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Executive Summary
Meta prompting represents a paradigm shift in prompt engineering for large language models (LLMs). Unlike
traditional methods that rely on example-driven or content-based prompts, meta prompting provides structural
scaffolds – high-level, example-agnostic templates that emphasize how to approach a task rather than what
the content should be. In practice, this means using an LLM to generate or refine its own prompts for
downstream models or even for itself (a process often termed recursive meta prompting). Recent research
reports strong results for meta-prompted LLMs on difficult reasoning benchmarks, with substantial token
savings. For example, Zhang et al. (2023) demonstrate that a Qwen-72B LLM using a single meta prompt
achieved 46.3% accuracy on the MATH benchmark and 83.5% on GSM8K (math word problems), figures the
authors report as ahead of several fine-tuned open models and, on MATH, of the initial GPT-4 release; they
describe such cross-model comparisons as contextual rather than a controlled leaderboard, and GPT-4's own
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technical report lists 92.0% on GSM8K (cdn.openai.com) (meta-prompting.github.io) (paperswithcode.com). In
creative applications, engineers at Google DeepMind have used meta prompting to instruct Gemini to draft
detailed video-generation prompts, which the post says can run to multiple pages and “result in breathtaking
output” (blog.google).

Meta prompting has deep theoretical foundations in category theory and type theory, framing tasks and
prompts as objects in mathematical categories (meta-prompting.github.io) (www.scribd.com). It can be
implemented via manual frameworks (expert-designed templates) or automated loops (LLMs self-generating
and refining prompts). Across multiple perspectives – academic research, industrial case studies, and blog
analyses – meta prompting emerges as a powerful way to delegate prompt engineering to AI itself, enabling
models to “think about how they should be instructed” (intuitionlabs.ai) (www.emergentmind.com). This self-
referential approach has implications for robustness and scalability: while it can dramatically improve
reasoning and reduce token usage, it also raises new challenges in evaluation and security (for example,
adversarially crafted meta-prompts can bypass safety filters (www.pcgamer.com)). In sum, meta prompting is
an emerging frontier that promises to make LLMs more autonomous and efficient: helping base models
without task-specific fine-tuning compete with fine-tuned systems on some benchmarks, and paving the way
for future AI systems that continuously refine their own reasoning and instructions.

Introduction and Background
The past few years have seen the rise of foundation models (especially large language models, or LLMs) that
have dramatically expanded the capabilities of AI in understanding and generating text (www.scribd.com).
However, it soon became clear that an LLM’s raw capabilities depend critically on the prompts we give it.
Prompt design – or prompt engineering – quickly emerged as a key skill to coax useful behavior from LLMs.
Early strategies included few-shot prompting, where example input-output pairs are provided in the prompt,
and chain-of-thought (CoT) prompting, which instructs the model to “think aloud” step by step (arxiv.gg). These
advances have enabled LLMs to solve problems more reliably (for instance, Wei et al. 2022 showed that CoT
prompting lets LLMs perform complex reasoning tasks that they otherwise fail (arxiv.gg)). Yet these methods
still remain fairly content-centric: they rely on hand-crafted examples or explicit reasoning paths. In real-world
use, creating such prompts by hand is laborious, and even the best hand-designed prompts may fail when
tasks shift or scale up.

In response to these limitations, researchers have explored more automated or meta-level techniques. For
example, AutoPrompt (Shin et al., 2020) used gradient-based search to discover prompt-word triggers for
masked language models (aclanthology.org); and prompt tuning/prefix tuning (Li & Liang, 2021; Lester et
al., 2021) learned continuous prompt embeddings for LLMs instead of hand-writing tokens (aclanthology.org).
More recently, ideas like self-consistency sampling and tree-of-thought (ToT) search have been proposed to let
models explore multiple reasoning paths and verify solutions (arxiv.gg). All these approaches can be seen as
stepping stones toward giving LLMs more agency in how they prompt themselves.

Meta prompting builds on these ideas by explicitly treating prompt design as an LLM subtask. The core idea
is to have an LLM generate, refine, or select prompts (or instruction templates) that it or another model will
then use. In other words, rather than a human hand-crafting a single prompt, we use the LLM to produce or
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optimize the prompt. As one recent survey puts it, meta prompting means “prompts that write other prompts”
(intuitionlabs.ai). It shifts emphasis from feeding specific examples into an LLM toward giving the LLM a
template or scaffold for reasoning that it can apply or even adapt.

Formally, meta prompting is grounded in category theory: tasks and prompts are treated as objects/morphisms
in mathematical categories, and a Meta Prompting functor maps tasks to structured prompt templates (meta-
prompting.github.io). In essence, a Meta Prompt is defined as an example-agnostic, structured prompt that
captures the reasoning structure of a category of tasks (meta-prompting.github.io). It outlines how to think
about a class of problems (the “how”) rather than giving content examples (the “what”). For example, a meta
prompt for math word problems might say: “Begin with Let’s think step by step, then outline your reasoning
process, and finally give the answer in a clear box.” The exact numbers or sentences of the problem aren’t
specified; instead, the template explains the stepwise format the LLM should follow. This structure-oriented
approach has several benefits. It can greatly reduce token usage (since it avoids lengthy example lists) (meta-
prompting.github.io); it reduces sensitivity to which examples are chosen, although the authors stress this does
not make cross-model comparisons unbiased (meta-prompting.github.io); and it leverages LLMs’ strengths in
understanding procedure and composition.

Early demonstrations of meta prompting are already impressive. Zhang et al. (2023) reported that a single
meta prompt guided a 72-billion-parameter base model (Qwen-72B) to 46.3% on MATH and 83.5% on GSM8K
without additional instruction tuning (meta-prompting.github.io) (paperswithcode.com). In applied settings,
practitioners have begun using LLMs “to draft detailed prompts” for other models. For instance, Google
DeepMind UX Engineer Anna Bortsova describes how she tells Gemini (an AI chat assistant) to “draft detailed
prompts” for a video-generation model, rather than writing the video prompt herself. Gemini then produces
long, richly specified prompts, sometimes multiple pages, which the post says “result in breathtaking output”
(blog.google). Such case studies illustrate the promise of meta prompting: by using an LLM’s language
understanding to pre-generate or optimize prompts, we can often get more creative, detailed, or accurate
outputs at scale.

