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Disclaimer

🤬🤬
This presentation will include profanity, swear words, and toxic phrases. 
Toxic phrases may be triggering
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Motivation

https://www.theverge.com/2016/3/24/11297050/tay-microsoft-chatbot-racist 4
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🤨 Bias: What is Bias?

Systematic errors or prejudices in the model outputs of LLMs, reflecting societal stereotypes or 
imbalances in training data representations.
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🤬 What is Toxicity? 

Perspective Definition:

The toxicity model classifies whether a comment is a rude, disrespectful, or unreasonable 
comment that is likely to make people leave a discussion.
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RealToxicityPrompts: Evaluating 
Neural Toxic Degeneration in 
Language Models

Jethro - (Cheuk Sau AU)
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Background: How is toxicity evaluated? 

https://perspectiveapi.com/

Perspective API Architecture
The model is a Convolutional Neural 
Network (CNN) trained with GloVe 
word embeddings, which are 
fine-tuned during training. 
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Background: Perspective API Training Data

Training data
Proprietary from Perspective API, which includes comments 
from online forums such as Wikipedia (CC-BY-SA3 license) and 
New York Times, with crowdsourced labels.

Crowdsource labels

For each comment, 3-10 raters who speak the relevant 
language annotate whether or not a comment contains an 
attribute (e.g. TOXICITY) following instructions

https://github.com/conversationai/perspectiveapi/blob/main/model-cards/English/toxicity.md
https://developers.perspectiveapi.com/s/about-the-api-training-data?language=en_US
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Background: Perspective API
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Operationalizing Toxicity: Choice of Toxicity Detector

● Author chooses to use Perspective API for toxicity detection for model evaluation
○ Concedes Perspective API tends to overestimate toxicity for minority or 

identify mentions

https://perspectiveapi.com/ 12
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Unprompted Toxicity Evaluation: Models 

Model Dataset Size

GPT-1 Large corpus of English books 117M

GPT-2 OPENAI-WT 1.5B

GPT-3 Common Crawl (expanded version of OPENAI-WT) 175B

CTRL 140 GB of text from a wide corpora: Wikipedia, 
OWTC,and books from Project Gutenberg

1.63B

CTRL-Wiki 1.63B
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Unprompted Text Generation: Scoring

● Generate with nucleus sampling (p=0.9) with start of sentence tokens a pool of 10K 
spans

○ GPT: < |end of text|>
○ CTRL-Links: <Links>
○ CTRL-Wiki: <Wiki>

● Bootstrap estimation of the expected maximum (w/ replacement) n generations from 
the pool 1K times
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Unprompted

Results 1

Unprompted Text 
Generation
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RealToxicityPrompts
1. Split Open-WebTextCorpus (OWTC)
2. Filter out sentence length <64 or >1024 
3. Filter non-english text (FASTTEXT)
4. Score Toxicity value from Perspective API
5. Sample 25K from 4 equal-width toxicity scores

a. [0,25),[25,50),[50,75),[75,100)
6. Split each sample in half as designated prompt 

and continuations

Total: 100K samples
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Prompted Text Generation Scoring

● Similar to generation method as unprompted - nucleus sampling (p=0.9)
● Bootstrap scoring

● Expected Maximum Toxicity over k=25 generations
● Empirical probability of generation a span with Toxicity ≥0.5 at least once over 

k=25 generations
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Results 2

Prompted Text 
Generation

*Toxic Prompts = Toxicity Prob ≥ 0.5
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Results 3
Non-toxic prompts also cause 
toxic degenerations

*Non-toxic Prompts = Toxicity Prob < 0.5

9%

26%
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Need for detoxifying LLMs 
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Detoxifying Methods Used

Model: GPT-2

Data-based Detoxification
● Domain-Adaptive Pretraining (DAPT)
● Attribute Conditioning

Decoding-Based Detoxification
● Vocabulary Shifting
● Word Filtering
● PPLM
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Prepping dataset…
From OWTC: Split three training corpora: toxic , non-toxic, random-sampled

○ Non-Toxic: Bottom 2% of Toxicity Scores from OWTC
○ Toxic: Top 2% of Toxicity scores from OWTC
○ Random-sampled

22

Detox



Data-Based: Domain-Adaptive Pretraining (DAPT)
Original Paper

https://aclanthology.org/2020.acl-main.740/

● Conducted additional pre-training on domain specific tasks 
such as BM / CS / News/ Reviews
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Data-Based: Domain-Adaptive Pretraining (DAPT)

https://aclanthology.org/2020.acl-main.740/

● Continued additional pre-training on non-toxic dataset
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Data-Based: Attribute Conditioning (ATCON)

https://arxiv.org/abs/1909.05858

● Inspired from CTRL Paper [Keskar et. al (2019)}
○ Recall → control tokens specifying domain function

