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NLP is Getting Expensive!
‣ Reserved AWS p4d.24xlarge costs $143,544/year!

‣ Company: hire an employee?                                               
Or, purchase a GPU server?

• Negative Externalities:  
4993.2 kg Co2 ~1 car driving for a year (13K mi)

Source: Machine Learning Emissions Calculator

💰

Energy and Policy Considerations for Deep Learning in NLP, Strubell et. al. 2019 
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EMNLP 2021

Tradeoff #1: Domain Adaptive Pre-Training (Gururangan et. al. 2020)

ACL 2023

Tradeoff #2: Knowledge Distillation (Sanh et. al. 2019, Zhou et. al. 2022)

‣Computation vs. (Human) Annotation
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Domain #1
Existing NLP 

Model/Dataset

Domain #2

Conventional Wisdom: data labeling is expensive.

Hand-label data Pre-train in-domain

Q: Given current GPU/TPU costs, when is in-domain pre-
training economical?

💰

Domain Adaptive Pre-Training 
(Han and Eisenstein, 2019)
(Gururangan et. al. 2020)

Computation vs. Annotation
Tradeoff #1: Pre-Train or Annotate
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Key Insight: view domain 
adaptation through the lens of  
consumer theory

★  annotated documents at a 
cost of  each
Xa

Ca

★  hours of pre-training with 
cost  
Xp

Cp

Maximize utility, , within the budget constraint .U(Xa, Xp) XaCa + XpCp ≤ B

Q: Given current GPU/TPU costs, when is in-domain pre-
training economical?
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Fully automated chemical synthesis: toward the universal synthesizer
Nathan Collins, David Stout, Jin-Ping Lim, Jeremiah P Malerich, Jason D White, Peter B Madrid, Mario Latendresse, David Krieger, Judy 
Szeto, Vi-Anh Vu, Kristina Rucker, Michael Deleo, Yonael Gorfu, Markus Krummenacker, Leslie A Hokama, Peter Karp, Sahana Mallya
Organic Process Research & Development

Motivation: Automating Chemistry
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Crossover point

Pre-train or Annotate?

Recommendation:
- Small Budget  => Annotation
- Large Budget => Annotation + Pre-training
- Annotation is more important, if you must choose
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Small Budget  => Annotation
Large Budget  => Annotation 
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Distill or Annotate? Cost-Efficient Fine-Tuning of Compact Models, Junmo Kang, Wei Xu, Alan Ritter, To Appear in ACL 2023

Option 1: Annotate, then fine-tune T5-Small

Option 2: Fine tune T5-XXL (11B), then distill

Goal: Fine-tune a 
Compact Model 

(T5-Small)
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Distill or Annotate?

Distill or Annotate? Cost-Efficient Fine-Tuning of Compact Models, Junmo Kang, Wei Xu, Alan Ritter, To Appear in ACL 2023

‣ Distillation is usually 
more economical 
than annotation.

Small Initial Training Dataset

Large Initial Training Dataset
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GPT-3.5 as an Annotator?

Distill or Annotate? Cost-Efficient Fine-Tuning of Compact Models, Junmo Kang, Wei Xu, Alan Ritter, To Appear in ACL 2023

‣ Distilling fine-tuned T5-XXL is 
more economical

Shuohang Wang, Yang Liu, Yichong Xu, Chenguang Zhu, and Michael Zeng. 2021. Want to reduce labeling cost? GPT-3 can help. EMNLP Findings 2021Related Work:

T5-XXL Distillation

GPT-3.5 Annotator

Human Annotator
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‣ Materials Science, e.g. DiSCoMaT (Gupta et. al. 2023) 
‣ Chemistry Tables, e.g. ChemDataExtractor (Swain et. Al. 2016) 
‣ Webpages e.g. OpenCeres (Lockard et. al. 2019, 2020)

AxCell (ML Leaderboards)
DiSCoMaT (Materials Science)

Q: Can Large Language Models Reduce the Cost of 
Extracting Data from Tables?
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Results
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Distilling Table Extractors

‣ Not difficult to distill student table extraction models with 
performance as good as the teacher.
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Ablation Study

‣ Schemas are crucial
‣ Error recovery has strong performance while minimizing 

API costs.
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(Kadras et. al. 2020)

‣ Requires Additional Linking Steps

‣Performance comparable to custom 
Pipeline w/ labeled examples
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