This report provides a comprehensive analysis of meta prompting. We trace its origins in prompting research,
explain its mathematical theory, survey different execution strategies (manual versus automated), present
quantitative results, and explore real-world examples. We also discuss implications – from efficiency gains to
new security concerns – and outline future directions for “thinker LLMs” that can architect their own
instructions. Throughout, we extensively cite sources, including recent academic works and industry reports, to
support every claim. By combining academic depth (category-theoretic foundations and benchmark data) with
practical breadth (how-to guides, case studies, expert insights), the report aims to be a definitive resource on
how and why LLMs can write their own prompts.
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Traditional Prompt Engineering and the Rise
of Meta Prompting
The Prompting Landscape to Date
To appreciate meta prompting, it helps to understand the landscape it evolves from. LLMs like GPT-3/4, Llama,
or Qwen are auto-regressive models trained to predict the next token in text (www.scribd.com). In theory, any
task can be phrased as a text-completion problem (e.g. math solution, story, code). In practice, however, the
form of the prompt dramatically influences what the model does. Early work on GPT-3 (Brown et al., 2020)
showed that simply appending a question and answer format allowed the model to do zero-shot or few-shot
tasks with surprising success. Since then, many strategies have been developed:

Manual Prompt Writing. The original approach: humans craft natural-language prompts to elicit desired
behavior. For example, “Summarize the following text: [input]” (intuitionlabs.ai). This requires careful
wording and trial-and-error. It can work well when domain expertise is applied, but it does not scale:
each new task or style can require a new prompt.

In-Context Few-Shot. Instead of one example, the prompt contains a few examples (input-output
pairs). The idea is that the LLM “learns” the pattern from those examples and applies it to a test case.
Zhang et al. note that few-shot is highly content-driven (relying on concrete examples) (github.com).
Indeed, a prompt might list 5 worked math problems, with the last one missing an answer, and the LLM
fills it in. Few-shot often boosts performance because the examples QA the model’s reasoning, but at
the cost of length and the need for good exemplars.

Chain-of-Thought (CoT). Introduced by Wei et al. (2022), CoT prompting has the LLM break down its
reasoning into steps, originally by including worked step-by-step exemplars in the prompt (the zero-shot
variant that simply adds “Let’s think step by step.” came from Kojima et al., 2022) (arxiv.gg). This
simple change drastically improved correct answer rates on challenging benchmarks (e.g. arithmetic,
commonsense puzzles). In effect, CoT is a semi-structured prompt that urges the model to expose its
latent reasoning process. Although CoT can be very effective, it is still a manual intervention: the prompt
is telling the LLM to think stepwise, but not restructuring the underlying task logic.

Tree-of-Thought (ToT) and Search-based Reasoning. More recently, methods like Tree-of-Thought
(Yao et al., 2023) have taken CoT further by letting the model explore a space of reasoning paths,
evaluating and backtracking as needed (arxiv.gg). Other approaches (e.g. least-to-most prompting and
self-consistency sampling) introduce additional loops or voting among multiple generated thoughts.
These methods illustrate that there's often a whole distribution of possible “thought chains,” and smart
prompting can navigate that space. However, they still assume a fixed prompt structure and rely on the
model to solve the task variants, rather than having the model generate its own prompt structures in
the first place.
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Automated Prompt Discovery. AutoPrompt (Shin et al., 2020) was one of the earliest methods to
automate prompt creation. It used gradients to select discrete tokens that, when used as a prompt
template, coaxed a model (BERT) to produce a correct cloze answer (aclanthology.org). Another line of
work has used genetic or search algorithms to mutate prompts (e.g. Promptbreeder, Fernando et al.,
2023). Although these methods can find surprising patterns (even obscure token sequences that trigger
knowledge in GPT-2/BERT), they are mostly used for explaining model internals or optimizing
benchmarks rather than general “problem templates.” They also often target masked/fill-in tasks, which
is a narrower setting.

Prompt Tuning / Prefix Tuning. In a different direction, prefix-tuning and prompt-tuning embed a
trainable vector (continuous tokens) that prepends the input sequence (aclanthology.org). This is akin to
learning a prompt through optimization (while freezing the model). These techniques reduce training
cost but aren’t really about LLMs generating prompts – it’s more like learned prompts that adapt to
tasks. They do, however, highlight the point that the boundary between “prompt” and “model
parameters” can blur.

In short, before meta prompting arrived, most innovations involved either hand-crafting more structured
prompts (like CoT) or using algorithmic search to tweak prompts. Each step showed that guiding the model’s
process can greatly help, but all these approaches still treat the prompt as given (even if generated by search).
The question then arises: What if the model itself designed the prompt from scratch? Such self-referential
prompting is the crux of meta prompting.

Defining Meta Prompting
Meta prompting can be succinctly defined as “prompting an LLM to generate or refine prompts for tasks,”
effectively making the prompt’s author an LLM. In this loop, a model might receive an instruction like “Create a
detailed prompt for [task] that another LLM will use,” and output that detailed prompt text, which is then fed to a
base model to solve the original task. This leverages the LLM’s own language fluency to craft better
instructions, templates, or examples. In other words, the LLM writes the prompt for itself or another LLM
(intuitionlabs.ai).

