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Large language models (LLMs) have taken the world by storm by making many previously difficult uses of AI
feasible. LLMs are controlled via highly expressive textual prompts and return textual answers. Unfortunately,
this unstructured text as input and output makes LLM-based applications brittle. This motivates the rise of
prompting frameworks, which mediate between LLMs and the external world. However, existing prompting
frameworks either have a high learning curve or take away control over the exact prompts from the developer.
To overcome this dilemma, this paper introduces the Prompt Declaration Language (PDL). PDL is a simple
declarative data-oriented language that puts prompts at the forefront, based on YAML. PDL works well with
many LLM platforms and LLMs. It supports writing interactive applications that call LLMs and tools, and
makes it easy to implement common use-cases such as chatbots, RAG, or agents. We hope PDL will make
prompt programming simpler, less brittle, and more enjoyable.

1 Introduction
Large language models (LLMs) have made great advances, demonstrating the ability to perform
a wide range of useful tasks. As LLMs are controlled via natural-language prompts, prompt en-
gineering has emerged as an ad-hoc approach to improve accuracy [31]. Even more capabilities
can be unlocked with prompting patterns such as in-context learning [6], chaining multiple LLM
calls [7], retrieval-augmented generation (RAG) [18], tool use [28], program-aided language mod-
els (PAL) [10], and agents [34]. Unfortunately, while powerful, LLMs remain brittle: they sometimes
hallucinate, or even fail to comply with expected syntax and types.

Prompting frameworks [20] make it easier for developers to use LLMs and associated prompting
patterns while ameliorating their brittleness. Some, such as LangChain [7] and AutoGen [32], do so
via bespoke features for popular patterns such as RAG or agents. Unfortunately, this bespokeness
takes control over basic prompts away from users and forces them to learnmany complex framework
features. In contrast, low-level prompting frameworks, such as Guidance [23] and LMQL [5], provide
more control with syntax and types. Unfortunately, they require users to program in imperative
languages such as Python or TypeScript. At the other end of the spectrum, frameworks such as
DSPy [15] and Vieira [19] avoid hand-written prompts altogether by automatically generating
them. Unfortunately, this takes away even more control from the developer. The problem thus
becomes how to make LLM programming less brittle while keeping it simple and keeping the
developer in the driver’s seat.
To tackle this problem, we turned to tried-and-true programming language design ideas. The

principle of orthogonality advocates for a small set of simple features that compose in powerful
ways [30]. Being orthogonal, or at right angles, here means being irredundant and avoiding
exceptional cases as far as possible. For prompting frameworks, orthogonality is a way to avoid
bespoke features. Next, developers need to struggle less with brittleness if the language checks
types and roles [12] to enforce structure by construction. One remaining tension is harder to tackle:
on the one hand, we want to give developers control over the exact prompts, but on the other hand,
we want a simple declarative language. To this end, we settled on a data-oriented language, which
puts prompts at the forefront by intentionally blurring the line between programs (e.g. for chaining
and tools) and data (for prompts). This is inspired by the old idea of code as data [21], as well as by
seminal work on programming without tiers [8].
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This paper introduces the Prompt Declaration Language (PDL), an orthogonal and typed data-
oriented language. Unlike other prompting languages that are embedded in imperative languages,
PDL is based on YAML [4]. YAML is a data serialization format that is both human-readable (by
promoting a nice and simple syntax for unstructured strings) while also providing structure (by
being JSON-compatible). Variables in PDL also hold JSON values and can optionally be typed with
JSON Schema [25]. PDL is currently implemented by an interpreter, and the interpreter performs
dynamic type checking. One benefit of representing programs as data is that it facilitates program
transformations [22], such as for optimization. Rendering programs in a data representation format
even facilitates PDL programs that generate PDL programs with LLMs, similar to PAL [10].
PDL programs comprise blocks (YAML objects), where each block appends data to the prompt

context. This mental model is a natural fit for prompting techniques such as chatbots or agents:
program execution implicitly builds up a conversation or trajectory, without necessitating explicit
plumbing. This context then becomes the input to the next LLM call. PDL supports local LLMs, and
LLMs hosted by various providers, including but not limited to open-source Granite models [1, 11]
on IBM watsonx1 and on Replicate2. PDL provides control constructs for looping and conditionals,
as well as functions and file includes for modularity. PDL adopts Jinja2 [26] expressions to template
not just prompts but entire programs.
This paper gives a quick overview of PDL by means of an introductory example (Section 2),

