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A wide range of everyday programming tasks resist clean,
rule-based implementation: judging whether a review is
positive, telling if an image contains an apple, or extract-
ing a final answer from a chain-of-thought response with
messy formatting and edge cases. Developers increasingly
rely on large language model (LLM) APIs to handle such
“fuzzy” logic, but doing so is expensive, internet-dependent,
brittle to API changes, and prevents software from being
self-contained. We introduce Program-as-Weights, a new
programming paradigm that replaces symbolic code for
fuzzy functions with compiled neural programs that run
locally on a neural interpreter. A neural compiler trans-
lates high-level descriptions into compact neural programs
(a combination of discrete tokens and continuous vectors)
that, when interpreted by the neural interpreter, behave like
black-box functions: they can be imported, called, ver-
sioned, and shared just like ordinary code. This enables
local, lightweight, and reproducible execution without ex-
ternal LLM calls. We present initial prototypes on text and
image processing tasks, and argue that Program-as-Weights
opens the door to a new kind of software ecosystem—one
where developers build and exchange libraries of neural
functions alongside traditional code.

1. Introduction

Programming has historically been about writing explicit
rules. A function is defined by code, and the computer ex-
ecutes it deterministically. For many tasks, this paradigm
works beautifully: sorting numbers, processing structured
data, or computing matrix multiplications. Yet a large class
of real-world functions resist precise specification. Con-
sider counting the number of verbs in a sentence, decid-
ing whether an image contains an apple, or extracting a
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final numerical answer from a chain-of-thought response.
Even ostensibly “simple” tasks, such as writing a regular
expression to robustly parse text with many edge cases, of-
ten prove brittle or incomplete. Beyond underspecification,
real-world inputs are noisy: typos, idiosyncratic punctu-
ation, and format drift routinely break hand-written rules
and regexes. These are fuzzy functions (Rubio Manzano,
2012)—problems that humans find intuitive but that cannot
be fully captured by crisp symbolic rules.

Today, developers frequently outsource such fuzziness to
large language model (LLM) APIs. It is increasingly com-
mon to find codebases where a remote LLM is called (e.g.,
gpt( “extract answer”, text)) to implement functions that are
otherwise intractable to program. This approach is undeni-
ably convenient, but it comes with drawbacks. First, it is
costly: calling a 10-billion-parameter model for every eval-
uation of a small utility function is excessive. Second, it is
fragile: the function depends on internet connectivity and on
the availability and reliability of a third-party service. Third,
it undermines reproducibility: API providers may silently
update or retrain their models, so the same function call may
return different results over time (Kim et al., 2023). Finally,
it prevents software from being self-contained: a project
cannot be fully packaged or distributed if its correctness
depends on an external API.

In this work, we propose a new programming paradigm:
Program-as-Weights (PAW). The central idea is to replace
symbolic code for fuzzy functions with compiled neural pro-
grams that can be executed locally by a neural interpreter. A
neural compiler takes high-level specifications—natural lan-
guage descriptions, input-output examples, or constraints—
and produces neural programs. A neural program consists
of a combination of discrete program tokens and continuous
vectors, together encoding the logic required to implement
the fuzzy function. A neural interpreter, available locally, ex-
ecutes this neural program just like a user-defined function.
An overview of the paradigm is shown in Figure 1.

To realize this compiler-interpreter pipeline, we parameter-
ize both components with transformer-based LLMs. The
compiler is a large LLM trained to map specifications into
compact parameterizations, while the interpreter is a smaller
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Figure 1. Overview of the Program-as-Weights paradigm. A user specifies a fuzzy function (e.g., “extract the final answer”). The
compiler compiles this specification into a compact neural weight blob that serves as the program. A fixed interpreter then executes the
program locally as a callable function, enabling invocation through a simple Python API.

LLM that executes these parameterizations. In our imple-
mentation, programs are represented as discrete tokens and
prefix vectors prepended to the interpreter’s input, serving as
compiled “binaries” for fuzzy functions (Li & Liang, 2021).
These neural binaries can be saved, version-controlled, and
distributed alongside code, and the interpreter can load
and execute them deterministically. We construct training
datasets by synthesizing diverse specification-example pairs
using LLMs and by repurposing existing datasets for the
compiler-interpreter setting. We then train the full system
end-to-end so that compiled programs generalize to new
fuzzy functions beyond those seen during training.

We provide an initial prototype of this paradigm through
programasweights.com, where users can write a function
description, compile it into a neural program, and interac-
tively test it. We also release a lightweight Python package,
programasweights (pip install programasweights), that al-
lows developers to compile and call fuzzy functions in just
a few lines of code—running entirely locally, with no ex-
ternal model calls. In preliminary experiments on text and
image processing and transformation, we find that fuzzy
functions can indeed be realized as small weight blobs that
are reproducible, efficient, and easy to integrate into exist-
ing software. All code and models can be found at anony-
mous.4open.science/r/programasweights.

Our contributions are as follows:

* Paradigm: We introduce neural fuzzy programming,
where the program is defined not by strict rules but by
neural programs to be executed by a neural interpreter.

* Training: We introduce a multi-stage training method

to train the compiler-interpreter system.

* System: We implement a Python library, Program-As-
Weights, that exposes both compiler and interpreter as
practical tools.

* Demonstration: We provide experiments showing that
this approach captures functions difficult to specify
symbolically yet lightweight to run locally.

* Vision: We outline how this paradigm enables libraries
of fuzzy functions that can be compiled once and
reused widely, shifting how developers think about
programming tasks that resist exact specification.

2. Programs as Weights

Let f : X — Y denote a function whose behavior is more
naturally specified through natural language, examples, or
constraints, rather than symbolic code. Instead of repeatedly
invoking LLMs to approximate such behavior, we propose
neural programs: compact weight blobs that specialize a
fixed model to implement the fuzzy function f.

Formally, let S denote a user specification, expressed in
natural language and optionally accompanied by example
input-output pairs (x, y) that illustrate the desired behavior
of f. A neural Compiler maps the specification s to a
continuous vector p representing the compiled program:

Compiler:s —p.

A neural interpreter Interpreter executes the program
by applying these weights p to an input x € X to produce
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anoutputy € Y:

f(z) ~ Interpreter(Compiler(s),x).

This division mirrors the classical structure of programming,
where a compiler translates source code into a binary that is
executed by an interpreter or runtime. The key difference
in our framework is that the binary is a learned parameter
vector, and the interpreter is a neural network.