● Similarly, prepended (<|toxic|> , <|nontoxic|> ) tokens to random 
sample of documents & pretrained the GPT-2

● Only include  <|nontoxic|> during inference
● Same training hyper params as DAPT
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Detoxifying Methods Used

Model: GPT-2

Data-based Detoxification
● Domain-Adaptive Pretraining (DAPT)
● Attribute Conditioning

Decoding-Based Detoxification
● Vocabulary Shifting (Vocab-SHIFT)
● Word Filtering (Word Filter)
● PPLM
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Vocabulary Shifting Inspiration: AffectLM 

Affect-LM: A Neural Language Model for Customizable Affective Text Generation

Original LSTM Model Affect Energy Term

Network operating on 
‘affect’ context e
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Decoding-Based: Vocabulary Shifting 
● 2-dimensional representation of toxicity & non-toxicity of GPT-2 vocabulary
● Add reweighting of the logits with with a scaling term 
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Decoding-Based: Word Filtering
● Set any token probability that will complete a word to be negative infinity:

https://github.com/LDNOOBW/List-of-Dirty-Naughty-Obscene-and-Otherwise-Bad-Words
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Inspiration: Plug & Play Language Models (PPLM)
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Inspiration: Plug & Play Language Models (PPLM)

https://openreview.net/forum?id=H1edEyBKDS
https://github.com/uber-research/PPLM
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Inspiration: Plug & Play Language Models (PPLM)
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Inspiration: Steering with PPLM
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Inspiration: Multi-Knob Steering with PPLM
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Decoding-Based: PPLM

● Used PPLM 
paper toxicity 
discriminator

● 10 generations 
per prompt

35

Detox



Detoxification Results

Steering doesn’t complete 
solve toxicity

- Data- Based: DARP
- Decoding-based: PPLM 

(Best)

Non-toxic prompts trigger the 
LLM be toxic

- Author suggest a need 
to unlearn toxicity

Results 4
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Results 5

Toxicity Scores of OWTC 
vs OpenAI-WT

OWTC: Reddit outbounds with 
“karma” score of >=3 & English

OpenAI-WT: Reddit Outbounds
 Filtered by a blocklist
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Unreliable news sites
Banned / Quarantined Subreddits

Both OWTC & OpenAI-WT share 
>=63K banned/quarantined 
dcuments

Results 6

OWTC: Where does does 
Toxicity come from?
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Both OWTC & OpenAI-WT share 
>=63K banned/quarantined 
dcuments

Results 7

Toxic Subreddits
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Summary
● Introduced RealToxicityPromps Dataset to evaluate toxic degenerations of large language 

models with Perspective API

● Compared the effectiveness of detoxing GPT-2 models:
○ Data-based: DARP

○ Decoding: PPLM

● Toxicity is heavily conditioned from pre-training data:
○ Toxicity analysis of OWTC & Open-WT shows non-trivial toxicity in pretraining data
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Limitations

● Perspective API scoring has its innate biases due to his crowdsourcing-scoring 

method

● Limited to only GPT-2 and CTRL LLMs - the same trend may not apply for other LLMs

● OpenAI-WT is not available so author suspects they are only providing  lower-bound 

of the toxicity in web-text corpora 
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Pre-Lecture Questions 1
Describe how RealToxicityPrompts was collected and the evaluation protocol to use it to measure the 
toxicity of LLMs.

Collection: The dataset was curated from the OWTC dataset by first extracting the toxicity scores with 
Perspective API on the span-level data. The corpus was then split into sentences and ones with less than 64 or 
more than 1024 characters were filtered. Each sentence was then scored with Perspective API, and 25K 
prompts across a 4-bin range from 0 to 1 were randomly sampled to create a stratified dataset. Non-english 
texts were then filtered and the samples were split into prompt and continuation. Sentences with greater than 
128 word tokens were removed. The prompts and continuations were then scored again for further analysis.

Evaluation: During evaluation for prompted generations of LLMs, 10K spans of randomly sampled prompts 
were generated. K= 25 number of generations were bootstrapped  from the 10K spans and scored: (a) 
expected maximum toxicity, and (b) probability of generating a span with toxicity >=0.5
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Pre-Lecture Questions 2
Gehman et al 2020 discussed several mitigation methods at steering away from toxicity. Can you 
compare these methods in terms of both effectiveness and computational overhead? We consider 
overhead at both training and inference stages.