followed by a tour of the language (Section 3). It describes the tooling for running and editing
PDL programs (Section 4) and offers case studies illustrating more uses of PDL (Section 5). Finally,
the paper discusses related work (Section 6) and concludes (Section 7). PDL is open-source and
available at https://github.com/IBM/prompt-declaration-language. Overall, PDL is a simple yet
powerful new language for LLM prompt programming.

2 Overview
This section gives an overview of PDL features by means of a chatbot example. A PDL program
executes a sequence of blocks, each of which generates data that it contributes to the background
context. There are different kinds of blocks, capable of generating data in different ways: model
calls, reading data from stdin or a file, directly creating various kinds of JSON data, and executing
code. In addition, there are a variety of control blocks (if-then-else, for, and repeat) that let PDL
users express rich data pipelines and AI applications.

Fig. 1(a) shows the PDL code for a simple chatbot. The read: block on Lines 1–4 prints a message
asking the user to enter a query, which it reads from stdin. Fig. 1(b) shows an execution trace of the
same program. For instance, the user might ask ‘What’s a language salad?’. To avoid duplication,
the ‘ contribute: [context]’ clause puts the user response into the background context but not the
result (printed on stdout).
The repeat:until: block on Lines 5–16 has one nested text: block, which in turn has a sequence

of two nested blocks. The text: block turns the results of its nested blocks into strings and con-
cantenates them. The model: block on Lines 7–9 calls an LLM, using the accumulated context so
far as the prompt. In the first loop iteration, that context comprises only two lines ‘What is your
query?’ and ‘What’s a language salad?’. The ‘stop: [\n\n]’ model parameter causes the LLM to stop
producing tokens after generating two consecutive newline characters. The LLM interpreter prints
LLM outputs in green; Fig. 1(b) shows that in this example, the LLM produced ‘A language salad
is [...]’. The read: block on Lines 10–15 prints a message using YAML’s multi-line string syntax
starting with a vertical bar (|). This example illustrates how PDL keeps prompts at the forefront

1https://www.ibm.com/watsonx
2https://replicate.com/

https://github.com/IBM/prompt-declaration-language
https://www.ibm.com/watsonx
https://replicate.com/
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1 - read:
2 contribute: [context]
3 message: |
4 What is your query?
5 - repeat:
6 text:
7 - model: watsonx/ibm/granite-13b-chat-v2
8 parameters:
9 stop: ["\n\n"]
10 - def: question
11 read:
12 contribute: [context]
13 message: |
14

15 Enter a query or say "quit" to exit.
16 until: ${question == "quit"}

(a) Code

What is your query?
What’s a language salad?
A language salad is a term used to describe a mix of
different languages and dialects in a single conver-
sation or piece of text. It can be seen as an [. . . ]
Enter a query or say "quit" to exit.
Say it as a poem!
In a world where many tongues are sown,
A language salad is born, in joy they’re grown.
A medley of words, in harmony flow,
Swirling colors of speech, in a vibrant show.
Enter a query or say "quit" to exit.
quit

(b) Interpreter trace

Fig. 1. Simple Chatbot in PDL

while making them readable and giving the developer precise control. The interpreter trace on
the right shows the user entering ‘Say it as a poem!’, which Line 10 on the left uses to define
variable question and Line 12 appends to the context. The until: clause on Line 16 specifies a Jinja2
expression ‘${question == "quit"}’ as the loop termination condition. PDL embeds Jinja2 templates
using ‘${...}’ syntax rather than ‘{{...}}’ because the latter interacts poorly with YAML, where
curly braces are special characters.

In the second loop iteration, the context includes the effect of the first loop iteration. Hence, the
second execution of the model: block sees the output from its first execution and can paraphrase it
as a poem, ‘In a world where many tongues [...]’ in Fig. 1(b). Finally, in this example, during the
second execution of the read: block the user entered ‘quit’, causing the loop to terminate. Now that
we have seen a few common PDL blocks in action ( read: , repeat: , text: , and model:), we can proceed
to Section 3, which describes the remaining blocks and language features.