3. The Compiler-Interpreter System

We instantiate the Program-as-Weights paradigm with a
concrete compiler-interpreter architecture composed of two
transformer models: a neural compiler, which produces a
neural program, and a neural interpreter, which executes
it. Given a specification, the compiler generates a compact
program representation P, and the interpreter conditions on
p to realize the corresponding fuzzy function.

Neural Program For conceptual simplicity, we described
aneural program as a single continuous object p. In practice,
however, we represent it as a hybrid of a discrete and a
continuous component:

p= (pdiscrete; pcontinuous) .

The discrete component pgiscrere 1S @ variable-length se-
quence of tokens that acts as a lightweight “pseudo-
program,” while the continuous component peontinuous CON-
sists of a fixed number of continuous vectors that capture
behaviors that are difficult to express symbolically.

At execution time, both components are provided to the
interpreter as part of its context. Importantly, this mixed
representation is still a special case of a purely continu-
ous program. The discrete tokens are consumed by the
interpreter through its embedding and hidden layers, after
which they participate in attention in the same way as any
other continuous representation. From the interpreter’s per-
spective, the embedded discrete tokens and the continuous
vectors together form a single block of continuous activa-
tions. Thus, without loss of generality, a neural program can
be viewed as a unified continuous representation.

Neural Compiler Given a specification s, the compiler
produces a program p. The compiler is a transformer lan-
guage model that first autoregressively generates the discrete
pseudo-program pgiscretes terminating either at an end-of-
sequence token or a maximum generation length.

To generate the continuous component Peontinuous, W€ append
N learned “prefix tokens” to the end of the compiler’s input.
After a forward pass, the hidden states corresponding to
these prefix tokens are extracted and formatted as a key-
value (KV) prefix representation. To ensure compatibility

with the interpreter, we extract the KV cache from the com-
piler, and then use an MLP layer to project them to the same
size as the hidden size of the interpreter. This produces a
program representation that can be directly injected into the
interpreter’s attention mechanism.

Neural Interpreter The neural interpreter is a smaller
transformer that executes the compiled program. At infer-
ence time, the continuous component Peonginuous 1S injected
into the interpreter as KV prefix states, while the discrete
pseudo-program pgiscrete 1S prepended to the interpreter’s
input sequence. Together, these components condition the
interpreter throughout generation.

Given an input z, the interpreter autoregressively produces
an output

g = Interpreter(pcominuousv Ddiscrete s ZL’)

Because the interpreter remains frozen, new fuzzy functions
can be introduced simply by loading different programs
p. This allows neural “binaries” to be reused, shared, and
composed without retraining the interpreter itself.

Multimodal Inputs The compiler-interpreter framework
naturally extends to multimodal settings. The compiler
can accept image inputs via a frozen vision encoder (e.g.,
CLIP (Radford et al., 2021)), which converts an image into
a sequence of embeddings projected into the transformer
embedding space. These embeddings are treated identically
to text tokens, allowing text and image inputs to be freely
interleaved. This enables multimodal specifications for the
compiler and multimodal inputs for the interpreter. We leave
the generation of image outputs to future work.

4. Training

Training data consist of triplets (s, z, y), where s is a natural
language specification of a fuzzy function, x is an input to
that function, and y is the target output.

Objective We train the compiler and interpreter jointly to
maximize the likelihood of producing the correct function
behavior,

log P(y | s, ).

In practice, only the compiler parameters 6 are optimized,
while the interpreter (with parameters ¢) is kept frozen.
Given a specification s, the compiler samples a neural pro-
gram p, which conditions the interpreter to produce an out-
put distribution Py (y | p, ).

A central challenge is that we do not observe ground-truth
discrete pseudo-programs pgiscrete- Indeed, discovering effec-
tive pseudo-programs is part of the learning problem itself.
We therefore treat program generation as a latent decision
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process and optimize the compiler using policy gradient
(Sutton et al., 1999). The resulting objective can be written
as

_Eprg(plS) [1Og P@(p | S) Stopgrad(?“(p, .%‘))+T(p, l’)]7

where the reward

T(p,ﬂj) = —10gP¢(y ‘ b, .Z')

is the negative log-likelihood of the interpreter producing
the correct output. Here, ¢ denotes frozen interpreter pa-
rameters.

Directly optimizing this joint objective with online RL is un-
stable and inefficient: it requires interleaving rollout genera-
tion and optimization, which imposes conflicting constraints
on batch size, policy freshness, and hardware utilization. To
address this, we adopt a staged training strategy that pro-
gressively introduces complexity while maintaining stability
and efficiency.

Stage 1: RL training for discrete pseudo-programs In
the first stage, we remove the continuous component of
the program and train the compiler to generate effective
discrete pseudo-programs pgiscrete Only. Intuitively, this stage
teaches the compiler to act as a prompt engineer for the
interpreter (Zhou et al., 2023).

The objective reduces to a policy gradient loss over discrete
programs:

—E pcree~Po (-|5) [log Py(p | s) stopgrad(r(paiscrete, x))]

In practice, we subtract a baseline from the reward to re-
duce variance. The baseline is the average reward across
a group of rollouts sampled for the same (s, x) pair, fol-
lowing the Group Relative Policy Optimization (GRPO)
paradigm (Shao et al., 2024; Guo et al., 2025).

After this stage, the compiler produces discrete pseudo-
programs that meaningfully condition the interpreter. How-
ever, we find that discrete programs alone often provide
insufficient control when the interpreter is small, leading
to errors such as incorrect formatting. This motivates the
introduction of a continuous program component.

Stage 2: Supervised training for continuous programs
In the second stage, we train the compiler to generate the
continuous component Peontinuous, Which provides better con-
trol over the interpreter’s behavior. To avoid the inefficien-
cies of online RL, we proceed offline.

'While recent RL-based LLM training often uses exact-match
rewards, we found such signals to be extremely sparse for our
tasks. In contrast, log-likelihood-based rewards and negative edit
distance provide smoother and more informative learning signals,
and both work well in practice.

Specifically, for each specification s, we sample and store K
discrete pseudo-programs pgiscrete Produced by the Stage 1
compiler. Treating these discrete programs as fixed, we
optimize the continuous program generation via supervised
learning:

_Epdimele [7" (pcontinuousa Ddiscretes T )] .

