
LLM Prompting



2

Recap

▪ (L)LM use cases in NLP for social science:
o BERT-style models are effective classifiers
o Neural topic models (ProdLDA, BERTopic)
o Metaphorical language detection

▪ What about prompting / chat-style models?
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Adapting Language Models
A model that is pre-trained on massive amounts of data cannot do general-purpose 
tasks without further adaptation—it only complete sentences. 

We need a few more steps:

Pre-train Instruct-tune RLHF
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Summary Thus Far 

▪ Instruction-tuning: Training LMs with annotated input instructions and their output. 
o Improves performance of LM’s zero-shot ability in following instructions. 
o Scaling the instruction tuning data size improves performance.
o Diversity of prompts is crucial.
o Compared with pretraining, instruction tuning has a minor cost (Typically consumes 

<1% of the total training budget)
▪ Cons: 

o It’s expensive to collect ground- truth data for tasks.
o This is particularly difficult for open-ended creative generation have no right 

answer. 
o Prone to hallucinations. 

[Weller et al. 2020. Mishra et al. 2021; Wang et al. 2022,  Sanh et al. 2022; Wei et al., 2022, Chung et al. 2022, many others ]
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Reinforcement Learning from Human 
Feedback

Pre-train Instruct-tune RLHF



6

Reinforcement Learning: Intuition

[figure credit]

Action here: generating responses/token

Reward here: whether humans 
liked the generation (sequence 

of actions=tokens)

https://www.analyticsvidhya.com/blog/2021/02/introduction-to-reinforcement-learning-for-beginners/
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human has conversation with the LLM

Intuition
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LLM provides two options for 
next responses

Intuition
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human rates better response (Likert 
scale or rankings)

Intuition
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▪ We can’t use actual human feedback all of the time – too expensive!
▪ Instead, define a reward function: 𝑅 𝑠; prompt ∈ ℝ  for any output 𝑠 to a prompt, 

where the reward is higher when humans prefer the output 
▪ Good generation is equivalent to finding reward-maximizing outputs:

o 𝔼 Ƹ𝑠~𝑝𝜃 𝑅 Ƹ𝑠; prompt  
▪ What we need to do: 

o (1) Estimate the reward function 𝑅 𝑠; prompt . 
o (2) Find the best generative model 𝑝𝜃 that maximizes the expected reward: 

෠𝜃 = argmax𝜃𝔼 Ƹ𝑠~𝑝𝜃 𝑅 Ƹ𝑠; prompt

[Slide credit: Jesse Mu]

Reinforcement Learning 
from Human Feedback

ICLR tutorial on RLHF:  https://slideslive.com/39004357/reinforcement-learning-from-human-feedback-a-tutorial-
?ref=search-presentations-reinforcement+learning+from+human+feedback  

https://slideslive.com/39004357/reinforcement-learning-from-human-feedback-a-tutorial-?ref=search-presentations-reinforcement+learning+from+human+feedback
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How can we use LLMs for CSS tasks? 
General NLP methods for CSS

General NLP methods for CSS
▪ Unsupervised approaches

o Word statistics, topic modeling → LLM-based topic models
▪ Semi-supervised approaches

o Word embeddings, lexicons → LM-based metaphor detection (?) 
▪ Supervised approaches:

o Data annotating, classification models, interpreting model outputs → LLM based 
classification

▪ Typically supervised approaches yield best results (e.g. ability to measure the values 
we care about) but data annotation is difficult and costly



Zero-shot approaches
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Zero-shot

▪ Take model that has been instructed-tuned (with or without RLHF) and prompt it to 
label data
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Can Large Language Models Transform 
Computational Social Science?

▪ Goal:
o Evaluate zero-shot performance of LLMs over a diverse range of CSS text 

processing tasks
▪ Categories of tasks:

o Utterance level
o Conversation level
o Document level

▪ [Primarily classification tasks, also information extraction and some text generation]

Ziems et al. “Can Large Language Models Transform Computational Social Science?” Computational Linguistics, 2024
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Core subject areas in CSS (and digital 
humanities)

Ziems et al. “Can Large Language Models Transform Computational Social Science?” Computational Linguistics, 2024
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Models Evaluated

▪ FLAN-T5 (Chung et al. 2022)
o Encoder-decoder architecture
o Instruction Tuned
o [Open source model with strong zero/few shot performance]

▪ GPT-3
o Some variants with only instruction-tuning and some +RLHF

▪ GPT-4
o Multimodal model, substantially scales up GPT-3 architecture

▪ Baselines:
o Supervised models trained for the specific task (RoBERTa for classification and T5 

for generation)



17

Challenge: Models are sensitive to exact 
prompt
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Challenge: Models are sensitive to exact 
prompt

▪ Write initial prompt
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Challenge: Models are sensitive to exact 
prompt

▪ Write initial prompt

▪ Use GPT-3.5 to paraphrase initial prompt 4 times

▪ Report results averaged across prompt perturbations
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Utterance-level

Most of the time supervised is 
better

Suspiciously high LLM performance
Was this data in GPT-4’s training data?
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Conversation-level

Most of the time supervised is 
much better
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Conversation-level

Best LLM is not better than random
(also true for some of the utterance-
level and document-level tasks)
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Document-level

Most of the time supervised is 
much much better
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What about agreement instead of 
accuracy?

What evaluation would you want to see to understand if using an LLM to augment 
human annotations is useful?
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What about agreement instead of 
accuracy?

Latent Hatred (ElSherief et al. 2021), “requires models to infer a subtle social taxonomy 
from the coded or indirect speech of U.S. hate groups”
Example: “jewish harvard profeessor noel ignatiev wants to abolish the white race.” 
contains white grievance
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What about agreement instead of 
accuracy?