In-terms of effectiveness, DAPT outperforms amongst the data-based approaches and PPLM performed 
the best amongst the decoding-based approaches. Amongst all the toxicity steering methods, PPLM 
scored the best across all the approaches. AtCon and Word Filter performed the worst.

From a computational perspective, data-based methods are expensive during training time, as they 
involve continuing the pre-training step across all the model parameters. PPLM is effective, but does 
involve the most computation during inference. Word filter requires the least as it is a logical filtering step 
in one-pass. To identify the best method, the questions would be balancing the tradeoff between 
increased inference time vs. training time. Given the recent trend of training larger and larger LLMs, it 
suggests that the increase in using a PPLM inference is marginal compared to data-based methods.
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Open Pre-trained Transformers 
(OPT)

44
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Overview of Open Pre-trained Transformers (OPT)

What is OPT?

Primary Goal: Democratize NLP research with open, reproducible models.
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Key Objectives and Contributions

Reproducible Research: Full access to model weights for transparency.

Ethical Focus: Enable study on bias, toxicity, and ethical impacts.

Training Efficiency: Comparable to GPT-3 with reduced carbon footprint.
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Sources of Bias and Toxicity in OPT

Data Sources:

• Large, diverse datasets may contain unintended biases.

Model Training:

• Exposure to biased language patterns leads to biased generation.

Examples:

• Stereotypical descriptions based on gender, ethnicity, or religion.

• Toxic or harmful phrases generated under certain prompts.
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Key Datasets in the Corpus

  Dataset   Description   Bias & Toxicity Risks

  BookCorpus   10,000+ published books.   Cultural biases, stereotypes.

  CC-Stories   Story-like subset of CommonCrawl.   Social stereotypes.

  The Pile   Multi-source dataset, e.g., Wikipedia   Offensive content.

  Pushshift.io Reddit   Public Reddit data for conversation.   Toxic language, polarizing views.

  CCNewsV2   CommonCrawl news, also used in RoBERTa.   Regional and political biases.
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Bias & Toxicity Evaluation
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Hate Speech 
Detection

Evaluation 1

Dialogue Safety 
Evaluations

Evaluation 5

StereoSet

Evaluation 3

Real Toxicity 
Prompts

Evaluation 4

CrowS-Pairs

Evaluation 2
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Hate Speech Detection

Dataset: ETHOS

Method:

• Binary Classification (zero-, one-, few-shot): Identify if a statement is racist, sexist, or 
neither.

• Multiclass Setting: Model outputs yes/no/neither.

Metric: Accuracy in categorizing hate speech.
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ETHOS Dataset
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Hate Speech Detection OPT Results

F1 scores of detecting hate speech.
OPT-175B considerably outperforms Davinci in all settings.
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Hate Speech 
Detection

Evaluation 1

Dialogue Safety 
Evaluations

Evaluation 5

StereoSet

Evaluation 3

Real Toxicity 
Prompts

Evaluation 4

CrowS-Pairs

Evaluation 2
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CrowS-Pairs Benchmark

Purpose: Measure bias across 9 categories (gender, race, religion, age, etc.).

Method: Pairs of stereotypical vs. anti-stereotypical sentences are presented.

Metric: Bias score – Higher score indicates more bias.
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CrowS-Pairs Dataset
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CrowS-Pairs OPT results

Metric: Bias score – Higher score indicates more bias.
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Hate Speech 
Detection

Evaluation 1

Dialogue Safety 
Evaluations

Evaluation 5

StereoSet

Evaluation 3

Real Toxicity 
Prompts

Evaluation 4

CrowS-Pairs

Evaluation 2
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StereoSet Benchmark

Purpose: Assess stereotypical bias in profession, gender, religion, and race.

Levels:

• Intrasentence: Bias within single sentences.

• Intersentence: Bias in context across sentences.

Metrics:

• Language Modeling Score (LMS)

• Stereotype Score (SS)

• ICAT Score: Combined score for overall performance.
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Hate Speech 
Detection

Evaluation 1

Dialogue Safety 
Evaluations

Evaluation 5

StereoSet

Evaluation 3

Real Toxicity 
Prompts

Evaluation 4

CrowS-Pairs

Evaluation 2
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RealToxicityPrompts

Purpose: Measure model’s likelihood to generate toxic content.

Method:

• Sample 25 responses for 10,000 prompts using nucleus sampling (p = 0.9).

• Report average toxicity probabilities of responses.