A formal definition (Zhang et al., 2023) characterizes a Meta Prompt as an example-agnostic structured prompt
that captures the general reasoning approach for a category of tasks (meta-prompting.github.io). Instead of
containing concrete problem instances, it contains placeholders and instructions. For example, on a math task,
a meta prompt might specify that solutions should start with “Step 1:…” and conclude with “Answer: …” but no
numbers are given. The actual problem details (“What is 37+58?”) would then be filled in after. Thus the meta
prompt defines the “skeleton” of reasoning steps. The official characterization is:

Meta Prompt (Zhang et al., 2023): “An example-agnostic structured prompt designed to capture the
reasoning structure of a specific category of tasks. It provides a scaffold outlining the general
approach to a problem, enabling LLMs to fill in task-specific details as needed.” (meta-
prompting.github.io)

Key features of meta prompts are:
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Structure over Content. They minimize content specifics (no actual data examples), focusing on how to
approach the problem. Prompts often include generic steps or functions, e.g. for classification tasks
listing “Identify features, compare to categories, choose best fit”.
Template and Syntax Emphasis. They explicitly define the format, style, or sections of the output. For
instance, they might tell the model to always output the reasoning in bullet points, or to format a final
answer in LaTeX. The goal is consistency and clarity in the answer structure.
Effectively Zero-Shot. Because they avoid fixed examples, meta prompts resemble zero-shot
instructions. There are no example input-output pairs; instead the “few prompts” is just one meta-prompt
per task category. This avoids embedding any specific training knowledge into the prompt itself.

In practice, constructing a meta prompt often involves specifying two elements (as Bortsova describes): a clear
task directive (e.g. “write a detailed prompt that an LLM will understand”) and a well-defined style/format (e.g.
“in the style of an 8-second creative video description, with each scene described”). By emphasizing these,
one guides the model at a higher level of abstraction (blog.google).

Academic Perspective on Meta Prompting

Multiple sources highlight the novelty of meta prompting in the broader prompt-engineering ecosystem. For
example, a January 2026 blog by Comet notes that “in an academic context, meta prompting usually refers to
providing structural templates that guide how an LLM reasons through problems” (www.comet.com). This blog
emphasizes that, unlike few-shot prompts (which hand examples of what to say), meta-prompts supply a
reasoning framework. It cites research showing such prompts improve both token efficiency and task accuracy
(www.comet.com). An industry-focused article like Bortsova’s (via Google) similarly explains that meta prompts
let the model “produce richly detailed prompts” for downstream use (blog.google), effectively treating the
model as a prompt engineer.

Researchers formalize the idea using category theory: tasks belong to category T, structured prompts to P,
and meta prompting is a functor M: T → P that maps every task (or question type) to a prompt pattern (meta-
prompting.github.io) (www.emergentmind.com). By construction, this functor preserves composition: solving a
composite problem corresponds to sequentially applying meta-prompts for sub-tasks. This elegant formalism
ensures that prompts can be built modularly. Zhang et al. (2023) even extend the idea to a monadic structure
for Recursive Meta Prompting (RMP), which we discuss below (meta-prompting.github.io) (www.scribd.com).

In summary, meta prompting arises when we “zoom out” from single-shot prompt tuning to a higher-level
strategy: using LLMs to purposefully design or optimize prompts. It is sometimes described as prompting at the
“meta” level – managing the prompt rather than just answering the prompt. Others call it a step toward LLMs
taking over the iterative prompt-refinement process. As one analysis puts it, meta prompting “transforms the
LLM from a solitary predictor of the next token into a planner that can generate, execute, and refine its own
reasoning process” (createxflow.com). In practical terms, meta prompts enable automated prompt engineering,
where the loop of human design is partly replaced by machine reasoning.
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Meta Prompting Approaches
Meta prompting can be implemented in several ways. Broadly, we categorize methods as manual/structural,
automated via LLM reasoning (recursive/self-reflective), search-based optimization, and multi-agent
orchestration. Many systems combine elements of these. Below we detail each approach, discuss trade-offs,
and cite examples.

1. Manual Structured Templates
The simplest meta-prompting approach is still human-driven: craft a general-purpose template or scaffold for
reasoning. This is often done by experts or prompt engineers who have insight into the task category. For
instance, to classify documents, one might write:

“To categorize any article, follow these steps: (1) Identify the primary subject matter; (2) Determine
the category (Technology, Business, Health, etc.) that best matches the content based on this criteria;
(3) If the article spans multiple categories, choose the one covering the majority; (4) Provide your
category selection along with a brief justification.”

Such a prompt has numbered steps and conditions but contains no specific examples. It tells the LLM how to
think about categorization in general. This is meta prompting in the original sense: it’s a high-level framework
rather than a specific instance.

Advantages: Manual templates give the developer full control. They can incorporate domain expertise and
ensure important steps aren’t omitted. This approach is transparent (you see exactly what structure is
imposed) and works predictably for known problem types. It also requires no additional computation beyond
the LLM query.

Limitations: Crafting good templates is labor-intensive and requires expertise. Each template must be
manually designed, which doesn’t scale to many tasks. It also depends on the designer’s intuition about the
solution process, which might miss some subtlety or inefficiency. As Comet’s overview notes, one can only
write high-quality templates for tasks one fully understands (www.comet.com). Moreover, static templates may
not adapt well if the task distribution shifts, since they are hand-engineered.

Use Cases: This is often used in industry when prompt engineers build a prompt library for a specific
application or pipeline (e.g. customer support bots, medical QA, etc.). It resembles early prompt engineering
best practices where humans laid out reasoning steps. In meta-prompting terms, the practitioner is still the
prompt author; the model just executes it.

2. Recursive Meta Prompting (Self-Reflective)
A more automated and emergent approach is Recursive Meta Prompting (RMP). Here, an LLM is explicitly
asked to generate or refine prompts for itself. Concretely, one could give the LLM an initial task description
(e.g. “Solve this math problem”), and prepend an instruction such as: “Before answering, first write a detailed
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prompt that another LLM would use to solve this problem.” The LLM first outputs a rich prompt text (often
multiple steps or guidelines), and then that text is (internally or externally) fed as a prompt to solve the original
problem. In effect, the LLM creates its own instructions.

This two-step scheme automates prompt engineering:

1. Prompt Generation Stage: Instruct the model to produce a prompt template. E.g. “Generate a multi-
step reasoning prompt for solving problems about [topic].”

2. Task Execution Stage: Feed the generated prompt (perhaps filled with specifics) back into the model
(or another model) to obtain the final answer.

