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A Brief Introduction to Language Models

• Language Models

o Predicting the likelihood of next token given its preceding context or its surrounding context.

• Word Embeddings

o A representation of a single word in a numerical representation (i.e. Vectors)
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An Overview of LLMs over Time
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Environmental and Financial Impacts

• CO2 Emissions

o Training large-scale models requires TONS of energy, and often comes from non-renewable resources

• Practicality of Financial Cost

o +0.1 BLEU Score = $150,000 increase in compute costs + carbon emissions.
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Recommendations

• SustainNLP

o Prioritizing computationally efficient hardware/algorithms.

• Green AI

o Implementing efficiency as a key evaluation metric

o Run experiments in carbon-friendly regions

• Assessing Energy Trade-Offs

o Consider energy performance trade-offs

o Cost of Inference > Cost of Training?
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Training Data Size

• Internet has made data readily accessible

o But is it necessarily better?
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Example
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Training Data Sources

• Size does not guarantee diversity!

• LLMs are only trained on the data that they have access to

o Filtering data retains hegemonic viewpoints:

▪ White Supremacy

▪ Misogyny

• Internet Access is not evenly distributed

o Age

o Gender

• Based on sources that are unreliable 

o Banned Subreddits
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Bias and Misunderstanding

• Viewpoints online do not necessarily reflect universal viewpoints!

o Often representative of "privileged" populations, and their respective viewpoints

• Social Views

o Social movements introduce new social norms that should be incorporated

o However, these are not always included!

• GPT-3

o Trained on similar documents that were used to train GPT-2 (subset of Common Crawl dataset)

o Document filter inherently biased against marginalized groups/specific names
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Stochastic Parrots

• "Stitching together sequences of linguistic forms it has observed in its vast training data, 
according to probabilistic information about how they combine, but without any reference to 
meaning."

• Amplified biased outputs

o Reinforcing stereotypes based on the training data

• Malicious Intents:

o Spread of conspiracy theories

o Extracting PII found in training data

10



For Better? Or for Worse?

How can we balance free speech with the need to prevent harmful language 
generation in AI-driven systems?
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LLM Challenges
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Introduction to OPT

• OPT = Open Pre-trained Transformers

• Objective of OPT models

o Provide an open-source alternative to GPT-3, increasing access

o Train models more efficiently to reduce carbon footprint

o Improve transparency by releasing logbooks and code for reproducibility
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OPT model Architecture

• Decoder-only transformer models

• Model sizes range from 125M to 175B

• Training is optimized for scalability and efficiency
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OPT Model Training

• Weight Initialization

o Bias terms initialized to zero

o Followed Megatron-LM initialization

• Used AdamW as the optimizer

• Gradient clipping reduced to 0.3 to stabilize training

• Training Hardware

o Trained on 992 NVIDIA A100 GPUs

o Achieved 147 TFLOP/s per GPU
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OPT Model Training

• 180B total tokens from diverse datasets

o RoBERTa datasets

o The Pile

o PushShift.io Reddit

• MinhashLSH filtering used to remove duplicates with >95% similarity

• Training Efficiency

o Fully Sharded Data parallelism with Megatron-LM Tensor Parallelism 

o Mixed precision training

o Dynamic loss scaling to prevent underflows
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OPT Training Challenges
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Hardware Failures
35+ manual restarts, cycling over 
100 hosts

Loss divergence
High activation norms led to 
instability
Adjusted gradient clipping and 
learning rate to recover

Other Adjustments
Switched to SGD temporarily, but 
performance plateaued
Updated to a newer Megatron 
version which ultimately improved 
throughput



OPT Prompting & Few Shot Evaluations

• Figure 1: Zero-shot NLP Evaluation Averages

o OPT was comparable to GPT-3

• Figure 2: Multi-shot performance

o OPT was slightly lower than GPT-3
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OPT Dialogue Evaluations