Metric: Toxicity probability stratified by prompt toxicity levels.
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RealToxicityPrompts
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Hate Speech 
Detection

Evaluation 1

Dialogue Safety 
Evaluations

Evaluation 5

StereoSet

Evaluation 3

Real Toxicity 
Prompts

Evaluation 4

CrowS-Pairs

Evaluation 2
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Dialogue Safety Evaluations

Evaluations:

• SaferDialogues: Model’s ability to recover from safety errors (e.g., 
apologizing).

• Safety Bench Unit Tests: Evaluate responses across 4 sensitivity levels 
(Safe, Realistic, Unsafe, Adversarial).

Metric: Safety score based on the response’s risk level.
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Dialogue Safety Evaluations
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Insight from OPT Bias & Toxicity Evaluation 

Continuous evaluation and targeted improvements are critical to 
ensure safe, responsible deployment of OPT-175B.
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On the Dangers of Stochastic Parrots: 
Can Language Models Be Too Big?

67
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Introduction

Language models are getting bigger and more capable. The authors question the 
ever-expanding language model, including the following aspects：

● Environmental and Financial Costs
● Training Data and Bias
● Misdirection and Misuse

authors propose some solutions to the above problems
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Background: What Are Large Language Models?

LM: 
systems which are trained on string prediction tasks: 
predicting the likelihood of a token (character, word or string) given
either its preceding context or (in bidirectional and masked LMs)
its surrounding context.
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Background: What Are Large Language Models?

● n-gram LMs:

Initially typically deployed in selecting among the outputs of e.g. acoustical or translation 
models

● word vectors distilled from neural LMs :

Quickly picked up as more effective representations of words (in place of bag of words 
features) in a variety of NLP tasks involving labeling and classification

● pretrained Transformer LMs:

Retrained on very small datasets (few-shot, one-shot or even zero-shot learning) to 
perform apparently meaning-manipulating tasks such as summarization, question 
answering and the like 71



Background: What Are Large Language Models?

Different:

●  the size of the training datasets they leverage
●  the spheres of influence they can possibly affect

By scaling up in these two ways, modern very large LMs incur new kinds of risk, which we turn 
to in the following sections
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Background: Trends in Model Scaling
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Environmental Costs

74

Average human per year 5t CO2

Training a Transformer (big) model        with 
neural architecture

248t CO2

Training a single BERT base model  without 
hyperparameter tuning

a trans-American flight



Financial Implications

● the cost of these models vs. their accuracy gains:

For the task of machine translation where large LMs have resulted in performance gains, 
they estimate that an increase in 0.1 BLEU score using neural architecture search for 
English to German translation results in an increase of $150,000 compute cost in addition 
to the carbon emissions.

● the cost of inference vs. training

While benchmarks the training process in a research setting, many LMs are deployed in 
industrial or other settings where the cost of inference might greatly outweigh that of 
training in the long run. In this scenario, it may be more appropriate to deploy models with 
lower energy costs during inference even if their training costs are high. 
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UNFATHOMABLE TRAINING DATA

The size of data available on the web has enabled deep learning models to achieve high 
accuracy on specific benchmarks in NLP and computer vision applications. However, in both 
application areas, the training data has been shown to have problematic characteristics 
resulting in models that encode stereotypical and derogatory associations along gender, race, 
ethnicity, and disability status. In this section, we discuss how large, uncurated, Internet-based 
datasets encode the dominant/hegemonic view, which further harms people at the margins, and 
recommend significant resource allocation towards dataset curation and documentation 
practices
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Bias: Size Doesn’t Guarantee Diversity

In all cases, the voices of people most likely to hew to a hegemonic viewpoint are also 
more likely to be retained. 

In the case of US and UK English, this means that white supremacist and misogynistic, ageist, 
etc. views are overrepresented in the training data, not only exceeding their prevalence in the 
general population but also setting up models trained on these datasets to further amplify 
biases and harms
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Data Bias: who is contributing to these Internet text collections

Internet access itself is not evenly distributed, resulting in Internet data over representing 
younger users and those from developed countries.

However, it’s not just the Internet as a whole that is in question, but rather specific 
subsamples of it.

For instance, GPT-2’s training data is sourced by scraping outbound links from Reddit, and Pew 
Internet Research’s 2016 survey reveals 67% of Reddit users in the United States are men, 
and 64% between ages 18 and 29.13 Similarly, recent surveys of Wikipedians find that only 
8.8–15% are women or girls 78



Data Bias: marginalized populations

While user-generated content sites like Reddit, Twitter, and Wikipedia present themselves as 
open and accessible to anyone, there are structural factors including moderation practices 
which make them less welcoming to marginalized populations.