Zhang et al. (2023) formalize this as RMP, viewing the prompt-generation as a “transformation function” in a
recursive loop (www.scribd.com) (www.emergentmind.com). The LLM essentially acts as both architect and
executor. For instance, one might see a GPT-4 conversation like:

User: “Write a detailed prompt that another LLM can use to solve this specific math question: 12*14+7.”
GPT-4 (assistant): “Here's a prompt you can use: ‘Let’s think step by step. Multiply 12 by 14, then add
7, showing all your intermediate steps. Present the final answer clearly at the end.’”
(Then feed this generated prompt back to the LLM to get the actual computation steps and
result.)

Advantages: RMP removes much of the human burden. It “scales zero-shot prompt design to dozens of
tasks” without manual coding of each template (www.comet.com). It can adapt on the fly: if the initial prompt is
suboptimal, the human can iterate (tweak or ask the LLM to refine the prompt). RMP fits naturally with LLMs’
strengths: LLMs are good at creative language generation and can often guess what makes a strong prompt.
In practice, experiments have shown this approach works well when human-provided structured prompts are
unavailable.

Limitations: The quality of the final output heavily depends on the LLM’s own self-critique abilities. Without
ground-truth feedback, the model might generate a prompt that looks plausible but is incomplete or misleading
(“confident but potentially suboptimal” as Kinzer notes) (www.comet.com) (www.comet.com). There is also a
risk of circular reasoning: one LLM generates a prompt and the same or similar LLM solves it; errors in prompt
design might not be caught. Another issue is computational cost: RMP requires two (or more) model
inferences per query (one to make the prompt, one to use it), which can multiply token usage. For example,
Comet’s analysis acknowledges that without automated evaluation, RMP “just guesses at a higher level”
(www.comet.com). Finally, RMP is less deterministic: different runs might produce different prompts, leading to
variability in the solution.

Examples: Bortsova’s Gemini case is a form of RMP: Gemini (an LLM) was asked to output multiple video-
generation prompts at once (blog.google). Each of those prompts was then used by Veo to generate videos.
Another example is ChatGPT-based chains where one persona (“assistant”) solves a problem using a prompt
provided by another LLM (“assistant 2”). Prompt engineering frameworks are now experimenting with letting
GPT rewrite prompts for itself or for other AI tools. The formal framework by Zhang et al. demonstrates RMP
through “prechained” transformation functions (they define specific meta-prompts for decomposing tasks)
(www.emergentmind.com).
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3. Search-Based Automated Optimization
Rather than using an LLM’s free-form reasoning to write prompts, one can treat prompt design as an
optimization problem and use search or learning algorithms. Here, the idea is to generate many candidate
prompts, evaluate them on sample input-output cases, and iteratively improve them. This is akin to
hyperparameter tuning, but for the prompt text. Notable approaches include:

Automatic Prompt Engineer (APE) and related methods (Zhou et al., 2022). These generate a pool of
prompt variants, score each variant on a validation set, and then use the top performers to seed the next
generation of prompts (often by random edits or recombinations) (www.comet.com). Over many rounds,
the search may converge to highly effective prompts.

Learning from Contrastive Prompts (LCP) (Li et al., 2024): instead of only rewarding good prompts,
this method also learns from bad ones. Given a prompt that worked well and one that failed on the same
example, LCP uses the model itself to highlight differences. The LLM is asked: “Given that prompt A got
the answer right and prompt B got it wrong, which tokens in prompts are responsible for the outcome?”
The contrasts found are then used to craft a better prompt. This can accelerate learning because the
model gets hints on what not to include.

Advantages: Such systematic searches can find effective prompts that a human designer might never think
of. They can customize prompts to optimize specific performance metrics (accuracy, length, etc.) and
incorporate feedback loops. Some methods (like LCP) cleverly extract knowledge from the LLM’s own
judgments to improve the prompt. These methods can be applied off-line, using the LLM as an oracle to guide
the search.

Limitations: Search methods are computationally expensive, especially if each candidate prompt must be
evaluated by several LLM queries. As Comet points out, testing dozens of prompts on large models or big test
sets can be very costly (www.comet.com). There’s also a risk of overfitting to the sample tasks used in the
search (prompts become too tailored to the test cases and fail in real use). Finally, these techniques are more
complex to implement (requiring an outer optimization loop) compared to simply writing a prompt.

Examples: A number of open-source and academic toolkits automate prompt search. APE and LCP have
been evaluated on benchmark tasks, where their authors report gains over human-written or baseline prompts.
Their main impact is similar in spirit to meta prompting: they create better prompts, but by brute force rather
than introspection.

4. Orchestrated Multi-Agent and Multi-Component
The most complex meta-prompting systems involve orchestrating multiple models or components. This can
combine the ideas above with agent frameworks: one model (a “conductor”) manages subtasks, delegating
pieces to specialized agents, each working under its own meta-prompt (www.comet.com). In effect, the
“prompt” becomes a small program orchestrating multiple queries. For example, a conductor might break a
research question into data retrieval, analysis, and summarization subtasks, prompt specialist LLMs for each,
and then combine outputs.
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Advantages: This decomposes hard tasks into easier ones and leverages LLM modularity. It also automates
prompt design at multiple levels: the conductor’s prompt is itself a composed meta-prompt. Systems like
AutoGPT and BabyAGI (in the open-source agent sphere) implicitly use this idea: each step produces
instructions for the next.

Limitations: Highly complex and computational overhead multiplies. Coordination, validation of intermediate
steps, and error-handling become new challenges. As with search methods, one must guard against simply
expanding cost without learning.

Examples: One academic example is P3, “Prompts Promote Prompting” (Zhang et al., 2025), which jointly
optimizes system and user prompts rather than either alone (www.emergentmind.com). In general, any
scenario where one LLM designs prompts for multiple other LLM calls (or itself in different roles) is an
orchestrated meta-prompting system.

