages the knowledge-base (KB) of GPT-3 for question answering; users do not
need to know the specific illustrative keywords for a product when querying. Our method tunes prompt tokens of GPT-3 to prompt knowledge and render answers that are mapped directly to products without further processing. Our method shows consistent performance improvement on two real-world and one public dataset, compared to the baseline

methods. We provide an in-depth discussion on leveraging GPT-3 knowledge into a question answering based retrieval system.

Published: 2023-05-08 Title: Revisiting Relation Extraction in the era of Large Language Models Authors: Somin Wadhwa, Silvio Amir, Byron C. Wallace Summary: Relation extraction (RE) is the core NLP task of inferring semantic relationships between entities from text. Standard supervised RE techniques entail training modules to tag tokens comprising
entity spans and then predict the relationship between them. Recent work has instead treated the problem as a \emph{sequence-to-sequence} task, linearizing relations between entities as target strings to be generated conditioned on the input. Here we push the limits of this approach, using larger language models (GPT-3 and Flan-T5 large) than
considered in prior work and evaluating their performance on standard RE tasks under varying levels of supervision. We address issues inherent to evaluating generative approaches to RE by doing human evaluations, in lieu of relying on exact matching. Under this refined evaluation, we find that: (1) Few-shot prompting with GPT-3 achieves near SOTA

performance, i.e., roughly equivalent to existing fully supervised models; (2) Flan-T5 is not as capable in the few-shot setting, but supervising and fine-tuning it with Chain-of-Thought (CoT) style explanations (generated via GPT-3) yields SOTA results. We release this model as a new baseline for RE tasks.

Published: 2022-11-15 Title: RobBERT-2022: Updating a Dutch Language Model to Account for Evolving Language Use Authors: Pieter Delobelle, Thomas Winters, Bettina Berendt Summary: Large transformer-based language models, e.g. BERT and GPT-3, outperform previous architectures on most natural language processing tasks. Such language models
are first pre-trained on gigantic corpora of text and later used as base-model for finetuning on a particular task. Since the pre-training step is usually not repeated, base models are not up-to-date with the latest information. In this paper, we update RobBERT, a RoBERTa-based state-of-the-art Dutch language model, which was trained in 2019. First, the
tokenizer of RobBERT is updated to include new high-frequent tokens present in the latest Dutch OSCAR corpus, e.g. corona-related words. Then we further pre-train the RobBERT model using this dataset. To evaluate if our new model is a plug-in replacement for RobBERT, we introduce two additional criteria based on concept drift of existing tokens and

alignment for novel tokens.We found that for certain language tasks this update results in a significant performance increase. These results highlight the benefit of continually updating a language model to account for evolving language use. Thought:
Finished chain.
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Observation: Published: 2022-07-06

Title: Ask Me What You Need: Product Retrieval using Knowledge from GPT-3
Authors: Su Young Kim, Hyeonjin Park, Kyuyong Shin, Kyung-Min Kim

Summary: As online merchandise become more common, many studies focus on
embedding-based methods where queries and products are represented in the
semantic space. These methods alleviate the problem of vocab mismatch between
the language of queries and products. However, past studies usually dealt with
queries that precisely describe the product, and there still exists the need to
answer imprecise queries that may require common sense knowledge, i.e., 'what
should | get my mom for Mother's Day.' In this paper, we propose a GPT-3 based
product retrieval system that leverages the knowledge-base (KB) of GPT-3 for
question answering; users do not need to know the specific illustrative

keywords for a product when querying. Our method tunes prompt tokens of GPT-3
to prompt knowledge and render answers that are mapped directly to products
without further processing. Our method shows consistent performance improvement
on two real-world and one public dataset, compared to the baseline methods. We
provide an in-depth discussion on leveraging GPT-3 knowledge into a question

answering based retrieval system.

Published: 2023-05-08

Title: Revisiting Relation Extraction in the era of Large Language Models
Authors: Somin Wadhwa, Silvio Amir, Byron C. Wallace

Summary: Relation extraction (RE) is the core NLP task of inferring semantic
relationships between entities from text. Standard supervised RE techniques
entail training modules to tag tokens comprising entity spans and then predict
the relationship between them. Recent work has instead treated the problem as a
\emph{sequence-to-sequence} task, linearizing relations between entities as
target strings to be generated conditioned on the input. Here we push the
limits of this approach, using larger language models (GPT-3 and Flan-T5 large)
than considered in prior work and evaluating their performance on standard RE
tasks under varying levels of supervision. We address issues inherent to
evaluating generative approaches to RE by doing human evaluations, in lieu of
relying on exact matching. Under this refined evaluation, we find that: (1)
Few-shot prompting with GPT-3 achieves near SOTA performance, i.e., roughly
equivalent to existing fully supervised models; (2) Flan-T5 is not as capable

in the few-shot setting, but supervising and fine-tuning it with
Chain-of-Thought (CoT) style explanations (generated via GPT-3) yields SOTA

results. We release this model as a new baseline for RE tasks.