Even if populations who feel unwelcome in mainstream sites set up different fora for 
communication, these may be less likely to be included in training data for language models.

Take, for example, older adults in the US and UK. Older people prefer to use blogs to express 
their opinions rather than social platforms, which makes their blogs very rarely cited
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Data Bias: practice of filtering datasets

The current practice of filtering datasets can further attenuate the voices of people from 
marginalized identities.

For example, discarding any page containing one of a list of about 400 “Dirty, Naughty, 
Obscene or Otherwise Bad Words” . While possibly effective at removing documents containing 
pornography and certain kinds of hate speech, this approach will also undoubtedly attenuate, 
by suppressing such words as twink, the influence of online spaces built by and for some 
people
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Data Bias

Thus at each step, from initial participation in Internet fora, to continued presence there, 
to the collection and finally the filtering of training data, current practice privileges the 
hegemonic viewpoint. 
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Static Data vs. Changing Social Views

Developing and shifting frames stand to be learned in incomplete ways or lost in the big-ness of 
data used to train large LMs — particularly if the training data isn’t continually updated. Given 
the compute costs alone of training large LMs, it likely isn’t feasible for even large corporations 
to fully retrain them frequently enough.
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Encoding Bias
It is well established by now that large LMs exhibit various kinds of bias, including stereotypical 
associations , or negative sentiment towards specific groups.

Furthermore, we see the effects of intersectionality, where BERT, ELMo, GPT and GPT-2 
encode more bias against identities marginalized along more than one dimension than would 
be expected based on just the combination of the bias along each of the axes.

For instance, Hutchinson et al. find that BERT associates phrases referencing persons with 
disabilities with more negative sentiment words, and that gun violence, homelessness, and 
drug addiction are overrepresented in texts discussing mental illness 
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Solutions: Curation, Documentation & Accountability
We thus emphasize the need to invest significant resources into curating and documenting LM 
training data.

● cite archival history data collection methods 
● a more justice-oriented data collection methodology
● budget for documentation as part of the planned costs of dataset creation, and only 

collect as much data as can be thoroughly documented within that budget
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STOCHASTIC PARROTS

Contrary to how it may seem when we observe its output, an LM is a system for haphazardly 
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: a stochastic parrot.
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STOCHASTIC PARROTS: Risks and Harms

● LMs producing text will reproduce and even amplify the biases in their input.
● propagating or proliferating overtly abusive views and associations, amplifying abusive 

language, and producing more (synthetic) abusive language that may be included in the 
next iteration of large-scale training data collection.

● LMs with extremely large numbers of parameters model their training data very closely 
and can be prompted to output specific information from that training data. For example,  
extracting personally identifiable information.
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Conclusion

Bias comes from:
● publisher of the data
● data collection
● data filtering 
● static data
● encoding
● LM model only generates maximal probability of fluent results without 

guaranteeing understanding of its content
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Pre-Lecture Questions
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● Describe how RealToxicityPrompts was collected and the evaluation protocol to use it to 

measure the toxicity of LLMs.

● Gehman et al 2020 discussed several mitigation methods at steering away from toxicity. Can you 

compare these methods in terms of both effectiveness and computational overhead? We 

consider overhead at both training and inference stages.

● For all the bias and toxicity evaluation metrics we have learned in this lecture, what are the 

possible limitations in terms of coverage and reliability? What are the possible consequences if 

we optimize LLMs to reduce bias and toxicity based on these metrics?
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Thank you
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Agenda
1. Motivation & Approaches of Fine-tuning

2. Pattern-Exploiting-Training (PETs)

3. Making Pre-trained language models better few shot learners
a. Problem Set-up & Dataset

b. Automatic Prompt Generation

c. Automatic Template Generation

d. Results

4. How many data points is a prompt work? 
a. Evaluation & set-up

b. Results 

5. True Few-shot learning with LLMs

6. Q&A

7. Discussion  - All
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Motivation & Approaches to 
Fine-tuning
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LLM Fine-tuning Approaches

● LLMs models - Size of LLMs & nature & how they were pre-trained
○ T5 model architecture - MLM training method 

○ RoBERTa LLM

● Discuss briefly what are major NLP tasks

● Recap “Few-shot Learners”

● Head based vs prompted fine-tuning approaches

● Prompt-base fine-tuning on Classification / Regression
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Language Models

Model Model Size Training Data Performance on Downstream Tasks

BERT ~110M (base), ~340M (large) BooksCorpus and English Wikipedia (~16GB of 
text)

Strong on sentence-level tasks (classification, QA) 
but weaker on generative tasks

RoBERTa ~125M (base), ~355M (large) Optimized BERT with more data (160GB) from 
Common Crawl, Books, Stories, etc.