Summary of Approaches
The table below summarizes these approaches and their trade-offs:

Approach Description Advantages Limitations

Manual Structural
Templates

Human-authored generic reasoning
templates (no examples)

Highly controlled; leverages
expert knowledge

Not scalable; labor-intensive;
static (brittle to change)

Recursive Meta-
Prompting

Use LLM to write/refine its own
prompt (self-reflection)

Scales to new tasks; can
adaptively create complex
prompts (blog.google)

Depends on LLM’s own quality;
can be inconsistent; cost of extra
steps

Search-Based
Optimization

Algorithmic generation & selection of
prompts (e.g. gradient search, APE,
LCP)

Finds non-obvious prompts;
systematic improvement

Computationally expensive; risk
of overfitting prompts

Multi-Agent
Orchestration

Conductor model generates meta-
prompts for specialist LLM “agents”

Decomposes tasks; highly flexible Very complex; requires validation
layers; high latency

Table 1: Comparison of meta-prompting methods (summary of the approaches described above).

Theoretical Foundations of Meta Prompting
Meta prompting is not just a heuristic; it has a rigorous formal foundation. Zhang et al. (2023) explicitly connect
meta prompts to category theory and type theory (meta-prompting.github.io) (www.emergentmind.com).
While we need not master the mathematics here, the gist is insightful:

Categories of Tasks and Prompts: Imagine all problem types we care about as objects in a category
𝒯 (for example, “algebra problems”, “moral reasoning questions”, etc.). Similarly, consider the space of
all structured prompts as objects in another category 𝒫. Meta prompting is then a functor 𝑀: 𝒯 → 𝒫 that
assigns to each task type a corresponding prompt template (meta-prompting.github.io). The functorial
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property means compositions of sub-tasks map to compositions of sub-prompts. Intuitively, if a task can
be broken into subtasks f and then g, the meta-functor guarantees the meta-prompt for (g ∘ f) can be
decomposed into the structured prompts for f and g.

Examples vs. Structure: In category terms, few-shot prompting is like adding constant “objects”
(examples) to moves between tasks, which breaks functorial composition because it injects content. By
contrast, a functor 𝑀 that ignores specific examples and focuses on form preserves composition. Hence
meta prompts allow a more modular, compositional approach to solving complex tasks.

Recursive (Monad) Structure: Beyond a single mapping, Zhang et al. model Recursive Meta
Prompting as a monad on the category of tasks. A monad is a structure that, roughly speaking, allows
you to wrap and unwrap contexts in a consistent way. Here, it formalizes the idea of an LLM generating
prompts, getting output, then possibly generating new prompts based on that output. In the current
version of the paper, the monad laws make the accumulation of valid prompt edits independent of how
successive rounds are grouped (parenthesized); the authors state that this does not guarantee
convergence, semantic correctness or improved task accuracy (www.emergentmind.com)
(www.emergentmind.com). The guarantee is structural: it concerns how edits compose, not whether the
refined prompt is better.

Type Theory and Prompt “Logic”: Some works (e.g. Jung et al., 2022 on Maieutic Prompting) frame
prompts and answers in logical/unsupervised inference terms (aclanthology.org). They encode prompt-
guidance as a satisfiability problem among explanation trees. Likewise, some meta prompting
frameworks express prompt-design requirements as weighted logical constraints intended to keep the
LLM’s outputs coherent (www.emergentmind.com).

In practical summary, the theoretical insight is that meta prompts form a structured, compositional language
around tasks. By treating prompts as mathematical entities rather than arbitrary text, one can reason about
what kinds of prompt manipulations are valid and how prompts can be combined. Zhang et al. also argue that
example-free prompts reduce sensitivity to exemplar selection, while cautioning that this does not make cross-
model evaluation unbiased (meta-prompting.github.io). The monad formulation of RMP provides a principled
backbone for building prompt-refinement pipelines, rather than relying on ad-hoc loops. These foundations
won’t be needed for every application, but they give the idea a formal vocabulary; the theory concerns how
prompt edits compose, not whether they improve answers.

Empirical Results and Evidence
Meta prompting’s promise is reflected in empirical gains across benchmarks. We collate key results and data-
driven observations from various sources.

Reasoning Benchmarks
Zhang et al. (2023) evaluated meta prompting on three classic reasoning benchmarks: MATH (a dataset of
challenging math Olympiad problems) (www.scribd.com), GSM8K (grade-school math word problems), and
the puzzle Game of 24 (given four numbers, combine them with arithmetic to make 24). Table 2 below
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summarizes relevant accuracy/success rates from their paper (augmented with comparison baselines):

Model / Method Traini
ng

To
ols

Method MATH% GSM8K% Game of 24 Success

GPT-4 (Mar ’23,
CoT)

– No Chain-
of-
Thought

42.5%
(github.com)

– 49% (github.com) (best of 100 CoT)

Qwen-72B (base,
MP)

– No Meta-
Prompt

46.3%
(github.com)
(www.scribd.com
)

83.5% (github.com) 100% (github.com) (separate tool-
assisted batch experiment, not this
model; reported)

Qwen-72B (fine-
tuned)

Meta
MathQ
A

No CoT 41.7%
(github.com)

n/a (82.3% is
MetaMath-70B)
(github.com)

–

Llama-2-70B (base) – No CoT 13.5%
(github.com)

56.8% (github.com) –

Other Open Models – – – (inferior) (inferior) –

Google Gemini (MP
example)

– – M-
Prompt
(Veo)

– – videos (qualitative) (blog.google)

Table 2: Performance on reasoning benchmarks. Note that “MP” rows use a single meta prompt; all results are
zero-shot unless noted. The authors describe cross-model entries as contextual comparisons, not a controlled
leaderboard: prompts, training data, decoding and evaluators differ across reports. Sources: Zhang et al.
(2023) (github.com) (github.com) (www.scribd.com); Google Gemini case (DeepMind Blog) (blog.google).

Key takeaways:

MATH (Olympiad Math). A Qwen-72B base model with no fine-tuning but using a single meta prompt
scored 46.3% accuracy (github.com). This is higher than the 42.5% reported for the initial (March 2023)
GPT-4 release using chain-of-thought (github.com). The same table lists 41.7% for Qwen-72B fine-
tuned on MetaMathQA (github.com). The authors present these as proof-of-concept results and treat the
cross-model entries as contextual rather than controlled comparisons.

