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Abstract
A key consideration when training an LLM is whether the target language is more or less resourced, for example
English compared to Welsh, or Python compared to Excel. Typical training data for programming languages consists
of real program demonstrations coupled with explanatory human-written comments. In this work we present a novel
approach to the creation of such data for low resource programming languages, which lack naturally occurring data.
Our process generates synthetic, textbook-quality demonstrations of how to use library functions, which we show
makes for good model finetuning data. We demonstrate in an example domain of Excel Formulas. First, we collate
language documentation, then we use this to augment a powerful teacher model which generates synthetic training
data, and finally finetune student models on the demonstrations. Our technique improves student performance on 2
question-answering datasets: WikiTQ and TAT-QA. We also show advantages of finetuning over standard RAG
approaches, which can offer only modest improvement due to the unfamiliarity of the target domain to student models.

Keywords: Conversational Systems, Language Modelling, Less-Resourced Languages, Automatic Genera-
tion of Training Data, Fine-tuning, Adaptation, Validation of Language Resources

1. Introduction

The process of pretraining LLMs on code has
improved significantly, supporting high accuracy
single-shot generation for general-purpose pro-
gramming languages (PLs) like Python, when
prompted with a variety of natural- and program-
ming language inputs (OpenAI et al., 2024b; Ab-
din et al., 2024; Yang et al., 2025). These high-
resource PLs (HRPLs) profit due to the abundance
of training data, which is often human-annotated
with explanatory comments (Kocetkov et al., 2022;
Lozhkov et al., 2024). Comparatively, LLM gener-
ations in Low-Resource Programming Languages
(LRPLs) are of significantly worse quality due to the
limited data available to train models (Joel et al.,
2024). In this paper, we show that synthetically gen-
erated data can be used to improve performance
when generating in an LRPL. 2

Previous studies directly augment real-world data
in high-resource languages using SoTA LLMs (Hon-
ovich et al., 2023; Yoo et al., 2021). However, by
definition even SoTA LLMs such as GPT-4o struggle
to generate code in low-resource languages (Joel
et al., 2024), making it challenging to directly gen-
erate new training data. This makes such previous
methods, and more general knowledge distillation
approaches, less appropriate for LRPLs.

Fortunately, many LRPLs have public, human-

1Now at GitHub Applied Science.
2Code, prompts, and data are available at:

https://github.com/microsoft/Synthetic-Function-
Demonstrations.

A: To find the number of wins listed in the table, we need to count the rows 
where the result starts with 'W'.
We can use the COUNTIFS function to count cells that meet multiple 
criteria.
The first criteria will check if the result starts with 'W'.
The range for this criteria will be the 'Result' column (D2:D11).

```excel
=COUNTIFS(D2:D11, "W*")
```

A B C D

1 Date Opponent Site Result

2 September 24 Millsaps* Denny Field • Tuscaloosa, AL W 54-0

3 October 2 At Vanderbilt DudleyField • Nashville, TN W 19-7

4 October 9 At Mississippi A&M Meridian Fairgrounds • Meridian, MS W 26-7

Q: How many wins are listed?

(More rows…)

>>> Execution: 9

Figure 1: Finetuning on synthetic data improves
adaptation to the low-resource domain. Qwen2.5-
coder 3B learns to read the table and compose a
formula with flexible string formatting, executing to
the answer.

written documentation detailing language specifi-
cations and core library function usage. In this
work, we instead generate textbook-quality demon-
strations based on this documentation (Gunasekar
et al., 2023). Generating demonstrations that span
the vast space of possible programs is also a chal-
lenging task. However, modern LLMs have al-
ready learned basic principals of programming and
problem-solving by training on plentiful data from
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HRPLs, and we hypothesize that these concepts
will transfer when adapting to a new programming
language domain. We instead restrict the scope of
generated data to the target LRPL’s standard library,
generating rich demonstrations of each function.