• Evaluated on ConvAI2, Wizard of Wikipedia, Empathetic Dialogues, and BlendedSkill Talk

• OPT outperformed Reddit 2.7B model but matched supervised BlenderBot-1

• OPT had strong ability to maintain person consistency
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OPT Bias & Toxicity Evaluations

• Hate Speech Detection – Figure 1 

• CrowS-Pairs (Stereotype Bias Evaluation) – Figure 2

• StereoSet (Stereotypical Associations)

• Toxic Content Generation 

• Dialogue Safety
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OPT Limitations
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Repetitive text generation

Poor instruction following

Hallucinations – possible but incorrect

Bias and toxicity remain a concern



OPT and The Study's Strengths
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Open-source alternative to GPT-3

Significant reduction of energy consumption (1/7th of GPT-3 Carbon Footprint)

Comparable performance to GPT-3

Encourages Responsible AI research with full transparency



For Better? Or for Worse?

Does releasing open-source models like OPT 
without strong bias controls help or hinder 

Responsible AI?
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What is toxic degeneration

• Toxic degeneration- the tendency to generate racist, sexist, or otherwise harmful language, 
even when given seemingly innocuous prompts
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Why toxic degeneration in AI important?

• Ethical Risks – AI can reinforce stereotypes, hate speech, and misinformation.
o Ex: If an AI model is asked to describe different ethnic groups, it may reproduce biased descriptions based 

on historical stereotypes found in its training data.

• Legal Issues – Harmful AI outputs could violate hate speech regulations.
o Ex: AI used for resume screening might filter out female or minority candidates if trained on biased datasets.

• User Trust – People may stop using AI if it generates offensive content.

• Examples:
o Meta’s Galactica AI shut down due to misinformation and toxicity.

o Tay AI by Microsoft became offensive within 24 hours.
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Why toxic degenration happens

• AI learns from real-world text, which often contains biases, hate speech, and toxic content.

o Ex: reddit, unreliable news

• Unfiltered training data results in models that reflect and amplify toxicity.
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Toxic degeneration with unprompted

• GPT-1 ( trained on book corpora)

• GPT-2 ( trained on OpenAI WebText)

• GPT-3 ( trained on Common Crawl, Wikipedia, books)

• CTRL ( trained on domain-specific control tokens)

• CTRL-WIKI ( a version trained solely on Wikipedia)
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Toxic degeneration with prompt

• Using REALTOXICITYPROMPTS, extracted from OWTC mainly from Reddit-linked

• While toxic prompts unsurprisingly yield higher toxicity in generations, non-toxic prompts can 
still cause toxic generations at non-trivial rates.

• This shows that even in innocuous contexts these models can still generate toxic content
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How to solve it

• Data-based - we pretrain the language model further with non-toxic data

• Decoding-based - we only change the generation strategy without changing model parameters,
which means we change output including banning bad words.
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Data-based detoxification

• Attribute Conditioning (ATCON)

o The training data is labeled with special tokens like <|toxic|> and <|nontoxic|>, so the model can learn 
to distinguish toxic from safe language.

o Limitations: Some text may be misclassified, affecting detoxification quality, still generate subtle toxic 
content.

• Domain-Adaptive Pretraining (DAPT)

o The AI is fine-tuned using a specially curated non-toxic dataset, so it learns to avoid harmful language
patterns.

o Limitations: Expensive & Time-Consuming, still generate subtle toxic content.
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Decoding-based detoxification

• Vocabulary Shifting (VOCAB-SHIFT)

o AI models predict the next word based on probabilities and shifts probabilities so that toxic words are 
less likely to be chosen.

• Word Filtering

o A list of banned words (slurs, offensive terms, profanity, etc.) is used to block toxic content.

o Limitations: It only stops direct slurs but does not prevent harmful sentence structures and can reduce
diversity

• Plug-and-Play Language Models (PPLM)

o Instead of changing the training data, PPLM dynamically adjusts the model’s hidden layers during text 
generation to steer it away from toxic content.
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Findings

• Detoxification helps reduce toxicity, but no method is 100% effective.