Superior to BERT on many NLP benchmarks due to 
larger data and longer training

T5 ~60M (small) to ~11B (large) Colossal Clean Crawled Corpus (C4) (745GB), 
covering diverse web content

Excellent for text generation, translation, 
summarization, and QA

GPT-3 175B 570GB+ of diverse web data, including books, 
Wikipedia, and Common Crawl

Strong on generative tasks, zero/few-shot learning, 
weaker on fine-grained tasks
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Key concept from last lecture

“In-context learning” …
refers to the ability of large language models (LLMs) like T5 and GPT-3 to learn and adapt to new tasks or 

patterns based on examples provided in the input context, without explicit retraining.

“Zero-shot and Few-shot Learning” …
GPT 3 model can perform tasks with little to no task-specific training data. By presenting a few examples 

(few-shot) or just describing the task (zero-shot), the model can generate appropriate responses.
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Typical NLP tasks - Classification

● Sentiment classification

● Sentence entailment

● Natural language inference

99



Head-based Fine-tuning
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Prompt-based Fine-tuning
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Head-based vs. Prompt-based Fine-tuning
Features Head-based Prompt-based

Definition Fine-tuning the final layer (or head) of a 

model. The rest of the model remains 

frozen.

Fine-tuning using a prompt, where the 

model is adapted to specific tasks via 

prompt manipulation.

Data Requirement Requires labeled data for the specific 

task to adjust the head layer.

Can work with zero or few-shot 

learning, requiring minimal labeled data.

Adaptability Focuses on optimizing task-specific 

outputs via training the classification 

head.

Relies on adapting the model’s 

responses through creatively designed 

prompts without modifying model 

weights.
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Pattern-Exploiting-Training (PETs)
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Key Challenge

Fine-tuning of MLMs with small # of 
supervised data is challenging

How prompts are structured vary in 
LLM performance - especially in 
few-shot learning 
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Key Highlights from Paper

● Semi-supervised training with task descriptions can be achieved through the Pattern Exploiting 
Training (PET)

● Use of self-distillation method to augment dataset used in training through an iterative PET 
approach (iPET)

● Use of PET & iPET to train LLMs outperforms baseline supervised finetuning models with largely 
unsupervised datasets 
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Mathematical Representation of Training Task

M:  masked language model with vocabulary V, mask token ∈ V , 
L: set of labels for our target classification task A

P(x): pattern P is a function of sequence of phrases x that 
outputs a single masked token output 
P(x) ∈ Model Vocabulary V 

Verbalizer: 
Injective function v : L → V 

Pattern P(x) example

Label L 

Yes
No

(P, v) pair - Pattern-Verbalizer Pair
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How can a PVP finetune a LLM model? 
Predicted mask token:
Softmax probability distribution

True predicted label
Cross-entropy loss with 
one-hot encoding

Language modelling loss
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Self-Distillation: Solving problem of low data points

Source: Exploiting Cloze Questions for Few Shot Text Classification and Natural Language Inference, Timo Schick, Hinrich Schütze
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Datasets Overview

Yelp
Ranking problem 
(from 1-5)

AG News
News 
Classification

● Yelp: Rating Classification
● AG News: News Classification
● Yahoo:  Question Classification
● MNLI: imply/contradict
● X-Stance:  Multilingual 

Example candidate patterns

Source: Exploiting Cloze Questions for Few Shot Text Classification and Natural Language Inference, Timo Schick, Hinrich Schütze
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Results

Source: Exploiting Cloze Questions for Few Shot Text Classification and Natural Language Inference, Timo Schick, Hinrich Schütze
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Results

Source: Exploiting Cloze Questions for Few Shot Text Classification and Natural Language Inference, Timo Schick, Hinrich Schütze
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Making Pre-trained LMs Better Few 
Shot Learners
Tianyu Gao, Adam Fisch, Danqi Chen
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The Next Challenge

The performance of prompt-base fine tuning is significantly impacted by the choice of templates and 

label words .