Because the discrete component is held fixed, this objective
reduces to standard supervised fine-tuning (SFT) that max-
imizes the interpreter’s likelihood of producing the target
output y.

A potential issue is distributional drift: updating the com-
piler may cause it to no longer generate the same discrete
pseudo-programs used during offline training. To mitigate
this, we introduce a regularization term that encourages the
compiler to remain close to the original policy:

_]F‘pdiscrclc [T (pcontinuousvpdiscretea l) + A IOg PH (pdiscrete | S)] )

where A > 0 controls the strength of the regularization.

Stage 3: Joint RL and SFT refinement Despite regular-
ization, some mismatch between discrete and continuous
program generation may remain. We therefore perform
a final joint refinement stage using the original combined
objective:

—Eppy(pls) [l08 Po(p | 5) stopgrad(r(p, z))+r(p, z)].

At this point, both the compiler and the induced interpreter
behavior are well initialized, so only a small number of
additional gradient steps are required.

In practice, we follow standard large-scale RL training con-
ventions and use slightly stale policies (Zeng et al., 2025):
rollouts are generated in batches using a fixed compiler snap-
shot, treated as on-policy until exhausted, and then refreshed
using the latest compiler parameters. This approach strikes
a favorable balance between stability, efficiency, and final
performance.

S. System Design

A central contribution of Program-as-Weights is a practi-
cal and developer-friendly workflow. We design the sys-
tem so that fuzzy functions can be compiled once into self-
contained neural programs and subsequently executed any-
where on a fixed interpreter. This section describes how
developers create, test, and deploy PAW functions in prac-
tice.

5.1. Python API: Compile and Run

Developers interact with PAW through a simple two-step
workflow: compile, then call. Figure 2 shows a complete
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import programasweights as paw

# (1) Describe the fuzzy function
prompt = "Parse a string like \
"(A) ... (B) (C) ...' into \
a JSON dictionary that \
maps each option label to \
its corresponding option text."

(2) Compile to a neural program
= paw.compile (prompt=prompt)

#
f
f.dump ("parser.weights")

import programasweights as paw

# (3) Load the program blob

f = paw.function("parser.weights")
# (4) Call it like a function

s = "(A) cat (B) dog

(C) both (A) and (B)"

print (£ (s))

# _> {"A":"Cat","B":"dog"’ \

# "C":"both (A) and (B)"}

Listing 1. Compile a fuzzy function into a weight blob

Listing 2. Run the compiled program locally via the interpreter

Figure 2. Program-as-Weights developer interface. Left: The compiler translates a natural language specification into a compact
neural weight blob (the “neural program”). Right: The interpreter loads this program and exposes it as a callable function, enabling local,

deterministic execution without reliance on external LLM APIs.

minimal example. The developer begins by specifying a
fuzzy function in natural language. The compiler translates
this specification into a compact neural program, which is
serialized as a program blob. The neural interpreter then
loads this blob and exposes it as a standard Python callable.

This workflow requires no familiarity with machine learning
internals such as attention mechanisms, prefix vectors, or
neural representations. From the developer’s perspective,
neural programs behave like ordinary functions, except that
they can encode fuzzy or underspecified behavior that is
brittle or impractical to express using symbolic code.

Crucially, once compiled, a neural program executes lo-
cally without invoking any external LLM APIs. This design
ensures deterministic execution, reproducibility, and full
offline functionality at deployment time.

5.2. Web Compiler Interface

To further lower the barrier to adoption, we provide a hosted
web-based compiler interface at programasweights.com.
The web compiler allows users to:

1. Enter a program specification in natural language;
2. Test the resulting neural program on multiple inputs;
3. Inspect, refine, and validate its behavior;

4. Download the compiled program blob once satisfied.

Compilation is performed on GPU-backed servers, enabling
the use of more powerful compiler models than would typ-
ically be available on a user’s local machine. Once down-
loaded, the resulting program executes entirely offline on
the local interpreter. Alternatively, PAW supports optional
on-demand fetching: providing only a program identifier
automatically retrieves the corresponding program from the
server on first use.

This design cleanly separates development from deployment.

Developers iterate and debug programs in the cloud, while
end users deploy lightweight neural binaries as ordinary
code artifacts. Neural programs can be version-controlled,
stored in repositories, or shipped alongside software depen-
dencies. Because all programs execute on a single fixed
interpreter, introducing new fuzzy functions requires no
additional training or fine-tuning.

Local Runtime Requirements At deployment time, users
only need to install the PAW runtime and a single fixed neu-
ral interpreter model. In all experiments, we use a Qwen3-
0.6B interpreter, which occupies approximately 1.2 GB of
disk space in bfloat16 precision. This interpreter is shared
across all PAW programs and installed once.

Each compiled neural program is distributed as a self-
contained program blob, typically on the order of a few
megabytes (see Table 1 for size statistics). No compiler
model, training code, or GPU is required at runtime.

6. Experimental Setup

We evaluate Program-as-Weights (PAW) on two classes of
problems: text processing tasks and image processing tasks.
Together, these benchmarks test PAW’s ability to implement
fuzzy functions over both unimodal and multimodal inputs.

6.1. Text processing Tasks

To study fuzzy function implementation in the text domain,
we construct a benchmark suite that we call FuzzyBench.
FuzzyBench is designed to evaluate cross-task generaliza-
tion: the model must translate previously unseen natural lan-
guage specifications into executable fuzzy functions, rather
than overfitting to a fixed task.

The dataset is constructed via prompting a large language
model (gpt-5-mini) in two stages:
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1. We first prompt the model to generate natural language
specifications of fuzzy functions.

2. Given each specification, we then prompt the model to
generate multiple input-output pairs that instantiate the
specified behavior.

Using this procedure, we generate 81,920 non-duplicate
specifications. For each specification, we sample 8 input-
output examples, yielding 655,360 total examples. After
filtering 3,060 ill-formed cases, the final dataset contains
652,300 examples. Specifications are split into 80% training,
10% validation, and 10% test sets, ensuring that specifica-
tions in the test set are never observed during training.

The exact prompts used for dataset construction are provided
in Section B. As an example:

* Specification: Extract the final answer from a reason-
ing trace.

e Input: Final answer \boxed{2}.

e Qutput: 2.