3 Language
PDL is a language embedded into YAML such that every PDL program is a valid YAML document
following the PDL schema3. Fig. 2 is a quick reference of PDL, and this section explains it using
grammar rules. A program is a block or a list of blocks where blocks are expressions or structured
blocks, as expressed by the following grammar rules:

pdl ::= block | [block, . . . ,block]
block ::= expression | structured_block

All grammar rules in this section use YAML’s flow-style syntax (e.g., [block, . . . ,block]). The same
PDL code can also be rendered in YAML’s block-style syntax, e.g.:

- block
. . .

- block

Each block has a block body, with keywords indicating the block kind (e.g., model or read).
There are 15 kinds of block bodies (optional fields are annotated with a question mark):

3https://ibm.github.io/prompt-declaration-language/dist/pdl-schema.json

https://ibm.github.io/prompt-declaration-language/dist/pdl-schema.json
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LLM call with current context

model: watsonx/ibm/granite-13b-chat-v2
parameters:
temperature: 0.1

LLM call with explicit input

model: watsonx/ibm/granite-13b-chat-v2
parameters:
temperature: 0.1

input:
array:
- role: user
content: Hello,

Reading from a file or stdin

read:  # optionally, add file name
message: Please enter an input.
multiline: true  # omit to stop at \n

Executing code

lang: python
code: |
result = "Hello, world!"

Creating data (v1, v2 can be any block)

text:  # outputs "v1v2"
- v1
- v2

lastOf:  # outputs v2
- v1
- v2

# implicit lastOf, outputs v2
- v1
- v2

array:  # outputs [v1, v2]
- v1
- v2

object:  # outputs {k1: v1, k2: v2}
k1: v1
k2: v2

data:  # outputs {k1: v1, model: v2}
k1: v1
model: v2  # no LLM call

Control constructs (all lists use implicit lastOf)

if: ${x > 0}
then: positive
else: non-negative

for:  # outputs 2_0_5
i: [1, 0, 1]
j: [2, 3, 5]

repeat: ${i * j}
join:
with: _  # optional

repeat:  # implicit lastOf, outputs HoHoHo
- Hi
- Ho

num_iterations: 3

repeat:  # outputs HiHoHiHoHiHo
text:
- Hi
- Ho

num_iterations: 3

repeat:
def: x
read:

until: ${(x | trim) == "stop"}

Declaring and calling functions

def: add
function:
x: int
y: int

return: ${x + y}

call: add
args:
x: 2
y: 2

pdl_context: []  # optional

Including a PDL file

include: ./helper_defs.pdl

Optional keywords for any block

description: documentation text

def: x # define variable from block

defs:  # define multiple variables
x: v1
y: v2

role: user  # or system or assistant

contribute: [result, context]  # or less

parser: json # or jsonl, yaml, regex

spec: type  # type specification

spec Types (shorthand for JSON Schema)

str, int, float, bool, nullBasic types

[int]Arrays

{x: int, y: int}Objects

{enum: [red, green, blue]}Enums

${…} Expressions (subset of Jinja2)

"hi", 5, 3.1, true, noneBasic values

[1, 2, 3], {"x": 4, "y": 5}Arrays/objects

x, y[0], z.fVariables

+, -, *, /, //, %, **, ~, 
and, or, not, ==, <, >, inOperators

x if x is defined else 0Tests

x | default(0)Filters

Fig. 2. PDLQuick Reference

block_body ::= model:expression,input:?pdl,parameters:?expression
| read:file,message:?string,message:?bool
| text:pdl
| lastOf:pdl
| array:pdl
| object:pdl
| data:json
| include:file
| function:args,return:pdl
| call:𝑓 ,args:args
| if:expression,then:pdl,else:?pdl
| for:args,repeat:𝑝𝑑𝑙,join:?join
| repeat:pdl,num_iterations:n,join:?join
| repeat:pdl,until:expression,join:?join
| code:pdl,lang:string