• While DAPT is most effective method for long-term detoxification and more stable in real-world
applications, it allows some toxicity & is expensive to implement.

• PPLM (Plug-and-Play Language Model): computationally expensive

• Word Filtering is least effective method and simply banning bad words does not stop AI from 
generating harmful content.
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Drawbacks

• PERSPECTIVE API measuring toxicity mislables some non-toxic text as toxic, especially in 
African American English (AAE)

• PERSPECTIVE API overestimates toxicity containing minor identity mention (e.g., “I’m a gay 
man”)

• Detoxification might unintentionally suppress linguistic diversity and may restrict discussions 
on sensitive topics like race, gender, or politics

• Reddit, which shows content toward Western, male-dominated perspectives. This raises 
questions about fairness—whose voices are being learned by AI, and whose are being 
ignored?
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Stereotypical bias toward PLMs

• Pretrained Language Models Inherit Biases

1. Large-scale language models (BERT, GPT-2, RoBERTa, XLNet) learn biases from real-world data.

1. These biases can reinforce harmful stereotypes in NLP applications.

• Research Goals and Evaluation Approach

1. Assess the bias levels of popular NLP models (BERT, GPT-2, RoBERTa, XLNet)

2. Evaluate their language modeling capability to ensure fairness in assessments.
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Design and Collection of the StereoSet Dataset

• StereoSet systematically Analyzes Stereotypical Bias in Pretrained Language 
Models (PLMs)

• Covers Four Key Domains: Gender, Profession, Race, and Religion to ensure 
a comprehensive bias evaluation.

• Uses Natural Language Contexts instead of artificially generated sentences,
enhancing realism and representativeness.
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Context Association Test (CAT)

• Core Components of CAT Evaluation:

o Measures a model's preference for different sentence options, quantifying its stereotypical bias.

• Two types of association tests:

o Intrasentence CAT: providing a fill-in-the-blank context with three options: a stereotypical term, an anti-
stereotypical term, and a meaningless word.

o Intersentence CAT: presenting a target sentence followed by three possible completions: a stereotypical 
continuation, an anti-stereotypical continuation, and a meaningless sentence.
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Context Association Test (CAT)

• The study introduces three key metrics to evaluate the models:

• Language Modeling Score (LMS) – Measures how well the model ranks meaningful sentences above 
meaningless ones. A higher LMS indicates better language understanding and more fluent text generation

• Stereotype Score (SS) – Quantifies how often a model prefers a stereotypical association over an anti-
stereotypical one. A higher SS indicates stronger bias.

• Idealized CAT Score (ICAT) – A composite metric that balances LMS and SS, encouraging models that 
are both accurate and fair.
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Quantifying Bias in Popular PLMs Using CAT

• Tested Models: BERT, GPT-2, RoBERTa, XLNet, and other 
leading NLP models.

• Key Findings:

1. All models exhibit some level of bias, especially in 
race and gender-related contexts.

2. A trade-off exists between bias and language 
modeling ability—some high-performing models also 
show stronger bias.

3. Even state-of-the-art PLMs have not eliminated 
stereotypical biases.
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Discussion

Costs:
• Have you trained or fine-tuned an LLM? How many GPU hours did you use? Have you tried reducing 

resource consumption?

Bias & Toxicity:
• How do bias and toxicity in language models affect different communities, and what real-world 

consequences can arise from such AI systems?
• How should language models be evaluated for bias and toxicity in high-stakes applications like hiring, 

healthcare, and legal decision-making?
• Should AI companies disclose biases in their models and training data? 
• How can we balance free speech with the need to prevent harmful language generation in AI-driven 

systems?

Open-source Models:
• What are the advantages and risks of open-source large language models compared to closed-source 

alternatives?
• How should researchers balance open access with the potential for misuse when releasing large-scale AI 

models?
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