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Learning Objectives
Identify ethical issues of LLMs/transformers from various lenses (social, 
environmental, legal, economic, etc.) by…
◦ Extracting them from the Stochastic Parrots paper

◦ Extending them with your own perspectives

Determine how these issues apply to any LM
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Review: Multi-prompt “Learning”
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Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki Hayashi, and Graham Neubig. 2023. Pre-train, Prompt, and Predict: A Systematic Survey of 
Prompting Methods in Natural Language Processing. ACM Comput. Surv. 55, 9, Article 195 (September 2023), 35 pages. https://doi.org/10.1145/3560815

Demonstration learningMultiple unanswered prompts

For multi-label predictionsMerging subprompts

https://doi.org/10.1145/3560815


Review: Self-Criticism
LLM “ruminates” on its output to try to come up with better output

(Along with chain-of-thought) Precursor to reasoning models that are finetuned 
to do this automatically
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Language Models (Mostly) Know What They Know

Saurav Kadavath, Tom Conerly, Amanda Askell, Tom Henighan, Dawn Drain, Ethan Perez, et al. 2022. Language Models (Mostly) Know What They Know. 
arXiv: 2207.05221 

https://arxiv.org/abs/2207.05221


Review: Meta-Prompting
Prompting to generate prompts

Meta-prompts…
◦ “encode what the LLM should “do” given different descriptions of the same task” [1]

◦ “will return the relevant outputs for an arbitrary task, provided that the task description is 
provided as an input” [1]

4/14/2026 INTRO TO NLP - ETHICS 5
On Meta-Prompting

[1] Adrian de Wynter, Xun Wang, Qilong Gu, Si-Qing Chen. 2023. On Meta-Prompting. arXiv: 2312.06562

https://arxiv.org/abs/2312.06562


Stochastic Parrots
Bender, E. M., Gebru, T., McMillan-Major, A., & Shmitchell, S. (2021). On the 
Dangers of Stochastic Parrots: Can Language Models Be Too Big? ACM 
Conference on Fairness, Accountability, and Transparency (FAccT), 610–623. 
https://doi.org/10.1145/3442188.3445922

4/15/2025 ETHICS OF NLP 6
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Ethical Issues
1. Environmental

2. Financial

3. Diversity

4. Static Data

5. Bias

6. Accountability

7. Lack of Understanding

8. Subjective Coherence

9. Harms
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10. Mitigation Strategies+



1) Environmental
1. Training a model produces CO2 gas

2. Data centers take all the renewable energy

3. Marginalized areas are most impacted but least likely to benefit from the 
tools

Mitigation:

1. Low-energy models? Hardware that specializes

2. Treating efficiency as a metric (in addition to accuracy, etc.)
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Energy of Models
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https://openai.com/research/ai-and-compute



Energy Shift
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2) Financial
1. Correlation between BLEU and cost to get to that score

2. Training vs inference – if a model is used frequently, inference cost matters

3. Barriers of entry for research

4. Wealthiest institutions benefit from models the most

Mitigations:

1. Share cloud computing resources (GPU clusters & APIs)

2. Open source models or institutionally-shared models
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3) Diversity
1. Much of the data comes from young males on the internet

2. Older people are more likely to use blogs but these are less connected (less SEO)

3. More data doesn’t mean more diversity

Mitigations:

1. Be more thorough in dataset prep; diverse collection of data from different groups

2. Reduce size if it can’t be prepared properly

3. Spend more time collecting data for the specific task
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Near Duplicates in Data

4/15/2025 13

Lee, K., Ippolito, D., Nystrom, A., Zhang, C., Eck, D., Callison-Burch, C., & Carlini, N. (2022). Deduplicating Training Data Makes Language Models 
Better. Annual Meeting of the Association for Computational Linguistics (ACL), Volume 1: Long Papers, 8424–8445. 
https://doi.org/10.18653/v1/2022.acl-long.577
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4) Static Data
1. LLMs are trained at a certain point in time → value locked

2. Expensive to retrain/finetune

3. Current events used to update the models tend to be more violent (things 
that the news covers)

Mitigations:

1. Models can retrieve more recent information (RAG)

2. Users can rate factuality / add more recent information
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5) Bias
1. Because models are statistical, they are the voice of “everyone” – simultaneously 

sound like no one person but also the majority group

2. Trained on web data = pick up biases of humans

3. Toxicity metrics don’t take into consideration the speaker

Mitigations:

1. Compiling data that represents different perspectives (diverse data)

2. Research ways to reduce harm

3. Use multiple models and find consensus instead of relying on a single model’s bias
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Reporting Bias
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Shwartz, V., & Choi, Y. (2020). Do Neural Language Models Overcome Reporting Bias? International 
Conference on Computational Linguistics (COLING), 6863–6870. 
https://doi.org/10.18653/v1/2020.coling-main.605
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6) Accountability
1. If a model outputs something harmful, the model can’t be held accountable legally

2. Developers can’t know everything the model was trained on so they’re not 
accountable

3. How much is the user’s prompt influencing the output of the model?

Mitigations:

1. Having guardrails to avoid the situations in the first place

2. Warning users on how to use the model

3. License for training/releasing models
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7) Lack of Understanding
1. LLMs just copy humans but don’t truly understand

2. Humans ascribe too much meaning to the LLM

Mitigations:

1. Teaching people how models work

2. Interpretability & Explainable AI
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8) Subjective Coherence
1. Machine outputs sentence that sounds good but is inaccurate

2. Lacking cultural understanding

Mitigations:

1. Admitting uncertainty
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9) Harms
1. Harmful text in training data can spread harm to other contexts

2. Propagate harmful stereotypes (even bigger issue if models are trained on 
harmful generated data)

Mitigations:

1. Labeling harmful content (or AI generated in general)

2. Put more effort into planning (goals, values, motivations, users, stakeholders 
are considered)

3. Reverse engineer hypothetical failures (pre-mortem)
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Issues of all LMs 
How many of these are relevant to smaller LMs?
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