
NLP Reading Group
“Fantastic Prompts and where to find them”

March 5th 2024



Fantastic Prompts and where to find them



Overview:

1. History of the prompt

2. The Power of Scale for Parameter-Efficient Prompt Tuning 
(“Soft-prompts”)

3. Towards a Unified View of Parameter-Efficient Transfer Learning

4. Black-Box Tuning for Language-Model-as-a-Service



Background & (brief and recent history) - Part 1 - Classical Approaches

1. We “started*” with static word-embeddings (e.g. word2vec, glove, fasttext) + Custom Model (e.g. FFN, 
BiLSTM + CRF) (2013)

a. Model Improvement happened via: “Full Training for each individual task”

2. We then had contextualised word-embeddings (e.g. ELMO, BERT) + Specialised Layers for different 
tasks. (2017)

a. Model Improvement happened via: “Fine-tuning the full model for each individual task”

3. We then went into the area of multi-task training (e.g. The natural language decathlon) (2018)
a. Model Improvement happened via: “Fine-tuning the full model for all tasks at the same time”

4. We then went into era of efficient model adaptations (e.g. Adapter Layers) - aka “Transfer Learning” (2019)
a. Model Improvement happened via: “Fine-tuning specific layers (for all tasks at the same time)”

*since ~2013



5. The “extension of Multi-task learning” entering the era of natural language based tasks definitions (e.g. T5) (2019)
a. The idea was to use text input (i.e. natural language context) to provide the task context for the model.
b. “The Birth of the Prompt” (but very few people did new tasks with these models)

6. At the same time we got very powerful “contextual word embeddings” and large language models. (e.g. GPT-3) (2020)
a. Now prompt-engineering was properly born (however, it was completely unstructured), as the model would not follow commands, but complete the text.
b. E.g. The prompt: Please give me a layout of a reading-group presentation. Would could give: “Please give me a layout of a coursework presentation” 

7. We then went into “massive multi-task fine-tuning” (using text based tasks), (e.g. Flan 2021), which then followed with the 
full “InstructGPT” (2022).

a. The idea was to now push the “limit” of multi-task training with text-based context.
b. Now the current prompt engineering was born. You can now use these models for specific tasks and “tune the prompt” to solve existing or new tasks.

8. Finally we went into the era of ChatGPT style models, by continuing to fine-tune instruct models using additional 
“alignment” (aka fine-tuning) with Human Feedback (either via RL or direct optimisation). 

a. Now the models exceed the instruction dataset and responses are even better from a human perspective.

Background & (brief and recent history) - Part 2 - The journey to Prompts



The Power of Scale for Parameter-Efficient 
Prompt Tuning 



The Power of Scale for Parameter-Efficient Prompt Tuning 

Motivation:

1. We are spending hours prompt engineering

2. Generally there are so many guides to prompt-engineering. 
a. Chain-of-Thought
b. Chain-of-Code
c. Structured output (e.g. JSON)

3. Various approaches proposed for auto-prompt generation (e.g. AutoPrompt [clever template based])

4. Also, fine-tuning is very expensive and serving multiple models with different weights can be infeasible.



The Power of Scale for Parameter-Efficient Prompt Tuning 

Key Idea: “Soft-prompts”

Tune prompt-vectors (aka Soft-prompts) using gradients (while keeping the 
rest of the model fixed).



The Power of Scale for Parameter-Efficient Prompt Tuning 

P 1 … P N X 1 … X M

LLM output [Y1, …,YT]  given N prompt tokens and M input tokens.

Model

Y 1 … Y T



The Power of Scale for Parameter-Efficient Prompt Tuning 

P 1 … P N X 1 … X M

A fixed number of Soft-prompt “tokens” are tuned using gradient descent.

Model

Y 1 … Y T

Fix the number N and 
update [P1,...,PN] using 
gradient based algorithms 
(and a classical 
log-likelihood objective).



The Power of Scale for Parameter-Efficient Prompt Tuning 

Key Results:

As the model size increases prompt-tuning 
“closes the gap” with fine-tuning, while 
hand-crafted prompts (albeit with GPT-3) 
underperforms any fine-tuning.



The Power of Scale for Parameter-Efficient Prompt Tuning 

Important Technical Considerations:

1. Initialisation (random, random 
token embeddings, output 
classes, …)

2. Length of Prompt
3. Training Steps [they do 30K, 

LR=0.3, Batchsize=32, 
Adafactor(1e-5,0.8)]

4. [In their case] LM-adaptation of 
T5.



The Power of Scale for Parameter-Efficient Prompt Tuning 

Additional nice thing:

1. Seems to generalise better to 
out-of-domain (but similar tasks) 
compared to model fine-tuning



The Power of Scale for Parameter-Efficient Prompt Tuning 

Conclusion:

1. Very easy and effective method.

2. Reaches Model Fine-Tuning performance.

3. More robust when out-of-domain data!



Towards a Unified View of 
Parameter-Efficient Transfer Learning



Towards a Unified View of Parameter-Efficient Transfer Learning

Key Idea: Unifying various approaches:

1. Prefix tuning
2. Adapters
3. Lora into a single framework.



Towards a Unified View of Parameter-Efficient Transfer Learning



Towards a Unified View of Parameter-Efficient Transfer Learning



Towards a Unified View of Parameter-Efficient Transfer Learning

Results of previous approaches:

- Missing (soft-prompt approach)



Towards a Unified View of Parameter-Efficient Transfer Learning

Insightful Results:

Adapting FFN layers is more 
powerful than adapting the attention 
layers.



Towards a Unified View of Parameter-Efficient Transfer Learning

Conclusion:

1. Various approaches are related.

2. Parallel Adapters are proposed (Question: outperform 
prompt-tuning?)

3. FFNs is a better place to fine-tune than attention heads.



Black-Box Tuning for 
Language-Model-as-a-Service



Black-Box Tuning for Language-Model-as-a-Service

Key Idea: “Black-box tuning of prompts”

1. Use Derivative Free Optimisation (DFO) to find good prompts

2. Use intrinsically low “task dimensionality” of LLMs to do that (as otherwise it is 
infeasible).



Black-Box Tuning for Language-Model-as-a-Service

Various Derivative Free Optimisers:

1. “Gradient Descent Approximation” (sample around x_t and see if the new 
direction x_t+1 was better)

2. Evolutionary Methods (similar method, sampling and population are different)



Black-Box Tuning for Language-Model-as-a-Service



Black-Box Tuning for Language-Model-as-a-Service



Black-Box Tuning for Language-Model-as-a-Service

Conclusion:

1. Blackbox approach can be more powerful than manual prompts.

2. Works with API based methods.



Takeaways & Other ideas



Takeaways & Other Ideas

1. “Demystifying Prompts via Perplexity”
a. Really interesting idea where they are able to predict whether a specific prompt behaves well by calculating the perplexity 

of a prompt. If a prompt has low perplexity (i.e. is well understood by the model) then the performance is often good on 
this task.

2. “Attempt” Paper learns “soft-prompts” for different tasks and then combines them as an attention 
layer into the final “soft-prompt” given a specific task.

3. Soft-Prompts can be very powerful (if one has access to the model)
a. Better / Faster / Easier than manual prompt-engineering?

4. Black-box Tuning (and follow-on ideas) might be very powerful for API based models? [An area to 
investigate?]

a. Does it work in practice for our tasks?
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