We already saw model: and read: blocks in the previous section. A model: block calls an LLM. The
prompt comes from the current context, unless the optional input: field is specified, in which case it
comes from there. The optional parameters: configure the model inferencing behavior. A read: block
reads input from a file or from stdin if no file name is specified. The optional message: is displayed
to the user and the optional multiline: field determines whether to stop at newline.
There are five kinds of blocks for creating data: text: , lastOf: , array: , object: , and data: . Fig. 2

illustrates them on simple examples. A plain list of blocks without a keyword behaves like lastOf: .
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The difference between an object: block and a data: block is that the PDL interpreter ignores PDL
keywords in the latter, treating them like plain JSON fields instead.
For modularity, PDL supports include: blocks and functions. An include: block opens the PDL

program at the given relative path and adds its output at the place where it occured. Function
arguments have the following syntax:

args ::= {𝑥:expression, . . . ,𝑥:expression}

Each 𝑥:expressionmaps an argument name to either a type specification (in a function: definition) or
a value (in a function call:). The return: keyword provides the function body, which can have nested
blocks; Fig. 2 shows a simple case where it is just a Jinja2 expression. The optional pdl_context:
keyword can reset the background context for the duration of a call, e.g. to the empty context [].
There are three kinds of blocks for control constructs: if: , for: , and different flavors of repeat: .

They can have nested blocks or simple expressions, and if they contain a list of blocks, that list
implicitly behaves like lastOf: . If the lastOf: behavior is not intended, a common idiom is to wrap
the body of a loop in a text: block, or to combine loop iteration results with the join: keyword:

join ::= as:? (text | array | lastOf),with:?string

Each of the 15 kinds of block bodies described above can be orthogonally composed with zero or
more optional keywords that work for any block:

structured_block ::= { block_body,
description:?string,
def:?x,
defs:?defs,
role:?string,
contribute:?contribute,
parser:?parser,
spec:?type }

A description: is a special comment. A def: assigns the result of the block to a variable; we already
saw an example for that in Line 10 of Fig. 1. In contrast, defs: creates multiple variable definitions,
each with its own name 𝑥 and a value given by a nested PDL program:

defs ::= {𝑥:pdl, . . . ,𝑥:pdl}

A role: causes the data resulting from a block to be decorated with a role, such as ‘user’, ‘assistant’,
or ‘system’. When PDL calls a chat model, it follows common practice of modern chat APIs and
passes not a flat string as the prompt, but rather, a sequence of {content:str, role:str} pairs.
Then, the model API applies a model-specific chat template, which flattens that sequence by
inserting the appropriate control tokens for that model [12]. This gives PDL programs some degree
of model-independence. If a block does not have an explicit role: , it defaults to ‘assistant’ for model
blocks and to ‘user’ for all other blocks. Inner nested blocks have the same role as their outer
enclosing block. In future work, we also plan to leverage roles for privilege-based security.

The contribute: keyword can specify a (possibly empty) subset of the two destinations ‘result’ or
‘context’. By default, every block contributes to both its own result and the background context for
later LLM calls. Line 2 of Fig. 1 showed an example of limiting the contribution of a block to just
the context to declutter the output.
The parser: keyword makes it possible for a block that would ordinarily just produce a flat

string (e.g., an LLM call) to instead produce structured data. The supported parsers are json, yaml,
regex, and jsonl. The spec: keyword can specify a type. PDL’s types are a subset of JSON Schema [25],
with shorthand syntax for simple commonly used types illustrated in Fig. 2. For example, type
‘{questions: [str], answers: [str]}’ is an object with two fields questions and answers, both of which
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hold arrays of strings. Section 5 will illustrate how parser: and spec: can work together. Future
work will also leverage these keywords for constrained decoding [29].

An atomic block is an expression:

expression ::= bool | number | string | ${ 𝑗𝑖𝑛 𝑗𝑎_𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛} | string_expression

Expressions can be basic values, Jinja2 expressions [26], or strings containing Jinja expressions.
Jinja2 is a convenient way for specifying prompt templates, where parts of a prompt are hardcoded
and others are filled in from expressions. But PDL takes the use of Jinja2 further, by letting developers
template not just individual prompts, but entire chains of model calls and other blocks. While we
refer the reader to the Jinja2 documentation for an exhaustive list of possible expressions, Fig. 2
briefly lists the most common ones. PDL adopts only Jinja2 expressions, not Jinja2 statements such
as {% if .. %} or {% for .. %}, because those are redundant with PDL’s own if: and for: .