Published: 2022-11-15

Title: RobBERT-2022: Updating a Dutch Language Model to Account for Evolving Language Use
Authors: Pieter Delobelle, Thomas Winters, Bettina Berendt

Summary: Large transformer-based language models, e.g. BERT and GPT-3, outperform
previous architectures on most natural language processing tasks. Such language
models are first pre-trained on gigantic corpora of text and later used as
base-model for finetuning on a particular task. Since the pre-training step is
usually not repeated, base models are not up-to-date with the latest

information. In this paper, we update RobBERT, a RoBERTa-based state-of-the-art
Dutch language model, which was trained in 2019. First, the tokenizer of
RobBERT is updated to include new high-frequent tokens present in the latest
Dutch OSCAR corpus, e.g. corona-related words. Then we further pre-train the
RobBERT model using this dataset. To evaluate if our new model is a plug-in
replacement for RobBERT, we introduce two additional criteria based on concept
drift of existing tokens and alignment for novel tokens.We found that for

certain language tasks this update results in a significant performance

increase. These results highlight the benefit of continually updating a

language model to account for evolving language use.
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Question: What happens if GPT-3 receives 100,000 tokens? Thought: This question is related to the functioning of GPT-3, so | should look for information on how it works. Action: Arxiv Action Input: "GPT-3 tokens" Observation: Published: 2022-07-06 Title: Ask Me What You Need: Product Retrieval using Knowledge from GPT-3 Authors: Su Young Kim, Hyeonjin
Park, Kyuyong Shin, Kyung-Min Kim Summary: As online merchandise become more common, many studies focus on embedding-based methods where queries and products are represented in the semantic space. These methods alleviate the problem of vocab mismatch between the language of queries and products. However, past studies usually dealt
with queries that precisely describe the product, and there still exists the need to answer imprecise queries that may require common sense knowledge, i.e., 'what should | get my mom for Mother's Day.' In this paper, we propose a GPT-3 based product retrieval system that leverages the knowledge-base (KB) of GPT-3 for question answering; users do not
need to know the specific illustrative keywords for a product when guerying. Our method tunes prompt tokens of GPT-3 to prompt knowledge and render answers that are mapped directly to products without further processing. Our method shows consistent performance improvement on two real-world and one public dataset, compared to the baseline

methods. We provide an in-depth discussion on leveraging GPT-3 knowledge into a question answering based retrieval system.

Published: 2023-05-08 Title: Revisiting Relation Extraction in the era of Large Language Models Authors: Somin Wadhwa, Silvio Amir, Byron C. Wallace Summary: Relation extraction (RE) is the core NLP task of inferring semantic relationships between entities from text. Standard supervised RE techniques entail training modules to tag tokens comprising
entity spans and then predict the relationship between them. Recent work has instead treated the problem as a \emph{sequence-to-sequence} task, linearizing relations between entities as target strings to be generated conditioned on the input. Here we push the limits of this approach, using larger language models (GPT-3 and Flan-T5 large) than
considered in prior work and evaluating their performance on standard RE tasks under varying levels of supervision. We address issues inherent to evaluating generative approaches to RE by doing human evaluations, in lieu of relying on exact matching. Under this refined evaluation, we find that: (1) Few-shot prompting with GPT-3 achieves near SOTA

performance, i.e., roughly equivalent to existing fully supervised models; (2) Flan-T5 is not as capable in the few-shot setting, but supervising and fine-tuning it with Chain-of-Thought (CoT) style explanations (generated via GPT-3) yields SOTA results. We release this model as a new baseline for RE tasks.

Published: 2022-11-15 Title: RobBERT-2022: Updating a Dutch Language Model to Account for Evolving Language Use Authors: Pieter Delobelle, Thomas Winters, Bettina Berendt Summary: Large transformer-based language models, e.g. BERT and GPT-3, outperform previous architectures on most natural language processing tasks. Such language models
are first pre-trained on gigantic corpora of text and later used as base-model for finetuning on a particular task. Since the pre-training step is usually not repeated, base models are not up-to-date with the latest information. In this paper, we update RobBERT, a RoBERTa-based state-of-the-art Dutch language model, which was trained in 2019. First, the
tokenizer of RobBERT is updated to include new high-frequent tokens present in the latest Dutch OSCAR corpus, e.g. corona-related words. Then we further pre-train the RobBERT model using this dataset. To evaluate if our new model is a plug-in replacement for RobBERT, we introduce two additional criteria based on concept drift of existing tokens and
alignment for novel tokens.We found that for certain language tasks this update results in a significant performance increase. These results highlight the benefit of continually updating a language model to account for evolving language use. Thought

not parse LLM output: Mone. Observation: Invalid or incomplete response Thought:
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