Solution to this challenge:

An automatic approach is necessary to ensure an efficient search for both effective templates and label 

words.
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NLP Tasks Dataset
7 text classification tasks

1. Sentiment

2. Opinion polarity

3. Subjectivity

4. Question classification

5. Acceptability

5. Natural language inference

6. Paraphrase

1 text regression task

1. Sentence similarity
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Templates and Label words

Using entailment tasks as example:

Given a premise p and hypothesis h, a template can be

Labels words, a.k.a. Verbalizers can be

{“Yes”       : entailment,
 “No”         : contradiction,
 “Maybe”: neutrality}

Source: How Many Data Points is a Prompt Worth? Saco, Teven Le et al. 2021
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Key highlights of the paper

The author of LM-BFF – better few-shot fine-tuning for language models  presented 2 innovative techniques to 

improve the performance of language models in few-show learning scenarios:

1. Auto-generated prompt fine-tuning

2. Dynamic demo integration in learning
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Automatic Prompt Generation

Automatic Label 
Word Search

Finding the best label words 
pair from top-k words.

Automatic Template 
Search

Finding the best template 
candidates generated by T5.

Automatic Demo 
Inclusion

Finding the optimal number 
of demo example to be 
included. 

LM-BFF

A combination of techniques to generate better prompts for NLP task in few shot 
learning.
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Automatic Label Word Search

● Treats downstream tasks as masked language modeling (MLM).

● Identifies the most effective label words for a prompt template (e.g., sentiment classification: "The 

movie was [MASK]" with labels like "great" or "terrible").

● Begins by generating a pruned vocabulary for each class, based on conditional likelihood from the 

pre-trained model.

● Ranks label words by zero-shot accuracy and selects the best-performing one using a development 

set.
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Automatic Label Word Search

Source: Prompting for Few-show Learning presentation. Edward Tian and Kaixuan Huang
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Automatic Template Search

● Employs a text-to-text model T5, which excels at generating templates by filling in missing text.

● T5 is provided with training examples that include placeholders for template and label words, 

which it fills to generate potential templates.

● Templates are evaluated by fine-tuning the model and measuring performance on a development 

set. The best or an ensemble of top templates is selected.
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Automatic Template Search
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Automatic Demonstrations Inclusion

● Provides additional context, improving understanding and performance, especially in few-shot 

learning.

● Selects demonstrations based on semantic similarity (e.g., using sentence embeddings) rather than 

random sampling.

● Addresses the limitations of long sequences in models like GPT-3, helping smaller models learn 

better from shorter, relevant examples.
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Automatic Demonstrations Inclusion
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Experimental Details

● RoBERTa-large

● K = 16

● The results are compared to the following baselines:

○ Standard fine-tuning in a few-shot setting.

○ Standard fine-tuning using the full training set.

○ Predicting the most frequent class (based on the full training set).

○ Prompt-based zero-shot prediction using manual prompts without any training examples.

○ In-context learning with GPT-3, but using RoBERTa-large with 32 randomly sampled demonstrations to 

augment the context.
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Example Automatic Label Scorings: MNLI-16
Candidate Labels Validated Labels

Source: https://github.com/princeton-nlp/LM-BFF 125



Example Automatic Templates: MNLI-16

Source: https://github.com/princeton-nlp/LM-BFF

Generated Templates Validated Labels
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Results (1)
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Result (2)
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Results (single prompts)

129



Results (single prompts)
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Results (single prompts)
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Benefits of prompting when K is small

132



A comparison of LM-BFF to existing learning methods

Comparison Key Insights

LM-BFF vs. Standard Fine-Tuning LM-BFF excels in few-shot settings, especially with small 
K.

LM-BFF vs. GPT-3 In-Context Learning GPT-3 is powerful but impractical due to size. LM-BFF 
works efficiently on smaller models (BERT, RoBERTa).

LM-BFF vs. PET LM-BFF automates prompt generation, focusing on 
few-shot tasks. PET relies on semi-supervised settings 
and manual prompts
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How Many Data Points is a Prompt 
Worth?
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Classification

● Head

● Prompt
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Head

Train at a low learning rate (10^−5) 

for a large number of steps 

(always at least 250, possibly for over 

100 epochs)
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Prompt
●  One argument made for classification by direct language generation is that it allows us to pick custom 

prompts for each task. It can be used in fine-tuning to provide extra task information to the classifier, 

especially in the low-data regime.

● PET
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Dataset and Task

● GLUE
○ MNLI

● SuperGLUE
○ BooIQ
○ CB
○ COPA
○ MultiRC
○ RTE
○ WiC
○ WSC

● Starting with 10 data points and increasing exponentially (as high-data performance tends to 
saturate) to the full dataset.
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Task Train Data

MNLI 392,702

BooIQ 9427

CB 250

COPA 400

MultiRC 5100

RET 2500

WiC 6000

WSC 554
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Prompting vs head (classifier) performance 
for six SuperGLUE tasks

Calculate the average data advantage
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for MNLI
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Impact of Pattern vs Verbalizer
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Impact of Pattern vs Verbalizer
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Impact of Different Prompts 
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Results

 Across tasks, prompting consistently yields a varying improvement throughout the training process. 