GSM8K (Word Math). On the GSM8K dataset, meta-prompted Qwen-72B achieved 83.5% accuracy
(github.com). This was the highest figure in the authors' comparison table, which does not include GPT-
4 on GSM8K (GPT-4's technical report lists 92.0%): for example, WizardMath-70B (a fine-tuned math
model) got 81.6%, and MetaMath-70B (another fine-tuned model) got 82.3% (github.com). Even a
smaller Qwen-14B with meta prompting scored 64.8% vs Llama-2-70B’s 56.8% (both zero-shot)
(github.com). Within that table, meta prompting narrowed the gap between base models and models
fine-tuned for math.

Game of 24 (Arithmetic Puzzle). This task has been studied with ToT methods: Yao et al. found plain
CoT with GPT-4 succeeded only 4% of the time, whereas Tree-of-Thought solved 74% (arxiv.gg). Zhang
et al. report that meta prompting can attain 100% success (github.com). In their setup an agent is given
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one meta prompt and writes a single Python program, which is then executed over the whole batch of
1,362 puzzles; the authors note the aggregate still requires exact re-verification and that this batched,
tool-assisted setting is not protocol-matched to per-puzzle CoT or ToT evaluation. In a separate study,
Suzgun and Kalai (2024) reported 67.0% for GPT-4 using their meta-prompting scaffold with a Python
interpreter, up from 3.0% with standard prompting (www.emergentmind.com). Tool use plus program
synthesis clearly changes what is achievable on this puzzle, but these figures are not a like-for-like
contest with tree-of-thought search.

These results are supported across multiple reports. Secondary summaries repeat the Qwen-72B MATH and
GSM8K figures (paperswithcode.com). As another source notes, meta prompting led to “state-of-the-art
results” on those benchmarks with large token-efficiency gains (meta-prompting.github.io). In short, the
published evidence is promising but early: the authors call the MATH and GSM8K figures proof-of-concept
results, and controlled within-model comparisons remain limited.

Token Efficiency and Cost
An often-cited advantage of meta prompting is economy of tokens. Zhang et al. explicitly state that by
focusing on abstract structure, a meta prompt “significantly reduces the number of tokens required” (meta-
prompting.github.io). Since few-shot or CoT prompts can be very lengthy (think of dozens of example Q&A
pairs), replacing them with a concise template saves input tokens. In token-limited APIs, this can both reduce
cost and avoid truncation of context.

Concretely, the Game of 24 case study gives a sense of scale: the single meta-prompted response that wrote
the solver used roughly 8k generated and 1k prompt tokens in total, amortized across the batch (github.com).
Compare that to a chain-of-thought approach on the same problem: they report about 6,700 generated tokens
per puzzle (github.com) (using best-of-100 sampling for 49% success). Zhang et al. list an amortized cost of
about $0.0003 per puzzle for the meta-prompting run (github.com). Best-of-100 chain-of-thought, by contrast,
is listed at about $0.47 per puzzle (github.com). The authors caution that the protocols are not directly
comparable: the meta-prompting figure spreads one program-writing response over all puzzles, while CoT
pays per puzzle, and the 100% aggregate still requires exact re-verification.

Other work highlights efficiency in simpler terms. For example, Comet’s overview emphasizes that once a
good meta prompt template exists, it can be reused across all instances of a task (even if inputs change
slightly), which multiplies savings (www.comet.com) (www.comet.com). Each time you avoid repeating many-
shot examples or lengthy scaffolding, you save tokens. This is especially critical in multi-turn or multi-agent
settings, where sending large prompts repeatedly is expensive.

In summary, meta prompts are both decoupled from specific content and reusable, conferring major token and
cost advantages (meta-prompting.github.io) (github.com). When every saved token is money, well-
engineered meta prompts can make LLM applications much more practical to run at scale.

Case Studies and Real-World Examples
To ground the discussion, we examine concrete instances where meta prompting has been applied.
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Google DeepMind Video Generation (Gemini + Veo)
A flagship case is described in a December 2025 Google Keyword post about Google DeepMind UX Engineer
Anna Bortsova (blog.google). The task: generate creative short videos using Google’s Veo 3 model. Instead of
writing Veo prompts by hand (which might be terse and lose nuance), Bortsova uses meta prompting. She
instructs Google’s Gemini chatbot: “Write a detailed prompt that an LLM will understand,” with specifics like “8-
second stop-motion animation of paper-engineered scenes, include constraints like 'foil paper'.” Gemini then
outputs a multi-page, richly detailed prompt for Veo. The process is:

Bortsova gives Gemini a high-level command about the video she wants.
Gemini returns a long, structured prompt (often 5–10 variants at once) specifying scene by scene details
(paper textures, motion, lighting, sound cues, etc.). This is a meta prompt for the next model.
These generated prompts are then fed into Veo (via Google Flow or the Gemini app), yielding high-
quality videos.

Bortsova emphasizes: “Gemini is the one actually writing the prompts.” (blog.google). She calls this strategy
“meta prompting” and notes that it lets her leverage Gemini’s creativity: it can crank out very specific,
imaginative seeds for video generation that she never would have written herself. The post adds that “the
resulting prompts can be incredibly long and specific — sometimes multiple pages — and result in
breathtaking output” (blog.google). This case highlights a few points: meta language, powerful generative LMs,
and creative tasks synergize. The second-stage model (Veo) benefits enormously from the extra detail, and
the workflow scales (the post describes Gemini drafting prompts for 5–10 scenes at a time).

This insider example from a large AI product team shows real-world viability. It corroborates the principle that
“prompt-writing can be automated with an LLM” and suggests applications beyond text reasoning – for any
generative AI pipeline. It also tacitly demonstrates an RMP loop: Gemini is effectively acting as a prompt
engineer for Veo.