In addition to FuzzyBench, we evaluate PAW on
four standard text classification datasets following AL-
CHEmist (Huang et al., 2024). We use the four datasets
drawn from the WRENCH benchmark (Zhang et al., 2021):
YouTube, SMS, Yelp, and IMDb.

6.2. Image processing Tasks

We also evaluate PAW on image processing tasks, where
fuzzy functions are conditioned on visual inputs. We formu-
late these problems as image-conditioned question answer-
ing: the compiler receives an image as part of the specifica-
tion, and the interpreter answers queries about the image.

As a motivating example, one may view a scanned research
document as being compiled into a fuzzy function that sup-
ports question answering over its contents. More broadly,
this setup evaluates whether PAW can translate multimodal
specifications into executable neural programs.

We evaluate on a range of OCR and visual reasoning bench-
marks, including Im2LaTeX (formula image to ISIEX con-
version) (Deng et al., 2017), Im2Smiles (molecule image to
SMILES conversion) (Deng et al., 2023), and visual ques-
tion answering tasks over chemical structures, electronic
circuits, and musical scores from the CoSyn-400k bench-
mark (Yang et al., 2025b; Deitke et al., 2024).

6.3. Models and Baselines

Text processing For text processing experiments, we use
Qwen3-4B (Yang et al., 2025a) as the compiler and Qwen3-
0.6B as the interpreter.

As baselines, we compare against:

* Prompting gpt-5-mini directly, which serves as an ap-
proximate upper bound on FuzzyBench performance,
since the same model is used for data generation;

* Prompting open-weight local LLMs, including Qwen3-
0.6B, Qwen3-1.7B, Qwen3-4B, Qwen3-8B, and
OLMo3-7B (Olmo et al., 2025);

e The program synthesis baseline introduced in AL-
CHEmist (Huang et al., 2024), which first prompts
an LLM to generate a Python program and then ex-
ecutes it using a Python interpreter. We report both
numbers from the original paper and our reproduced
results.

Image processing For image tasks, we use Qwen3-VL-4B
as the compiler and the same Qwen3-0.6B interpreter as in
text experiments. Baselines include prompting open-weight
vision-language models AndesVL-0.6B (AndesVL Team,
2025), Qwen3-VL-2B, and Qwen3-VL-4B.

6.4. Implementation Details

For text processing tasks, we initialize the compiler with
prompts that encourage it to generate structured pseudo-
programs.?> Full prompts are provided in Section C. We
constrain the pseudo-programs to be at most 256 tokens,
and we use 64 prefix tokens to extract the continuous KV
cache unless otherwise stated.

During training, we cap the total sequence length at 950
tokens for both the compiler and interpreter. In Stage 1
training, we used fresh on-policy rollouts with a batch size
of 1 and 32 rollouts per example. We use a learning rate
of 1 x 10~ and full FP32 precision for stability. Due to
memory constraints, Stage 1 training is performed on a
single NVIDIA B300 GPU.

In Stage 2, we use a regularization strength of 0.1, a batch
size of 24, gradient accumulation of 2, bfloat16 precision,
and a learning rate of 2 x 107°. In Stage 3, we generate
rollouts using vLLM for 1,024 examples with 8 rollouts
per example, and train with a batch size of 2 x 8, gradient
accumulation of 16, and a learning rate of 5 x 10~7.

For image processing tasks, we use prompts in Section D.
The discrete pseudo-program length is capped at 256. We
set the maximum sequence length to 4,096 tokens for the
compiler and 1,040 tokens for the interpreter.

In Stage 1, we perform RL training on 8 NVIDIA H200s
with a batch size of 32 and a learning rate of 1 x 107°. In
Stage 2, we apply LoRA fine-tuning with rank » = 32. We

’In preliminary experiments, we observed that the compiler
naturally learns to emit paraphrased specifications followed by as
many input-output examples as allowed by the generation budget.
‘We incorporate this inductive bias into the initial prompts, which
substantially accelerates RL training.
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Table 1. Results on text processing tasks. Contained indicates whether the program is self-contained and executable without internet
access. PS denotes program size. ': numbers taken from Huang et al. (2024). *: 0 due to zero recall. For the LLM—Code baseline, the
reported 29 MB corresponds to the size of the Python 3.14.2 package (pyt, 2025).

. . FuzzyBench YouTube SMS Yelp IMDB
Contained Interp. Size
Model Acc PS Acc PS F1 PS Acc PS Acc PS
GPT-5-mini (API) X - 57.45% 0.73 KB 93.60% 095KB 91.03% 1.03KB 98.13% 1.69 KB 94.96% 2.25KB
Local LLM (Qwen3 0.6b) v 0.6b 17.26% 0.73 KB 52.80% 0.95KB 0.00%* 1.03KB 89.55% 1.69 KB 66.88% 2.25KB
Local LLM (Qwen3 1.7b) v 1.7b 28.88% 0.73 KB 88.40% 095KB 71.43% 1.03KB 84.39% 1.69KB 59.12% 2.25KB
Local LLM (Qwen3 4b) v 4b 43.46% 0.73KB 90.80% 0.95KB 92.54% 1.03KB 97.53% 1.69KB 93.76% 2.25KB
Local LLM (Qwen3 8b) v 8b 4438% 0.73KB 94.40% 0.95KB 91.55% 1.03KB 97.95% 1.69KB 94.52% 2.25KB
Local LLM (Olmo3 7b) v Tb 37.710% 0.73 KB 90.00% 0.95KB 90.14% 1.03KB 97.66% 1.69 KB 93.28% 2.25KB
LLM—Code (Huang et al., 2024) v 29 MB - - 89.1%" - 90.0%" - 57.5%" - 66.2%" -
LLM—Code (Reimplementation) v 29 MB 35.81% 0.08 KB 70.46% 0.09KB 86.41% 0.06 KB 50.35% 0.05KB 73.92% 0.08 KB
PAW v 0.6b 44.21% 7.17MB 9520% 7.17MB 96.35% 7.17MB 97.34% 7.17MB 94.08% 7.17 MB
Table 2. Results on image processing tasks.
. . Chemical Circuit Music Im2Smiles Im2LaTeX
Contained Interp. Size

Model Acc PS Acc PS F1 PS Acc PS Acc PS
Local LLM (AndesVL 0.6b) v 0.6b 1827% 1.14MB 21.41% 125MB 44.80% 221 MB 0.00% 0.19 MB 43.47% 0.06 MB
Local LLM (Qwen3-VL-2b-Instruct) v 2b 25.77% 1.14MB 18.64% 125MB 4697% 221 MB 1.60% 0.19 MB 40.76% 0.06 MB
Local LLM (Qwen3-VL-4b-Instruct) v 4b 22.05% 1.14MB 19.61% 125MB 45.03% 221 MB 4.40% 0.19 MB 39.86% 0.06 MB
PAW v 0.6b 36.53% 7.17MB 24.10% 7.17 MB 52.46% 7.17MB 17.50% 7.17 MB 39.06% 7.17 MB

use a learning rate of 1 x 10, a regularization strength of
0.1, and a batch size of 48. This stage is conducted on 4
NVIDIA H100 GPUs. Unlike the text processing pipeline,
we do not perform Stage 3 joint training for image tasks.