Last but not least, PDL has a code: block that allows it to execute code in a given programming
language (at the time of writing, only Python is supported). The next section will describe PDL
tooling, including the interpreter, which provides a sandboxing feature to reduce risks associated
with executing arbitrary code. To learn more, see the tutorial linked from PDL’s github repository.

4 Tooling
PDL comes with tools for making PDL programs easy to write, run, and understand.

First and foremost, the PDL interpreter is an execution engine with a command-line interface, as
one would expect from a scripting language. The interpreter supports a streaming mode, where
LLM outputs become visible incrementally as they are being produced, for a more interactive chat
experience. The interpreter also supports sandboxing, which causes it to launch in a container,
recommended when executing LLM-generated actions or code.

The PDL IDE support enhances VSCode, making it easier to write PDL code via syntax highlight-
ing, auto-complete, tooltips for PDL keywords, and error checking. These capabilities are, in part,
driven by the PDL meta-schema i.e., the JSON schema that defines what constitutes valid PDL.
The %%pdl cell magic enhances Jupyter Notebooks so developers can write code cells directly

in PDL. That way, hosted notebook platforms can serve as a simple playground for interactively
exploring prompts. Given multiple PDL code cells in the same notebook, later cells can use variables
defined in earlier cells. Furthermore, the background context for later cells is continued from earlier
cells; when not desired, developers can override this behavior via %%pdl --reset-context.
The PDL live document visualizer shows the concrete execution trace of a PDL program with

colored nested boxes, similar to typical figures in papers or blog posts about LLM prompting.
Then, the user can select one of the boxes to display the corresponding PDL code, similar to how
spreadsheet cells show data, but the user can select them to inspect the formula that created that
data. This live view is a way to let users quickly understand concrete data, and then move from
that to understanding the code that produced it.

Finally, PDL has an SDK (software development kit), which is a small Python library for calling
from Python into PDL. This is useful for extending larger Python applications to use prompt-based
programs, such as agents. As discussed in Section 3, a PDL file can contain Python in code: blocks.
When developing larger applications with PDL, we have found it useful to keep these to a few
lines of code, by defining a function in a separate Python file and then calling it from PDL. A good
practice is to pass data from PDL to Python and vice versa as JSON objects. Optionally, this can be
type-checked using the spec: keyword in PDL, and TypedDict or Pydantic on the Python side, as
illustrated in the next section in Fig. 3.
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1 text:
2 - lang: python
3 code: |
4 import rag_mbpp
5 PDL_SESSION.mbpp = rag_mbpp.initialize()
6 result = ""
7 - defs:
8 test_query: >-
9 Write a python function to remove first and
10 last occurrence of a given character from
11 the string.
12 retrieved:
13 lang: python
14 spec: [{query: str, answer: str}]
15 code: |
16 import rag_mbpp
17 result = rag_mbpp.retrieve(
18 PDL_SESSION.mbpp, "${test_query}", 5
19 )
20 text: >
21 Given the text after "Q:", generate a Python
22 function after "A:".
23

24 Here are some examples, complete the last one:
25 - for:
26 few_shot_sample: ${retrieved}
27 repeat: |
28 Q: ${few_shot_sample.query}
29 A: ```${few_shot_sample.answer}```
30 - |-
31 Q: ${test_query}
32 A:
33 - model: watsonx/ibm/granite-3-8b-instruct
34 parameters:
35 stop: ["Q:", "A:"]

(a) PDL code

1 from typing import TypedDict
2 import datasets
3 from sklearn.feature_extraction.text \
4 import TfidfVectorizer
5

6 def initialize():
7 train_in = datasets.load_dataset(
8 "mbpp", "sanitized", split="train"
9 )
10 corpus = [row["prompt"] for row in train_in]
11 tfidf = TfidfVectorizer().fit(corpus)
12 def embed(text):
13 sparse_result = tfidf.transform(
14 raw_documents=[text]
15 )
16 return sparse_result.toarray().flatten()
17 train_em = train_in.map(
18 lambda row: {"em": embed(row["prompt"])}
19 )
20 vec_db = train_em.add_faiss_index("em")
21 return vec_db, embed
22