Analysis shows that prompting is mostly robust to pattern choice, and can even learn without an 

informative verbalizer. On large datasets, prompting is similarly helpful in terms of data points, although 

they are less beneficial in performance
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What is 'true' few shot learning?

Small dataset to finetune 
parameters

Few-shot learning

But what if more data was used 
for hyperparameter search?

Pre-trained model

Large corpus used for 
pre-training
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What is 'true' few shot learning?

Do these count?

Tuning of prompts based on  large 
validation set

Choosing hyperparameter & learning 
rates from different tasks

Model selection methods that 
leverage on large validation sets
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Author: These do not count as "true" few shot learning
Few shot learning applies when there no data-rich validation set and a LLM is required to work with 
small validation set D to optimize for LLM performance

● Single distribution
● Small training 
● Goal: to produce an algorithm with lowest expected loss in token prediction

Tuned few-shot learning: 
Techniques that use large validation set to tune prompts → tuned few-shot learning
→ Compared with algorithm that use a |Dtrain| + |Dval| datasets

Multi-distribution few shot learning:
Techniques in selection of learning rates or algorithm from various distribution of tasks 
→ Cannot be compared with true few shot learning
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How does author does ‘true’ few shot learning?
Model Selection with a small datasets (~16 examples) to finetune

● Cross validation
● Minimum description Length

Experimental Set-up:
● Tests 5-shot accuracy on:

○ GPT-3 [175B, 13B, 6.7B, 2.7B]
○ GPT-2 [1.5B, 782M, 345M, 117M models; 2]
○ DistilGPT-2 

● Prompts:
○ LAMA → manually written prompts
○ LPAQA → mining for top prompts

● MLD & CV: K = N folds (LOOCV)
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Results: Comparison of CV/MDL vs. non True few shots

Source: True Few-shot learning with language models, Ethen Perez, Douwe Kiela, Kyunghyun CHo 151



Results: True Few Shot Hyperparameter Selection

Source: True Few-shot learning with language models, Ethen Perez, Douwe Kiela, Kyunghyun CHo 152



Paper Summary
● Author suggests prior approaches do not necessary classify as “true” few shot learnings
● True few shot learning work with small validation dataset from a single distribution
● Prior work tend to overestimate the true few-shot ability of LLMs
● True few-shot models tend to underperform or match benchmark results
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Q&A
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Discussion
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Q1: How does prompt-based fine-tuning work and why does 
it outperform head-based fine-tuning (as the method 
described in BERT) in low-data regimes?

Accomplishes fine-tuning in 3 stages:
1. Automatic template generation to frame tasks as a MLM problem
2. Automatic label generation to map MLM outputs to a classification prediction
3. Fine-tuning based on prediction vs. true

Outperforms head-based fine-tuning due to the large # of variables a headed approach will need to train. It is 
also computationally not efficient as the # of tokens increases. Both of which do not perform well in a low 
data environment
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Q2: Is it still true few-shot learning if we manually tune the 
prompt? 

Gao et. al - “Making Pre-Trained Language Models Better Fewshot Learners”:
Yes as manually tuning the prompt involves only a few examples to create the templates and labels. It only 
involves changing the input sequence of the LLMs

Perez et. al - “True Few-Shot learning with Language Models”
It depends on how the model and input algorithm (prompting /labels) were selected. If manually select a 
prompt based on a small # of validations from same distribution, without “expert guesses” based on past 
validated examples, then it is “true”.

If using large validation sets to decide on prompt templates or selectively choose multi-distribution 
examples from different task distributions - then it is not “true”

Which school of thought do you believe in?
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Q3: We already know that finding a good prompt is so important. Sometimes, it is 
also challenging to find prompts that are natural and fit in pre-trained 
distributions. For example, S1 ? [MASK] , S2 , the chance that "Maybe" can fill in 
[MASK] is very low (this is the prompt used for NLI tasks in Gao et al., 2021). Do you 
have any ideas about how to improve this and find better prompts?

Prompt generation from pretrained model: Gao et. al. used a T5 model to generate candidates templates 
through  a MLM approach based on the input label/vocab. This method allows the model to adhere as closely 
as possible to the original distribution, i.e. T5 will generate best template for “Maybe”.

PET:  Reframe tasks into a cloze-style (or MLM compatible) format.

Ensemble-based approaches: Use of multiple candidate prompt templates and with assigned 
weighting/scores based on task type.

Auto prompting - Shin et. al: Use of gradient search to automatically generate prompts
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Thank you
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