7. Results and Analysis
7.1. Main Results

Table 1 shows the text processing results. Despite using the
same interpreter as the Local LLM baseline (Qwen3-0.6B),
PAW substantially improves performance by introducing a
compiler. In effect, PAW transforms a small, fixed-capacity
interpreter into a task-adaptive model through compilation.

Notably, PAW achieves performance comparable to directly
prompting a local LLM with 8B parameters, while relying
on an interpreter with only 0.6B parameters. This shows the
effectiveness of compiling task-specific structure into neural
programs rather than scaling the execution model itself.

PAW also significantly outperforms the program synthesis
baseline that first generates Python code and then executes
it. This gap reflects a fundamental limitation of symbolic
programs for fuzzy tasks: hand-generated code struggles
to capture linguistic variability, implicit conventions, and
noisy real-world inputs. For example, on the Yelp dataset,
synthesized Python functions achieve only 57.5% accuracy—
barely above chance—while all neural approaches handle
the task reliably. In practice, even minor idiosyncrasies such
as hyphenation or plus-sign variants can cause heuristic
rules to either overmatch or miss entirely.

There is, however, no free lunch. PAW programs are sub-
stantially larger than traditional Python scripts: the average
neural program is 7.17 MB, compared to 0.05-0.09 KB for
Python code. This difference reflects where complexity is
stored. Fuzzy functions inherently require knowledge of
world regularities, linguistic variation, formatting noise, and
numerous exception cases, details that are tedious for hu-
mans to enumerate. Neural programs succeed because they
encode far more information than typical handwritten code.
PAW does not make fuzzy functionality simple; rather, it
automates, compresses, and externalizes this complexity,
shifting the burden from developers to the compiler.

Table 2 summarizes results on image processing. Consistent
with the text domain, PAW substantially improves the perfor-
mance of comparably sized local models, further validating
the effectiveness of using a neural compiler to adapt a fixed,
lightweight interpreter to complex multimodal tasks.

7.2. Ablation Studies

Contribution of each training stage Table 3 reports val-
idation accuracy on FuzzyBench after each training stage.
The initial prompting-based system achieves only 9.67% ac-
curacy. This is worse than directly prompting the interpreter,
likely due to error compounding from first prompting the
compiler and then using its output to prompt the interpreter.

After Stage 1 RL training, the compiler learns to gener-
ate more effective discrete pseudo-programs, improving
accuracy to 19.53%. Empirically, we observe that regard-
less of initialization, the compiler converges to emitting a
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Table 3. Validation accuracy after each training stage.

Stage Accuracy
No Training 9.67%
Stage 1 (RL) 19.53%
Stage 2 (SFT) 42.07%
Stage 3 (Joint RL4+SFT)  45.68%

Table 4. Effect of program representations.

Variant Accuracy
Discrete Only (RL trained) 19.53%
Continuous Only (SFT trained)  22.73%
Full Model 45.68%

paraphrased specification followed by as many input-output
examples as permitted by the token budget.

Stage 2 yields the largest improvement: after supervised
training of the continuous program component, accuracy
increases to 42.07%. This indicates that continuous program
representations provide substantially finer control over the
interpreter than discrete prompts alone. Finally, Stage 3
joint training further improves accuracy to 45.68%.

Discrete vs. continuous programs Table 4 compares dif-
ferent program representations. Using a hybrid of discrete
and continuous components outperforms using either com-
ponent alone.

Effect of discrete program length During Stage 1 train-
ing, we observe that the compiler consistently exhausts the
available discrete token budget. This raises the question
of whether the discrete program length limits performance.
Table 5 varies the maximum number of tokens allowed in
the discrete pseudo-program. Performance improves as the
discrete program length increases. However, scaling beyond
256 tokens leads to out-of-memory (OOM) errors in our
current setup, preventing further exploration.

Effect of continuous program length Table 6 evaluates
the impact of the number of continuous prefix tokens used to
construct the KV cache. Increasing the continuous program
length yields modest gains up to 64 tokens, after which
improvements plateau while program size continues to grow.

Effect of compiler size Table 7 shows that larger compil-
ers lead to better performance. While this suggests favorable
scaling behavior, we limit experiments to compilers up to
4B due to resource constraints. Exploring compiler scaling
laws remains an important direction for future work.

Table 5. Effect of discrete pseudo-program length.

Max Discrete Program Length ~ Accuracy

64 26.78%
128 36.45%
256 45.68%

Table 6. Effect of continuous program length (# prefix tokens).

# Prefix Tokens  Accuracy PS

16 38.21% 1.79 MB
32 38.26% 3.59 MB
64 45.68%  7.17 MB
128 46.00% 14.34 MB

Table 7. Effect of compiler model size.

Compiler Size  Accuracy
0.6B 16.99%
1.7B 29.00%
4B 45.68%

8. Conclusion

We introduced Program-as-Weights, a programming
paradigm in which neural weights function as modular,
callable programs for implementing fuzzy functions. By
decoupling a powerful neural compiler from a lightweight,
fixed neural interpreter, PAW allows developers to express
intent at a high level while executing the resulting function-
ality locally, efficiently, and reproducibly. Our experiments
demonstrate that these neural binaries can implement behav-
iors that are difficult to encode symbolically, while avoiding
dependence on remote LLM APIs.