23 QA = TypedDict("QA", {"query":str,"answer":str})
24 def retrieve(mbpp, query, n: int) -> l i s t[QA]:
25 vec_db, embed = mbpp
26 key = embed(query)
27 nearest = vec_db.get_nearest_examples(
28 "em", key, n
29 )
30 queries = nearest.examples["prompt"]
31 answers = nearest.examples["code"]
32 return [
33 {"query": q, "answer": a}
34 for q, a in zip(queries, answers)
35 ]

(b) Python code

Fig. 3. RAG example in PDL

5 Case Studies
We already saw a simple PDL chatbot example in Section 2. This section illustrates slightly more
advanced use-cases for PDL: RAG, agents, and generating PDL from PDL.

5.1 Retrieval-Augmented Generation
Retrieval-augmented generation, or RAG, works by first retrieving relevant context, then adding
that to the prompt for a model to generate an answer [18]. Fig. 3(a) shows a PDL program that uses
RAG to retrieve few-shot samples for a code-generation task. The code: block in Lines 2–6 uses
Python to initialize a vector database for the training split of the MBPP dataset of “mostly basic
Python programs” [2]. It uses a Python function defined in Fig. 3(b), together with a PDL_SESSION

special variable that enables it to carry state to a later code block. Lines 8–11 of Fig. 3(a) initialize
variable test_query with a natural-language request for Python code to be generated. Lines 12-19

initialize variable retrieved with the five most similar samples from the training data.
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1 text:
2 - read: react_few_shot_samples.txt
3 - |
4

5 When was the discoverer of the Hudson River born?
6 - repeat:
7 text:
8 - def: thought
9 model: watsonx/ibm/granite-34b-code-instruct
10 parameters:
11 stop: ["Act:"]
12 include_stop_sequence: true
13 - def: action
14 model: watsonx/ibm/granite-34b-code-instruct
15 parameters:
16 stop: ["\n"]
17 parser: json
18 spec: {name: str, arguments: {topic: str}}
19 - def: observation
20 i f : ${ action.name == "Search" }
21 then:
22 text:
23 - "Obs: "
24 - lang: python
25 code: |
26 import wikipedia
27 query = "${ action.arguments.topic }"
28 result = wikipedia.summary(query)
29 until: ${ action.name != "Search" }

(a) Code

What is the elevation range for the area that the
eastern sector of the Colorado orogeny extends
into?
Tho: I need to search Colorado orogeny, find the
area that the eastern sector of the Colorado [. . . ]
Act: {"name": "Search", "arguments": {"topic":
"Colorado orogeny"}}
Obs: The Colorado orogeny was an episode [. . . ]
[. . . ]

When was the discoverer of the Hudson River
born?
Tho: I need to search the discoverer of the Hud-
son River, find when he was born.
Act: {"name": "Search", "arguments": {"topic": "dis-
coverer of the Hudson River"}}
Obs: The Hudson River is a 315-mile [. . . ]
Tho: The discoverer of theHudson River is Henry
Hudson. I need to search Henry Hudson, find
when he was born.
Act: {"name": "Search", "arguments": {"topic":
"Henry Hudson"}}
Obs: Henry Hudson (c. 1565 – disappeared [. . . ]
Tho: Henry Hudson was born in 1565. Act:
{"name": "Finish", "arguments": {"topic": "1565"}}

(b) Interpreter trace

Fig. 4. ReAct agent in PDL

Lines 20–24 add an instruction to the context, Lines 25–29 add the few-shot samples to the
context, and Lines 30–32 add the test query to the context. The for: loop on Line 25 is an idiomatic
way to use PDL for generating data, in this case, for in-context learning. Finally, Lines 33–35 call
a Granite 3 model [11] with the accumulated context, causing it to generate the Python function
requested by the test query. While this is a simple example, we have also used PDL with Codellm-
Devkit [16], which performs static analysis on source code from various programming languages
to retrieve other relevant context when prompting LLMs for coding tasks.

