
DSPy: Compiling Declarative Language 
Model Calls into Self-Improving Pipelines

Credits: Slides adapted from original authors
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RARR - a pipeline of 
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FLARE - a pipeline of hand-prompted 
LLMs and a retriever
[Jiang et al. 2023]

DIN-SQL - a pipeline of 
hand-prompted LLMs and a SQL DB 
[Pourreza et al. 2023]

Can we develop a systematic approach to 
design LM pipelines?
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The problem

● Talking to ChatGPT requires lengthy instructions and lots of mistranslations
○ Sounds imperative?
○ Reminiscent of Siri

● Use declarative as cleaner solution
○ Like programming, needs a compiler to generate complex instructions from simpler commands
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Shift focus from tweaking the LM or prompts to good overarching system design.

Declarative Self-improving Language Programs. How?

1. Signatures abstract prompts (and fine-tuned LM weights)

2. Modules generalize prompting techniques (and compose into multi-stage systems)

3. Teleprompters optimize systems (i.e. complex modules) toward an arbitrary metric

Modules are parameterized layers (or compositions).

Signatures are the in/out dimensions (function signature) of a module.

Teleprompters are optimizers.

When in doubt, assume it’s PyTorch and LM is your device
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What about more complex tasks?

For some advanced tasks, you need more verbose signatures. This is typically to:

1. Clarify something about the nature of the task (expressed below as a 
docstring).

2. Supply hints on the nature of an input field, expressed as a ‘desc’ keyword 
argument for ‘dspy.InputField’.

3. Supply constraints on an output field, expressed as a ‘desc’ keyword 
argument for ‘dspy.OutputField’.



What about more complex tasks?

docstring

Input field description
Output field description



Teleprompters

● Tele-prompters: Abstracting and automating the task of prompting
● Teleprompters are powerful optimizers that can take any program and learn to 

bootstrap and select effective prompts for its modules.
● Hence the name “prompting at a distance”.
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Teleprompter Examples

● BootstrapFewShot
○ Bootstrapping  few-shot examples and their reasoning traces for ICL, 

optionally using a teacher program.
○ Keep those demonstrations which satisfy a given metric.
○ Advantages: Store reasoning traces from a teacher, can be used in CoT.



Teleprompter Examples

● BootstrapFewShotWithRandomSearch
○ Random search in the dataset for few-shot examples in ICL.
○ The training dataset is shuffled each time.
○ Use the validation set to select the best performing candidate program 

according to specified metric.



Teleprompter Examples

● BootstrapFewShotWithOptuna
○ Hyperparam optimization with Optuna
○ Optimize hyperparameters such as demonstrations, instructions, etc.



Teleprompter Examples

● BootstrapFinetune
○ Fine-tune a target LM on demonstrations generated by a teacher 

program.



Teleprompter Examples

● Optimizers for instructions
○ SignatureOptimizer
○ BayesianSignatureOptimizer
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Answer: 4



Case Study: GSM8K
Question

Vanilla

Answer

vanilla = dspy.Predict(“question -> answer”)



Case Study: GSM8K
Question

CoT

CoT Rationale; Answer

vanilla = dspy.Predict(“question -> answer”)

CoT = dspy.ChainOfThought(“question -> answer”)



Case Study: GSM8K
Question

CoT

● CoT Rationale; Answer
● CoT Rationale; Answer
● CoT Rationale; Answer

vanilla = dspy.Predict(“question -> answer”)

CoT = dspy.ChainOfThought(“question -> answer”)



Case Study: GSM8K
Question

CoT

● CoT Rationale; Answer
● CoT Rationale; Answer
● CoT Rationale; Answer

vanilla = dspy.Predict(“question -> answer”)

CoT = dspy.ChainOfThought(“question -> answer”)

Comparison

CoT Rationale; Answer



Now that we have programs, we can compile them.

improved_dspy_program  = teleprompter.compile(dspy_program, few_examples)

DSPy Compiler
(a specific teleprompter)

DSPy Program Improved

DSPy

ProgramA Few 
Examples

(labeled and/or unlabeled)
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GSM8K Results

● DSPy program with LLaMA 13b is competitive with their 34b-based results even though they don’t use 
human reasoning chains in our program.

● Auto-CoT reports 48% for GPT 3 (text-davinci-002), which aligns closely with llama2-13b-chat results.

Model size Acc (8-shot) 
(%)

13b 28.7

34b 42.2

70b 56.8

LLaMA2 results (GSM8K)



Case Study: Complex QA
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Why DSPy

● Reliability, predictability, scalability
● Other solutions such as LangChain and LLamaIndex still have manual prompt 

engineering prevalent in their codebase
● DSPy provides a structured framework that automatically bootstraps prompts.



Key Takeaways

● Don’t mess with the weights (prompts) by hand. Define new modules or 
teleprompters.

● Don’t expect “one layer” to do the work. Add inductive biases and “depth”.
● Use local models for reproducible research. They work really well when 

compiled.