More broadly, Program-as-Weights points toward a software
ecosystem in which neural binaries implementing fuzzy
logic can be versioned and shared much like conventional
libraries, enabling symbolic and neural programming to
coevolve rather than compete. By shifting complexity into
compilation while keeping inference local and lightweight,
PAW offers a concrete realization of the long-anticipated
“small LM future” (Belcak et al., 2025). We believe this
paradigm invites a rethinking of what it means to write and
deploy software in the age of intelligent computation.
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Impact Statement

Program-as-Weights aims to simplify the deployment and
maintenance of machine learning-enabled software by re-
ducing dependence on internet connectivity and third-party
services, and by enabling reproducible, version-controlled
distribution of self-contained neural programs. By separat-
ing development from execution, the approach may lower
operational barriers for deploying learned systems in con-
strained or offline environments.

As with other methods that reduce the cost of using learned
models, Program-as-Weights may also broaden access to
machine learning—based functionality and facilitate its in-
tegration into a wider range of applications. We do not
anticipate risks or societal impacts unique to this paradigm
beyond those commonly associated with increased accessi-
bility of machine learning technologies, such as potential
misuse or over-reliance on automated systems. These con-
siderations are not specific to Program-as-Weights and are
best addressed through established practices in responsible
model development, evaluation, and deployment.
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Program Specification

Describe what your program should do. It can accept text or images as input and will produce text output.

New Program Load Existing

5] Extract all email addresses from text and return them as a JSON list

> Input/Output Examples

go; Compile Program € Models >

Figure 3. Step 1: Compile a program from natural language. The user specifies a fuzzy function in natural language (e.g., “Extract all
email addresses from text and return them as a JSON list.”’). Image inputs are also supported.

Try Your Program <>Raw & New Test

See how your program handles different inputs. Results appear instantly.

v Test1 7
HpuL # Advanced =~ Output JSON
Hi team, [

"alice.w.cur@example.com",
"bob-sales@shop.co.uk",

Please contact the following people for
assistance:

- Alice Walker: alice.walker@example.com "support@company.org",

- Bob (sales): bob-sales@shop.co.uk “john.doe+personalegmail.com”,
— Customer support: support@company.org "lead_dev@sub.domain. io"

For personal queries reach me at ]

john.doe+personal@gmail.com. You can also CC ]

our lead: lead_dev@sub.domain.io. Thanks!

A Show less

A~ Show less

+ Add Test Case

Figure 4. Step 2: Interactively test the compiled program. Users can provide test inputs and inspect the corresponding outputs, enabling
rapid validation and refinement before download.
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Program Ready!
Your neural program is compiled. Add it to your Python code:

1. Install ProgramAsWeights

pip install programasweights [© Copy

2. Use Your Program

Runs 100% locally—no API calls or internet needed (after initial model download)

import programasweights as paw [© Copy Code

# Load your compiled neural program
fn = paw.function("d8837e679e5a")

# Use it like any Python function
output = fn("Hi team,\n\nPlease contact the following people for assistance:\n- Alice Walker: alic]
print(output)

# Expected output:
# "[[\"alice.w.cur@example.com\",\"bob-sales@shop.co.uk\",\"support@company.org\",\"john.doe+perso

Figure 5. Step 3: Execute the program locally via Python. Once compiled, the program can be loaded and invoked through a simple
Python API. After the initial model download, execution requires no internet access or external APIs.

A. Web Interface for PAW Compilation

To support rapid experimentation with fuzzy neural functions, we provide a web-based compilation interface at progra-
masweights.com. The interface allows users to compile, test, and export neural programs without installing local software or
managing GPU resources.

Figure 3 illustrates the first step of the workflow, in which users specify a fuzzy function in natural language. The interface
accepts both text and image inputs and optionally allows users to provide example input-output pairs to further constrain the
intended behavior.

After compilation, users can interactively evaluate the neural program by supplying inputs and inspecting the corresponding
outputs, as shown in Figure 4. This immediate feedback loop enables iterative refinement and validation of the compiled
program.

Once the program behavior is satisfactory, it can be exported either as a serialized . paw program file or as a program
identifier, which can be loaded through the PAW Python API, as illustrated in Figure 5. After downloading the interpreter
once, all subsequent execution occurs locally, making the resulting programs suitable for offline deployment.

Overall, the web interface complements the command-line and Python APIs, providing an accessible pathway for onboarding,
debugging, and iterating on neural fuzzy programs.

B. FuzzyBench Construction

To construct FuzzyBench, we first prompt gpt-5-mini to generate natural language specifications of fuzzy functions. The
prompts used for specification generation are shown in Figures 6 to 8. We generate 50% of specifications without examples
and the remaining 50% with examples included in the prompt. Each prompting produces 8 specifications, and repeated
prompting yields a total of 81,920 non-duplicate specifications.

The prompt template includes a categorical variable that encourages coverage across diverse task types. The major categories
include: Core Text Processing; Academic & Bibliography Management; Natural Language Inference & Reasoning;
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Program-as-Weights (PAW)

You are generating high—quality function specifications for fuzzy tasks suitable for a 'programs-as-weights'
paradigm. Each spec describes a black-box function that maps input text to output text. Return only JSON as
requested by the user prompt. Keep specs concise and testable.

Figure 6. System prompt for generation specifications.

Produce STRICT JSON with the schema: {"specs": [{"spec": string, "category": string, "difficulty": string}]}.
Generate {{num}} diverse specs for the category: {{category}}.
Guidelines:

— Favor tasks often implemented with complicated regex, text parsing, or format conversions.

- Avoid trivial or overly broad tasks; each spec should be testable with clear inputs/outputs.
— Keep each spec concise (1-2 sentences).

- category must be "{{category}}" for all specs.

— difficulty in {easy, medium, hard}.

Return ONLY JSON.

Figure 7. User prompt for generation specifications.

Produce STRICT JSON with the schema: {"specs": [{"spec": string, "category": string, "difficulty": string}]}.
Generate {{num}} diverse specs for the category: {{category}}.
Guidelines:

— Favor tasks often implemented with complicated regex, text parsing, or format conversions.

- Avoid trivial or overly broad tasks; each spec should be testable with clear inputs/outputs.
— Keep each spec concise (a few sentences) but include a few concrete input/output examples.

— Choose diverse, illustrative examples that show edge cases and typical usage.

— category must be "{{category}}" for all specs.

— difficulty in {easy, medium, hard}.

Return ONLY JSON.

Figure 8. User prompt for generation specifications with examples.

You are a meticulous data synthesizer. Given a function spec, you must generate diverse input/output pairs.
Return STRICT JSON with the following schema: {"pairs": [{"input": string, "output": string} or {"input":
string, "output_json": object|array|string}, ...]1}.