GPT-4 Meta-Prompting with Execution
Suzgun and Kalai’s 2024 study, Meta-Prompting: Enhancing Language Models with Task-Agnostic Scaffolding
(with code and data on GitHub), provides another in-depth case. They experimented with GPT-4 on
computational puzzles (Game of 24, Checkmate-in-One chess puzzles, Python programming riddles).
Crucially, they integrated a Python interpreter tool. In their meta-prompting setup, GPT-4 generates specialized
prompts for subproblems and may even write Python code to solve them. They report that, averaged across
tasks, meta-prompting with a Python interpreter outperformed standard prompting by 17.1%, dynamic
expert prompting by 17.3% and multipersona prompting by 15.2% (github.com). Concretely, on Game of
24, GPT-4 with meta-prompting and Python reached 67.0%, versus 3.0% with standard prompting. On
combined tasks, their meta-prompting was markedly better than standard GPT-4 querying or a style called
“multipersona” prompting. Their abstract states: “meta-prompting . . . significantly improves overall accuracy
and robustness in GPT-4 across a variety of tasks.” (github.com).
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Published as an arXiv preprint with a public codebase, it illustrates meta prompting in action. Importantly, it
shows how meta prompting can orchestrate tool use: GPT-4 acts as the “conductor,” writing prompts and code
strings for itself. The trade-off is cost: the authors name the elevated cost of multiple GPT-4 calls (the
conductor plus its expert instances) as a primary limitation (github.com) (github.com). In sum, this is evidence
that meta prompts plus tool integration can raise accuracy on several tasks, at the price of more model calls
per problem.

Benchmarks and Others
Beyond these stories, several other results support meta prompting:

Math and Commonsense QA: As noted earlier, Zhang et al.’s experiments on MATH and GSM8K
show substantial leaps with meta prompts (paperswithcode.com). The authors present these as proof-
of-concept results rather than a controlled comparison with fine-tuned or proprietary models.
Chain vs Meta vs Others: On Game of 24, reported success rates for tool-assisted meta prompting are
far above chain-of-thought alone, although the evaluation protocols differ (arxiv.gg) (github.com).
Safety and Alignment: While real-world alignment examples are sparse, a related concept – using
clever prompting to bypass LLM safety – is well documented. For instance, one study demonstrated that
formulating malicious instructions as “adversarial poetry” fooled many LLMs (a kind of meta-style attack)
62% of the time (www.pcgamer.com). This is a cautionary note: if prompts can be generated, they can
be manipulated.
Industry Tools: Industry write-ups discuss meta prompting as part of next-generation toolchains, often
highlighting how meta prompts improve alignment (ensuring the prompt’s intent is well communicated)
and consistency (www.emergentmind.com).

In all these cases, the data show a consistent trend: delegating prompt creation to LLMs (under good
guidance) tends to improve the final task outcomes. The exact gains vary widely by task and evaluation
protocol.

Discussion and Implications
Meta prompting’s advent has far-reaching implications. In this section, we explore various angles – from
operational benefits to potential risks – and consider how this trend fits into the evolving AI landscape.

Efficiency and Democratization
One immediate effect is democratizing prompt design. Prior to this, good prompts were often a scarce
resource controlled by experts. Relying on an LLM to write prompts lowers the barrier: even non-experts can
leverage the model’s capability to craft effective instructions. This could accelerate AI adoption in industries
where in-house expertise was lacking. For example, marketing teams using Veo 3 no longer need a deep
understanding of video prompting; they can have Gemini help them with it (blog.google).
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From a resource standpoint, meta prompting can reduce the need for fine-tuning large models on each niche
task. If a base model plus meta prompting matches or beats fine-tuned models, as seen in MATH/GSM8K
(github.com) (github.com), organizations can save on training costs and data collection. The token-efficiency
translates to lower usage fees: meta prompts reusable across tasks means paying for querying one model
fewer times. Coupling meta prompts with proper evaluation metrics could automate prompt improvement
cycles, leading toward even more cost-effective LLM deployment.

Interpretability and Fairness
Meta prompts, by focusing on structure, can make reasoning more interpretable. A well-designed meta prompt
lays bare the steps the model should take (e.g. “list assumptions, then compute”). This explicit scaffolding can
help users inspect what the model is supposed to do at each stage. In contrast, very long example-based
prompts leave the model’s reasoning opaque. Furthermore, because meta prompts avoid domain-specific
examples, they can reduce certain biases. For instance, a chain-of-thought prompt that includes specific
names or entities could inadvertently steer the model’s language; a meta prompt is largely content-neutral,
offering an “even playing field” for the model’s generation (meta-prompting.github.io). Zhang et al. caution,
however, that example-free prompts reduce exemplar-selection effects without making cross-model evaluation
unbiased. (meta-prompting.github.io)

Limitations and Challenges
However, the very features that make meta prompting powerful also introduce challenges. One risk is over-
reliance on the model’s introspection. When an LLM generates its own prompt, we implicitly trust its
understanding of the task. As Comet notes, this can lead to “confident but suboptimal prompts” if the model’s
self-awareness is flawed (www.comet.com). Without ground truth feedback, a meta prompt might include faulty
logic (for example, instructing a model to solve a problem incorrectly). Testing and diagnosing such failures is
nontrivial, since the error now has two layers: we must check both the generated prompt and its output.

Another concern is security and misuse. If an LLM can iterate on prompt design, it could also learn to evade
safety measures. The adversarial poetry example (www.pcgamer.com), though not labeled as meta prompting,
illustrates the danger of letting models creatively rephrase malicious content. A scaled-up concern: a malicious
user could have a model generate increasingly “edgeless” prompts to hack the assistant. Meta prompting
might inadvertently automate the creation of jailbreak prompts, which would then be hard to filter. Ensuring
robustness (for example by having higher-level validators or external plausibility checks) becomes crucial in
meta-prompt pipelines.

On a related note, meta prompting may amplify model biases if not controlled. For instance, if a model’s
worldview has gender or cultural biases, a self-generated prompt might encode those biases in instructions
(e.g. preferring one demographic in examples, even implicitly). Developers must be cautious and include
fairness objectives in any automated prompt tuning.
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Broader Impacts: Toward Reflective AI?
The rise of meta prompting is sometimes framed as a step toward self-reflective AI. By enabling an LLM to
reason about its own process, we are injecting a rudimentary form of meta-cognition. Some experts speculate
that such loops could emerge as components of future “chain of thought” systems that continuously refine
themselves without human oversight (www.emergentmind.com) (www.emergentmind.com). If an LLM can
generate prompts, it might soon be able to generate loose planning steps or hypotheses to test internally –
blurring the line between static prompting and dynamic problem-solving.

