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Introduction

• This presentation operates under the assumption that we
want computers that can generate code and ultimately
program themselves.

• The current overwhelming paradigm is to throw data and
transformers at the problem and hope that it just works out.

• This has the major downfall of being very expensive on
multiple fronts (data, compute, syntax).
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• There exists tooling that defines programming languages
rigorously.

• One technique for exploiting this for generating programs is
with reinforcement-learning based grammar-expansion. (Bunel
et al. 2018; Simmons-Edler, Miltner, and Seung 2018)

• Want some sort of continuous representation of partially
expanded programs that can provide an estimate of where we
have been.

• Can we utilize embeddings as context when performing RL?
• The bigger question is, how do we know if the embedding is
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Introduction

Big idea: Can we quantify how good embeddings are at
retaining program structure?



Introduction

This presentation consists of four main sections:
• Some background on grammars and embeddings.
• Introduction to the lang-explorer framework, its architecture,

and its features.
• Overview of experiments conducted and results.
• Discussion, limitations, and future work.



Formal Grammars I

A formal grammar is an object typically represented as the tuple
G = (V, T , S, P).

• V is the set of non-terminal symbols.
• T is the set of terminal symbols.
• S ∈ V and is the start symbol.
• P denotes the set of productions used for expansion, each

element is of the form αAβ → αγβ, where
α, β ∈ {V ∪ T ∪ ϵ}∗, γ ∈ {V ∪ T ∪ ϵ}+ and A ∈ V.



Formal Grammars II

One can "expand" such grammars to form sentences, which are
instances of programs within the space of all programs defined by a
grammar.

⟨S⟩ ::= <A><S> | <B>

⟨A⟩ ::= ’a’ | ’ba’

⟨B⟩ ::= <B> | ’b’

Above: Example of a simple
grammar with corresponding
expansion tree to the right. The
final program is ’bab’.

S

SA

′b′ ′a′ B

′b′



Embeddings
Models typically operate on tensors. Thus it can be useful to
encode your domain-specific data as a tensor (namely a vector) for
use within a model. This leads us to embeddings.

• The simplest example is one-hot encoding.

• Autoencoders are a way to learn the vectors from data.

• There also exist more nuanced embedding techniques, which
we will cover.
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Methods I

• To create embeddings, we first need a set of languages to use.
• More specifically, it would be useful to have a set of languages

where we can build a grammar, and then expand it to
construct programs.



Methods II



Language 1: TACO Expressions

The Tensor Algebra Compiler (Kjolstad et al. 2017) is a compiler
to take tensor expressions (with optional scheduling directives) and
create a C program that implements such operation.
One example:

A(x , y) = B(a, b) ∗ C(c, d)

or

Y (y) = A(a, b) ∗ X (x) + B(b)



Language 2: TACO Schedules

Additionally, scheduling directives can be instantiated. These alter
the loop structure of the computed kernel in various ways.
Some examples:

• split() splits a loop into an outer and inner loop, based on
some loop factor.

• reorder() switches the order of two loops.
• unroll() takes a loop and forces all iterations of the loop to be

explicitly defined.
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Language 3: Karel I

• Karel is a small DSL originally used in (Bunel et al. 2018) as
their language of choice for expansion.

• Controls an agent in a gridworld, capable of picking up and
placing flags at the position it currently occupies in the
gridworld.

• Implemented as a sequence of instructions.



Language 3: Karel II

• def run(): ifelse(markersPresent()): turnRight() else: move()
• def run(): while(markersPresent()): pickMarker()



Language 4: CSS

• Common language for styling elements in webpages.
• Structured as blocks of properties that are applied to selected

objects in the DOM.



Doc2Vec/Graph2Vec

Doc2vec (Le and Mikolov 2014) and the variant graph2vec
(Narayanan et al. 2017) are the canonical embedding framework
used for experiments.

Doc2vec looks to predict words from a document to learn
embeddings.
Graph2vec predicts graph labels instead of words, derived from the
Weisfeiler-Lehman graph kernel.
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Doc2Vec Objective



WL-Kernel Example



My work: Lang-Explorer Framework

This research necessitated building a software system to build
programs, embed them, and have as many interfaces as possible
for extending the system further.
Chose to implement a system in Rust, with machine learning
components using Burn (Simard et al. 2024).