{{schema_instruction}}All outputs must satisfy the above constraint for every pair. Return ONLY JSON.

Figure 9. System prompt for generating input/output examples given the specification of a fuzzy function.

Traditional NLP Tasks; Fuzzy Classification; Reasoning and Answer Extraction; Robustness to Variations (Fuzzy Matching);
Content Understanding; Content Safety & Quality; Format Validation & Compliance; LLM Evaluation and Comparison;
Bias and Opinion Analysis; HTML and Web Content Processing; Linguistic Analysis; PII & Privacy; Business Logic
& Constraints; and Integration with Existing Code. Each major category is further divided into multiple sub-categories,
resulting in a total of 174 sub-categories.

After generating fuzzy function specifications, we construct input-output examples using the prompts shown in Figures 9
and 10. Each prompting generates 8 input-output pairs, resulting in 655,360 total examples. After filtering out invalid or
ill-formed outputs, the final dataset contains 652,300 input-output pairs.

Specifications are split into 80% training, 10% validation, and 10% test sets. All input-output examples associated with a
given specification are assigned to the same split, ensuring that test specifications are never observed during training.

C. Text Processing Prompts

Figure 11 shows the initial prompt used to condition the compiler to generate discrete pseudo-programs. As discussed in the
main paper, we observe that after Stage 1 RL training, the compiler consistently converges to a characteristic pseudo-program
structure: it first produces a description of the task, and then uses the remaining token budget to output input-output examples.
To accelerate this learning process, we explicitly encode this inductive bias in the initial compiler prompt, encouraging the
desired structure from the outset. In practice, this substantially improves the efficiency of Stage 1 RL training.

For the interpreter, we initially provide an instruction prompt shown in Figure 12. This prompt specifies how the interpreter
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Generate input/output examples for this function.

Spec: {{spec}}
Number of pairs: {{n}}

Rules:

— Produce exactly the requested number of pairs when feasible.
— Inputs should be varied and realistic.

— Outputs must be consistent with the spec.

— Return ONLY JSON, no commentary.

Figure 10. User prompt for generating input/output examples given the specification of a fuzzy function.

You are PAW-Compiler. Your Jjob is to write a PSEUDO-PROGRAM that helps a smaller model solve a task.
CRITICAL: The interpreter will NOT see the original SPEC. Your pseudo-program is the ONLY instruction it gets.

Your pseudo-program should contain:
1. A clear, concise description of the task (what to do, edge cases, output format)
2. 3-6 example input/output pairs that demonstrate the task

Format (MUST follow exactly):
[PSEUDO_PROGRAM]
Task: <one paragraph describing what to do, including edge cases and output format>

Examples:
Input: <example input 1>
Output: <example output 1>

Input: <example input 2>
Output: <example output 2>

(more examples as needed)
[END_PSEUDO_PROGRAM]

Rules:

— The task description must be self-contained and encode ALL requirements from SPEC.

— Examples should cover typical cases AND edge cases mentioned in SPEC.

— Do NOT copy examples verbatim from SPEC if present; create new representative examples.
— Keep total length under 250 tokens.

— Always include the closing marker [END_PSEUDO_PROGRAM] .

Now write a pseudo-program for this specification:
[SPEC]

{spec}

[END_SPEC]

Figure 11. Initial prompt for compiler.

should condition on the pseudo-program and the input to produce the desired output.

During Stage 2 training, we switch to simplified prompts for both the compiler and interpreter, shown in Figure 13 and
Figure 14, respectively. In these prompts, most explicit instructions are removed. This change is motivated by two
considerations. First, the regularization term used during Stage 2 training encourages the compiler to preserve previously
learned behavior even under reduced prompting. Second, shortening the prompt context reduces sequence length, leading to
lower GPU memory usage and improved training efficiency. Empirically, we find that this simplification does not degrade
performance while enabling more scalable training.

D. Image Processing Prompts

Figure 15 shows the initial compiler prompt used for Stage 1 training in the image processing setting. This prompt closely
mirrors the text-based version, with the key difference that image tokens are prepended to the beginning of the specification.
Figure 16 shows the corresponding interpreter prompt used during Stage 1 training.

Unlike the text processing pipeline, we use the same compiler and interpreter prompts for Stage 2 and subsequent training
stages in the image-based setting.
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Task:
— Use the PSEUDO_PROGRAM internally to determine the correct output for the INPUT.
— Output ONLY the final answer text. No reasoning. No labels. No extra words. No code fences.

[PSEUDO_PROGRAM]
{pseudo_program.strip() }
[END_PSEUDO_PROGRAM]

[INPUT]
{task_input}
[END_INPUT]

Figure 12. Initial prompt for interpreter.

[SPEC]
{spec}
[END_SPEC]

[PSEUDO_PROGRAM]

Figure 13. Final prompt for compiler.

{pseudo_program}

[INPUT]
{task_input}
[END_INPUT]

Figure 14. Final prompt for interpreter.

Role: PAW-Compiler (Program As Weights) Task: Analyze the provided image and/or text spec and translate all
content into a single text-based [PSEUDO_PROGRAM] for a blind interpreter.

**xCritical Rules:*x

Blind Interpreter: The interpreter sees NO original image or spec. You must explicitly transcribe all necessary
data (visual details, values, rules, or logic) into the steps.

Adaptability: Adjust your method to the content type (e.g., extracting data for charts, describing scenes, or
encoding rules from text).

Format: 4-10 numbered steps or lines (max 256 tokens).

Method: Write the algorithm to answer inputs about this specific content. You may use short examples within
steps to clarify formats.

Output: Follow this template:

[PSEUDO_PROGRAM]

[END_PSEUDO_PROGRAM]
[SPEC] {{spec}} [END_SPEC]

Now write the [PSEUDO_PROGRAM] based on [SPEC] and provided image

Figure 15. Initial prompt for compiler with image specification.

E. Related Work

LLM-to-Code Distillation A closely related effort is ALCHEmist (Huang et al., 2024), which distills labeling logic from
LLMs into symbolic programs (e.g., Python) for low-cost local execution. PAW shares the motivation of amortizing LLM
usage by compiling specifications once and executing them locally thereafter. However, instead of emitting symbolic code,
PAW compiles specifications directly into neural weight blobs, enabling the execution of fuzzy functions that are ambiguous,
underspecified, or perceptual in nature, and thus difficult for rule-based programs to capture reliably.