This perspective sees meta prompting as part of a continuum from fixed RLHF models to fully “agentic” ones.
Already, multi-agent architectures (like Auto-GPT) implicitly use meta-level instructions (agents create tasks for
one another). Explicit meta prompting makes this more structured: agents could generate prompts for each
other systematically. Some have even proposed metalearning frameworks where an LLM improves its
prompting heuristics over time based on success rates (www.emergentmind.com). All this suggests that meta
prompting could be a building block for LLM-driven learning loops.

Future Directions
Looking ahead, several trends and research questions stand out:

Automatic Evaluation Metrics. A consistent theme is that meta prompting needs reliable evaluation.
Just as one tunes LLM outputs with ROUGE or BLEU, we will need ways to judge prompt quality. The
Comet article stresses that without metrics, optimization “is just guessing” (www.comet.com). Future
systems may integrate automated testing (e.g. running the generated prompts on a validation set) into
the loop.

Hybrid Approaches. Combining human insight with meta prompt automation could yield the best
results. For example, an expert could provide a rough template which the LLM then augments and
refines. This might mitigate completely bad self-generated prompts. Similarly, one could blend search-
based optimization with RMP: the LLM proposes prompts which are then fine-tuned by a search
algorithm on a small sample.

Meta Prompt Libraries and Sharing. Just as we share few-shot example libraries, we might build
repositories of meta prompt templates (e.g. “Meta Prompt for classification tasks, meta prompt for logical
proofs”). Over time, LLM platforms could allow users to pick and adapt shared meta-prompts for new
tasks.

Integration with Fine-tuning. One intriguing idea is to use meta prompting in model development. For
instance, during training, a model could periodically generate prompts for new tasks and effectively
“train itself” on those prompts. Alternatively, few-shot fine-tuning could incorporate meta prompts to
guide the samples presented.

Expansion to Multimodal and Interactive Tasks. The concept extends beyond text: an LLM could
generate visual instructions (e.g. drawing layouts) or code sketches for itself or other AI. In robotics, a
meta prompt might specify subgoals (“move arm to 3rd shelf, then grasp” in words). The Gemini+Veo
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example hints at this: meta prompting in an image/video pipeline. We expect to see more meta-assisted
workflows in domains like vision, audio, and interactive agents.

Theoretical Advances. On the academic side, more formal work can refine the category-theoretic
foundation, perhaps solving open problems about when meta prompts provably help. Understanding the
limitations (e.g. which classes of tasks benefit most) will guide design.

Ethical and Safety Guardrails. As mentioned, new safeguards are needed. Possibly, meta prompts
could include “safety checks” (a meta-prompt that also tells the LLM to verify its answer against certain
criteria). Alternatively, higher-level monitors could audit and veto self-generated prompts if they deviate
from policy.

Conclusion
Meta prompting – using LLMs to write or optimize their own prompts – is emerging as an exciting and powerful
technique in AI. Backed by a formal account of how prompts compose and by promising early empirical
results, it shifts some of the creative work from humans to machines. By emphasizing how to think, meta
prompts can improve performance on some tasks while using fewer prompt tokens. Major demonstrations (e.g.
Qwen-72B on MATH and GSM8K, Google Gemini drafting video prompts) underscore its real-world impact. Of
course, this increased autonomy comes with responsibility: we must carefully manage evaluation and
guardrails. But in the right hands, meta prompting promises to make AI more self-sufficient, efficient, and
ultimately more useful.

As one expert summary puts it, meta prompting could be the key to “AI systems thinking about how they
should be instructed” (intuitionlabs.ai). In other words, we are moving toward a future where LLMs not only
answer our queries but design the queries themselves. This meta-level intelligence is likely to be a significant
part of next-generation AI systems – and it’s already happening today.
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About IntuitionLabs
IntuitionLabs is an AI consulting, custom software development and data engineering firm serving
pharmaceutical, biotechnology, medical-device and other life-science organizations. We work with clinical,
regulatory, medical-affairs, commercial, quality and IT teams to connect technology decisions with the work
people need to accomplish.

AI consulting and adoption

Our AI enablement services cover readiness assessments, use-case selection, governance and policies, team
workshops, adoption measurement and ongoing advisory support. We help organizations structure the
information layer behind AI: source material, context, permissions and maintained knowledge that make
generated answers useful and reviewable. Private LLM inference and hosted AI options support teams
evaluating how to operate AI with appropriate control over their data and infrastructure.

Software, data and life-science workflows

IntuitionLabs develops custom software for pharma and biotech, integrates enterprise systems, and builds
data engineering and business intelligence solutions. Areas of focus include AI agents, regulatory research,
medical writing, medical affairs, CMC information, competitive intelligence and clinical-document workflows.
Our eTMF intelligence work includes cross-system reconciliation and inspection-readiness support.

Enterprise platforms and regulated delivery

We provide Veeva services, application support, managed services, integrations and custom applications,
alongside enterprise content work involving platforms such as Egnyte. For regulated workflows, our services
include GxP enablement, computer-system validation and software development addressing 21 CFR Part 11
requirements. The applicable controls, validation responsibilities and acceptance criteria are defined for each
engagement.

Work with IntuitionLabs

Explore AI enablement, pharma and biotech software development, data engineering and BI, and Veeva
services. Contact IntuitionLabs to discuss your workflow, information sources and implementation needs.

IntuitionLabs publishes educational research to help life-science teams make informed technology decisions.
Coverage of a product or organization does not imply a client relationship, endorsement or partnership.

Website: https://intuitionlabs.ai

This article is educational. Verify consequential medical, legal, financial, regulatory and technical decisions with appropriate professionals and the
cited primary sources. Company services are described separately from the article's research findings.
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