5.2 ReAct Agent
An LLM-based agent lets an LLM select and configure actions, executes those actions in an environ-
ment, and feeds the outputs from the actions back to the LLM as observations. There are different
patterns for such agents, such as ReAct [34] and ReWOO [33]. An action is an LLM-based tool
call [28], and an agent chains together multiple tool calls in a dynamic LLM-directed sequence. The
ambition is to make AI-based applications less prescriptive and more goal-driven. Moreover, when
something goes wrong with an action, agents can use the observation as feedback to recover.
Fig. 4 shows a PDL example of a simple ReAct agent. The core of ReAct is a think-act-observe

loop, which manifests in the code as variable definitions for thought (Line 8), action (Line 13), and
observation (Line 19). The thought is model-generated natural language e.g., ‘I need to search the
discoverer of the Hudson River, find when he was born’ in the interpreter trace in Fig. 4(b). The
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action is model-generated JSON to match the tool-use training data of Granite models [1]. Lines 17
and 18 on the left ensure that the LLM output is parsed as JSON and conforms to a {name,arguments}

schema, and the interpreter trace on the right shows that the model indeed generates such an object.
That makes it possible to access fields of the object with Jinja2, such as ${ action.arguments.topic }

on Line 27. The observation is generated by the environment, in this case, Python code calling
Wikipedia. As discussed in Section 4, for cases like this that involve running code (partially)
generated by an LLM, we recommended PDL’s sandboxing feature.

The interpreter trace in Fig. 4(b) shows that this execution had two iterations of the agentic loop.
While this is a simple example, we have also used PDL to implement a code editing agent that we
used as part of a submission4 to the SWE-bench Lite leaderboard [14]. This submission was the
first to resolve 23.7% of instances with only open-source models, which is higher than any previous
results with open-source models, and in the same ball-park as frontier models.

5.3 Generating PDL from PDL with LLMs
The previous sections showed examples of how a human developer can use PDL to encode

different prompting patterns. This section turns to LLMs and shows how they can also be used to
generate PDL. This meta PDL generation is helpful when LLMs need to create a plan for solving a
problem, for example as part of an agentic workflow. Traditionally, such plans are just text or JSON
or Python code. With PDL, these plans can be a composition of model and code calls that are fully
executable. This section explores using PDL meta generation for the GSMHard dataset5.
GSMHard is a harder version of GSM8k, which consists of grade-school math problems that

require simple arithmetic or symbolic reasoning. GSMHard contains an input which is a math
problem statement, together with an output which is Python code that solves the problem. We
implemented the PAL [10] approach but instead of generating Python code, we ask an LLM to
generate PDL. The textual chain-of-thought is represented as PDL text blocks, and arithmetic is
done using PDL code blocks.
Fig. 5 shows a PDL program that generates PDL code and executes it all in the same program.

The demos variable holds few-shot samples designed to teach a model how to generate PDL code.
On Line 32, a model call block uses these samples, together with a question, which is a free variable,
as input. The result is a PDL program to solve the question. Line 38 extracts the PDL program and
executes it in Python. This program is applied to the GSMHard dataset, where question is filled
with input questions.

This experiment resulted in the discovery that 10% of the GSMHard dataset is actually incorrect
in the sense that the ground truth is inconsistent with the question that was asked. Fig. 6 shows an
example of such an inconsistency. Using PDL helped in this discovery because the generated PDL
code is human-readable, so we were able to easily check data points that did not match the ground
truth and found that the ground truth is incorrect in some cases. We used an LLM to cover the entire
dataset and systematically pick examples that seemed inconsistent. We then manually filtered the
result to remove false positives and identified 10% of data points that present this problem.

6 Related Work
A recent survey defines a prompting framework as a layer that manages, simplifies and facilitates
the interaction between LLMs and users, tools, or other models [20]. The survey highlights that a
major pitfall of prompting frameworks is increasingly steep learning curves.