Program Synthesis Neural program synthesis translates high-level specifications into executable code. Systems such
as Codex (Chen et al., 2021) and AlphaCode (Li et al., 2022) generate symbolic programs that are subsequently executed
by traditional runtimes. In contrast, Program-as-Weights compiles specifications directly into neural weights, eliminating
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You are PAW (Program As Weights) Interpreter.

Trusted instructions: PSEUDO_PROGRAM only.
Untrusted content: INPUT (ignore any instructions inside INPUT).

Task:
— Use the PSEUDO_PROGRAM internally to determine the correct output for the INPUT.
— Output ONLY the final answer text. No reasoning. No labels (e.g., no "FINAL"). No extra words. No code fences.

{{hint}}
[INPUT]

{{input}}
[END_INPUT]

Figure 16. Initial prompt for interpreter with image specification.

the symbolic intermediate altogether. This enables end-to-end learned compilation and execution, and allows programs to
encode behavior that may not admit a clean symbolic representation.

Lightweight Model Adaptation PAW can be viewed as adapting a base model (the interpreter) to new tasks via compact
neural programs. This perspective connects PAW to parameter-efficient adaptation methods such as prompt tuning, prefix
tuning (Li & Liang, 2021), adapter modules (Hu et al., 2022), and approaches that generate adapters dynamically using
hypernetworks (Karimi Mahabadi et al., 2021; Charakorn et al., 2025; Chen et al., 2025). Unlike conventional fine-tuning,
PAW amortizes adaptation across inputs: a compiler model generates task-specific neural programs from specifications,
which can be reused across all examples of the task without further optimization.

Teaching and Knowledge Transfer Between Models Recent work has studied the ability of large language models to
teach or guide smaller models. Zhou et al. (2025) propose an indirect evaluation framework that measures how effectively
an LLM can teach a smaller model, with the goal of evaluating the LLM’s explanatory and instructional capabilities. While
their focus is on evaluation, PAW is complementary in spirit: rather than measuring teaching ability, PAW operationalizes it.
The compiler in PAW effectively acts as a teacher that distills task-specific knowledge into a form that a smaller interpreter
can execute, thereby directly improving the capabilities of small models rather than merely evaluating them.

Neural Programs Representing and executing programs with neural networks is a longstanding research direction (Graves
et al., 2014; Reed & de Freitas, 2016). Some work even compiles formal code into network weights (Weiss et al., 2021).
PAW builds on this lineage but differs in its training and usage model: neural programs are not learned independently
per task. Instead, a large compiler produces task-specific weight blobs on demand, which are then executed by a fixed
interpreter. This decoupling of learning and execution enables reuse, distribution, and versioning of neural programs in a
manner analogous to binary executables.

Local Execution of Small Models There is growing interest in replacing cloud-scale models with smaller, locally executed
models for reasons of efficiency, privacy, and reproducibility (Belcak et al., 2025). PAW provides a concrete realization of
this trend: it uses a powerful compiler once to produce compact, task-specific neural programs, which then run locally on a
lightweight interpreter. This offers a modular alternative to repeated LLM API calls and enables self-contained, reproducible
neural software.

F. Limitations

Interpretability. Compiled neural programs are partially encoded as continuous weight blobs, and even the discrete
pseudo-program component is not always straightforward to interpret. As a result, the underlying logic of a neural program
is less transparent than that of symbolic code. We view this as an opportunity for future work on neural debugging
and verification tools, such as input sensitivity analysis, behavioral unit tests, counterfactual evaluation, or intermediate
interpretable specifications, to help developers inspect, validate, and reason about neural program behavior.

Expressivity and scaling trade-offs. In our prototype, the interpreter capacity is fixed a priori for simplicity. While the
length of the discrete pseudo-program can vary in principle, in practice the compiler tends to exhaust the available token
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budget. This suggests a mismatch between program expressivity and efficiency: some tasks may benefit from larger or
more expressive neural programs or specialized interpreters, whereas others could be executed with substantially smaller
programs to reduce inference cost.

Future work could explore adaptive compilation strategies that jointly select program size and interpreter capacity based on
task complexity. For example, length penalties or reward shaping could encourage shorter discrete programs when they
achieve comparable performance, and different interpreter variants could form a hierarchy of neural runtimes trading off
expressivity and efficiency.

Language and modality coverage. Our current implementation focuses on English-language specifications and tasks
involving text and images. Extending the PAW paradigm to multilingual specifications and a broader range of modalities,
such as audio, structured data, and non-English fuzzy tasks, remains an important direction for future work.

G. Discussion

Program-as-Weights reframes the boundary between explicit programming and machine learning. Traditional software
encodes behavior through symbolic rules, while learned models are typically deployed as large, monolithic systems accessed
via APIs. In contrast, PAW treats neural capabilities as modular programming artifacts: each fuzzy function is compiled
into a self-contained neural program that can be version-controlled, distributed, and executed locally, much like a compiled
binary in conventional software systems.

This perspective enables a neural software ecosystem. Developers can publish libraries of neural binaries, reuse them across
applications, and compose them to implement more complex fuzzy behaviors. Just as C extensions coexist with Python code
today—each used where it is most effective—neural binaries can coexist with symbolic code, providing learned behavior
where rules are brittle and symbolic logic where precision and transparency are paramount.

Crucially, PAW provides a concrete realization of the “small LM future” (Belcak et al., 2025). An emerging view is that
many everyday tasks do not require large, general-purpose models, but rather small, local fuzzy functions that capture
domain-specific regularities and edge cases. PAW operationalizes this idea by separating concerns: large foundation models
act as compilers that distill task-specific intelligence, while compact interpreters execute only what is needed. The resulting
neural binaries behave like installable patches—lightweight functionality upgrades that can be deployed on-device without
retraining or reliance on cloud services. This architecture amortizes the cost of intelligence: compile once at scale, run
cheaply everywhere.

More broadly, PAW invites a shift in how we conceptualize programming itself. As the space of implementable functions
expands to include perception, ambiguity, and noisy real-world logic, programming increasingly becomes an act of specifying
intent rather than enumerating rules. In this view, compilers do not merely translate syntax, but synthesize neural behaviors
that realize high-level specifications, suggesting a new synthesis of programming languages, machine learning, and software
systems.
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