Bad accuracy and agreement on subtle tasks that require nuanced social context
(Models are oversensitive to “stereotype” class and label anything with an identity term as 
a stereotype)
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“Concretely, our analysis reveals that, except in minority cases, 
prompted LLMs do not match or exceed the performance of carefully 
fine-tuned classifiers, and the best LLM performances are often too 

low to entirely replace human annotation."

Ziems et al. “Can Large Language Models Transform Computational Social Science?” Computational Linguistics, 2024

[More nuanced take – depends on the task, but we have to validate 
and question if we can trust evaluation] 



Few-shot approaches (In context 
learning)
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Large Language Models are few-shot 
learners

▪ A large labelled data set can be difficult to build, but annotating a smaller set is often 
feasible, how can we use this?
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Key idea: Give models a few examples 
during inference

“Zeroshot” “One-shot”
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Key idea: Give models a few examples 
during inference

Few-shot “In-context learning”
The model parameters are not changed (no gradient updates) 
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Evaluation

▪ Generally improves 
performance over zero-shot, 
but it varies by task and lags 
behind supervised models
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What about CSS tasks?

Ziems et al. “Can Large Language Models Transform Computational Social Science?” Computational Linguistics, 2024
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What about CSS tasks?

▪ Improvements are 
inconsistent – often zero-
shot is still better

Ziems et al. “Can Large Language Models Transform Computational Social Science?” Computational Linguistics, 2024
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Recommendations

1. Integrate LLMs-in-the-loop to transform large-scale data labeling. [Maybe]
2. Prioritize open-source LLMs for classification [Probably]
3. Prioritize faithfulness, relevance, coherence, and fluency in your generations by 

opting for larger instruction-tuned models that have learned human preferences 
[We didn’t go through generation results]

4. Investigate how LLMs produce new CSS paradigms built on the multipurpose 
capabilities of LLMs in the long term [Remember the goal of topic modeling is not 
LDA]

Ziems et al. “Can Large Language Models Transform Computational Social Science?” Computational Linguistics, 2024



Prompting+Topic Model: 
TopicGPT
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LLM-based ”topic models”

▪ Now we’ve built an LLM where we can give it arbitrary instructions and it’s potentially 
pretty good at following them

▪ How can we use this for “topic modeling” (or more generally, open-ended corpus 
analysis)?

▪ Two examples of LLM-based topic models: TopicGPT, LLooM
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TopicGPT

Pham, Chau Minh, et al. "TopicGPT: A prompt-based topic modeling framework." NAACL (2024). 
https://arxiv.org/abs/2311.01449 

https://arxiv.org/abs/2311.01449
https://arxiv.org/abs/2311.01449
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TopicGPT: Generate Topics (Phase 1)
▪ Provide to AI model (GPT-4):

o Seed topics (concise label and broad 1 
sentence description)

o Document d

▪ Prompt model to generate a topic 
assignment for d, either from the existing 
topics or generate a new one

▪ Conducted over a sample of documents 
from the corpus
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TopicGPT: Refine Topics (Phase 1.5)

▪ Merge topics [Optional]
o Provide model pairs of similar topics (determined using embedding similarity)
o Prompt model to merge similar pairs

▪ Reduce topics
o Drop topics with infrequent assignments

▪ Generate topic hierarchy
o Provide the model with top level topic, the documents associated with the top-

level topic t, and a list of seed subtopics S′
o Instruct the LLM to generate subtopics that capture common themes among the 

provided documents.
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TopicGPT: Assign Topics (Phase 2)

▪ Prompt model to assign a topic to a document given
o Generated topics from step 1
o 2-3 examples
o The document

▪ Final output:
o Assigned topic label
o Document-specific topic description
o Quote extracted from the document to support this assignment

▪ [Self-correction step to eliminated hallucinated topics or None/Error outputs]
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Prompts are long and complicated



47

Evaluation

▪ Topic Alignment
o Use corpora with human-assigned labels
o Assign each document to a single most-probable topic
o Standard metrics for evaluating cluster assignment (this pays no attention to the 

label of the cluster)
• Purity, Inverse Purity, Adjusted Rand Index, Normalized Mutual Information

▪ Topic Stability
o Robustness to changes in prompts, different seed topics, etc

▪ Human evaluation of topic semantics
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Evaluation
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Evaluation

▪ How do we evaluate:
o Actual topic assignments?
o Comprehensiveness of generated topics?



50

Evaluation

▪ Hand-annotated topics in comparison to ground truth:
o Out-of-scope topics: topics that are too narrow or too broad compared to the 

associated ground truth topic.
o Missing topics: topics present in the ground truth but not in the generated 

outputs. 
o Repeated topics: topics that are duplicates of other topics.
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Limitations

▪ Evaluation is still difficult:
o Do any of these metrics check if documents were assigned to the correct topic?
o How do we evaluate multi-topic assignment?

▪ Need to provide seed topics

▪ Reliance on closed-source LLMs (paid APIs)
o Open-source models are less good at topic generation in particular (they use 

GPT-4 for generation and GPT-3.5 for assignment)
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A different approach: LLooM

Lam, Michelle S., et al. "Concept induction: Analyzing unstructured text with high-level concepts using lloom." Proceedings of the 2024 CHI 
Conference on Human Factors in Computing Systems. 2024.
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Example evaluation
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Comparison with TopicGPT

▪ Overall pipeline has some differences

▪ Lots of focus on usable interface with less model ablations and changes in pipeline 
(HCI vs. NLP)

▪ Which is better?
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Conclusions

▪ What are more reasons we may not want to use GPT-4 to annotate data?
o We pay per query or input/output tokens → annotating a full data set of 

hundreds of millions of tweets could become quite expensive

o We have to share the data with OpenAI. Infeasible for private data like 
healthcare, law, social services etc.
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