4https://github.com/swe-bench/experiments/tree/main/evaluation/lite/20241016_IBM-SWE-1.0
5https://huggingface.co/datasets/reasoning-machines/gsm-hard

https://github.com/swe-bench/experiments/tree/main/evaluation/lite/20241016_IBM-SWE-1.0
https://huggingface.co/datasets/reasoning-machines/gsm-hard
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1 defs:
2 demos:
3 data:
4 text:
5 |
6 ...
7

8 Question: Roger has 5 tennis balls.
9 He buys 2 more cans of tennis balls.
10 Each can has 3 tennis balls.
11 How many tennis balls does he have now?
12

13 Answer:
14 ```
15 text:
16 - "Roger started with\n"
17 - def: tennis_balls
18 data: 5
19 - "\ntennis ball.\n"
20 - "2 cans of 3 tennis balls each is\n"
21 - lang: python
22 def: bought_balls
23 code: result = 2 * 3
24 - "\ntennis balls.\n"
25 - "The result is: \n"
26 - lang: python
27 def: RESULT
28 code: result = ${ tennis_balls } + ${ bought_balls }
29 ```
30 raw: true
31 text:
32 - model: watsonx/meta-llama/llama-3-70b-instruct
33 def: PDL
34 input:
35 text:
36 - ${ demos.text }
37 - "Question: ${ question }"
38 - lang: python
39 code: |
40 from pdl.pdl import exec_str
41 s = """${ PDL }"""
42 pdl = s.split("```")[1]
43 result = exec_str(pdl)
44 def: RESULT

Fig. 5. PDL meta generation

James decides to run 1793815 sprints
1793815 times a week.
He runs 60 meters each sprint.
Howmany total meters does he run a week?

def solution():

sprints_per_day = 1793815

days_per_week = 3

meters_per_sprint = 60

total_sprints = sprints_per_day * days_per_week

total_meters = total_sprints * meters_per_sprint

result = total_meters

return result

Fig. 6. GSMHard sample problematic data point

Perhaps the most popular prompting framework today is LangChain [7], whose extensive
features make it both powerful and complex. Avoiding this complexity is the main motivation for
MiniChain [27], which offers fewer, simpler features that can be composed for advanced use-cases.
However, both LangChain and MiniChain are Python frameworks, making them less declarative,
since developers must write imperative code. PDL has a similar motivation to MiniChain, but goes
a step further, by adopting YAML instead of Python as its foundation.
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Like other prompting frameworks, PDL aims to make LLMs less brittle. Guidance [23] is a
Python-based framework that provides more structure but is more low-level than LangChain.
Similarly, LMQL [5] is a domain-specific language embedded in Python that leverages types and
constrained decoding. PDL takes some inspiration from the latter in how it intersperses prompts
and programs, but unlike LMQL, relies less on imperative Python code. Crouse et al. use finite state
machines to formally specify the internals of various agentic loops [9]; while fascinating, this work
does not introduce a full-fledged prompting language.
One advantage of domain-specific languages is that they enable program transformation, e.g.,

for optimization [22]. The DSPy prompting framework [15] has the tag-line “programming, not
prompting”: it finds prompts automatically so developers need not write them by hand. Similarly,
Vieira [19] extends Prolog with LLMs as probabilistic relations, for which it automatically derives
prompts. Both DSPy and Vieira are very high-level, but unlike PDL, both take away control from the
developer over exact prompts. One language that lets users gradually adjust this tradeoff between
automation and control for AI pipelines is Lale [3]; however, Lale does not focus on LLM prompting
in particular. Whereas DSPy, Vieira, and Lale optimize for predictive performance, another objective
to optimize for is computational performance. SGLang [35] does that by scheduling to better leverage
prefix caching (to get more cache hits in a KV cache [17]). Future work will explore whether PDL’s
declarative nature can enable similar computational performance optimizations.
Recently, a new crop of prompting framework has emerged that focuses on LLM-based agents.

AutoGen [32] is a multi-agent framework where everything consists of agents and conversations.
Other multi-agent frameworks include CrewAI [24] and GPTSwarm [36]. These frameworks priori-
tize support for agents over support for other LLM-based use-cases. While PDL supports agents as
well, it aims for a more balanced stance, where agents are just one of many prompting techniques.

7 Conclusion
PDL is a declarative data-oriented language: a program consists of YAML blocks, where each block
either is a literal piece of data or produces data. The mental model is that executing a block appends
its data to the background context, and subsequent LLM calls use that context as their prompt.
This paper introduces the language via example programs and a tour of the grammar and tooling.
The declarative nature of the language also makes it amenable to automatic optimizations for
speed, accuracy, and security, which will be forthcoming in future work. PDL is ready to use and
open-source at https://github.com/IBM/prompt-declaration-language.
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