Additional Infrastructure
Additional infrastructure was required to make these experiments
work that took a good bit of time to setup. This included:

• A small Kubernetes cluster.
• Infrastructure on said cluster for traffic routing,

TLS-termination, some basic monitoring.



svc svc



Experiments

I performed two kinds of experiments with the generated datasets
• Qualitative analysis of the structure of the spaces with t-SNE

and some nearest neighbor analysis.
• Quantitative analysis using a similarity metric to compare

embedding similarity with graph similarity.



Experimental Setup I



Experimental Setup II



Program Embeddings t-SNE

If one embeds programs using doc2vec, what does the space of
embeddings look like?

This can be approximated using T-Stochastic Neighbor
Embeddings (Maaten and Hinton 2008).
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TACO Schedule t-SNE



Karel t-SNE



Program Nearest Neighbors

How similar do programs of nearby embeddings look to each other.
Are they purely structurally similar? Is there semantic similarity?



CSS Nearest Neighbors Example I



TACO Expression Nearest Neighbor Example I





Quantitative Analysis

Qualitative analysis is interesting, but I want something concrete.

Can we compute some similarity between ASTs themselves, and
then compare that similarity to embedding similarity for the same
programs?
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Quantitative Analysis

The text-embedding models I chose to compare against were:
• Nomic-AI’s Text Embedding model (Nussbaum et al. 2024)
• Mixed-Bread AI’s Text Embedding Model (Lee et al. 2024)
• Snowflake’s Arctic Embedding model V1 (Merrick et al. 2024)



Quantitative Analysis

As will be shown in histograms of these similarity scores, there can
be a large difference simply because the different distributions are
not normalized.

This can be mitigated with Min-Max normalization:

xnew = xold − min(x)
max(x) − min(x)
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Pairwise Similarity Scores I

Distribution Simple Average Normalized Simple Average
doc2vecgensim 11.787715 0.127106
nomic-embed-text 4.991453 0.167829
mxbai-embed-large 3.461594 0.149734
snowflake-arctic-embed:137m 4.204036 0.136181

Table: TACO Schedule pairwise similarity scores, lower is better.

Distribution Simple Average Normalized Simple Average
doc2vecgensim 6.520979 0.090355
nomic-embed-text 3.453399 0.128993
mxbai-embed-large 2.641928 0.125813
snowflake-arctic-embed:137m 3.706221 0.135822

Table: TACO Expression pairwise similarity scores, lower is better.



Pairwise Similarity Scores II

Distribution Simple Average Normalized Simple Average
doc2vecgensim 12.883659 0.388166
nomic-embed-text 3.568656 0.296640
mxbai-embed-large 4.214493 0.276651
snowflake-arctic-embed:137m 6.096455 0.280733

Table: Karel pairwise similarity scores, lower is better.

Distribution Simple Average Normalized Simple Average
doc2vecgensim 5.943372 0.167782
nomic-embed-text 3.857277 0.121263
mxbai-embed-large 2.344701 0.120693
snowflake-arctic-embed:137m 3.856680 0.117318

Table: CSS pairwise similarity scores, lower is better.



Pairwise Similarity Distributions I



Pairwise Similarity Distributions II



Pairwise Similarity Correlation I



Pairwise Similarity Correlation II



Discussion

Main experimental results:
• t-SNE plots for embedding spaces

• Nearest neighbor plots between programs
• Quantitative pairwise similarity measures for embeddings and

ASTs
• Distributions of pairwise similarities
• Correlation analysis of similarity measures
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Limitations

• Synthetic datasets were used, which are small samples of an
infinite space

• t-SNE is an approximate visualization method, lots of
information is ultimately lost

• AST structure is not inextricably linked to semantics;
comparing based on this can be useful in some languages, but
not in others.
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Future Work

• Rework Doc2vec for better performance

• GraphMAE (Hou, He, et al. 2023; Hou, Liu, et al. 2022)
implementation

• Scale up experiment sizes on more nodes.
• Automate hyper-parameter and neural architecture search

(White et al. 2023)
• Add support for more languages, including other general

design languages like TLA+ (Lamport 1994)
• RL implementations within Learned Expander, evaluation

services
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