Our goal is to develop data for enhancing model
generations which (1) efficiently captures the syntax
and semantics of the target LRPL using a minimal
amount of data, and (2) leverages models’ exist-
ing knowledge of general programming concepts,
learned from pretraining on large HRPL data, to rea-
son through complex problems in the target domain
using the new functions.

Data sparsity is a difficult problem, especially
for LRPLs like niche Domain-Specific Languages
(DSLs). In this paper we focus on Excel Formulas
(Zhao et al., 2024): though widely used by millions,
formulas are considered a low resource language
because of the lack of large-scale natural data suf-
ficient for LLM training (Kocetkov et al., 2022). We
examine the task of question-answering on tabular
data through augmentation strategies on student
models to improve generation in Excel formulas.

This work primarily proposes a general protocol
for efficiently generating synthetic training data for
a target LRPL. The data robustly demonstrates the
usage of library functions in natural contexts and
with assistive explanations, tuned to improve model
performance on a task. We demonstrate efficacy of
the approach by augmenting teacher model GPT-
4o (which we show is not itself Excel-specialized),
and two student LLM model families, Qwen 2.5 and
Llama 2 (chosen for their open weights and diverse
family of pretrained models) on two table-based QA
datasets, WikiTQ and TAT-QA. Within each model
family, we also test the effects of model scale, and
also dedicated code-pretraining vs. not.

Our contributions are as follows:

1. We define a protocol for synthesizing domain-
targeted training data to teach an LRPL to stu-
dent models. Generation is done by augment-
ing a teacher LLM without strong understand-
ing of the target domain simply by retrieving
rich function documentation and sampling a
general data context for realistic grounding.

2. We show that finetuning on our synthetic ex-
amples improves table-QA accuracy by more
than 10% for most student models. Also, we
show that code pre-training in HRPLs does not
directly improve Excel generation, but rather
makes domain adaptation through finetuning
on Excel more effective.

3. We show that finetuning is necessary in such
an unfamiliar LRPL as Excel by comparing with
typical RAG-only techniques, which do not sig-
nificantly improve generation accuracy, even
with access to oracle-retrieved information.

2. Background

Code has become integral to general LLM pre-
training data and techniques (DeepSeek-AI et al.,
2025), and to logical reasoning at test-time through
code generation (Madaan et al., 2022; Puerto et al.,
2024) and tool invocation (Schick et al., 2023).

Like natural languages, programming languages
suffer from a large disparity in resources (Maguer-
esse et al., 2020; Lozhkov et al., 2024): gener-
ation in low-resource languages is demonstrably
worse than in high-resource ones, even by the
same model (Joel et al., 2024). In particular, Ex-
cel formula language is a unique LRPL because
it is used by so many people, yet there exists little
natural training data for formulas. This results in
poor generation performance even from top mod-
els, which we also document in this work (§4.1).

While Payan et al. (2023) produce an Excel-
specific benchmark which could be used for training
or testing, it contains mostly OfficeScript, a different
Excel language distinct from Formulas. In contrast,
this work presents a method for generating arbi-
trary amounts of synthetic data tuned to a target
domain, and we demonstrate this for Excel formu-
las. Another study, Zhao et al. (2024), converts
SQL queries (which are abundant) into Excel ones,
but this data is unnatural and biased to SQL capa-
bilities and use-cases. In this work we generate
synthetic data arising from in-domain documenta-
tion and spanning the native capabilities that are
described there.

3. Generating Synthetic Training Data

Due to the lack of pretraining data, even SoTA LLMs’
performance is unreliable when generating in an
LRPL (Joel et al., 2024). As we show in §4.1, even
GPT-4o scores only 58.2% on a key Excel test set,
showing this challenge. We must thus develop our
method without requiring strong performance in the
target domain by the teacher model. Fortunately,
Excel (and other LRPLs) have rich, public docu-
mentation of language specifications and library
functions. We leverage this (along with verification
methods) to augment the teacher model and gen-
erate high-quality function demonstrations for the
student model. We hypothesize that the student
will learn to apply basic Excel functionality while
transferring general problem-solving skills that it
learned from pretraining in HRPLs.

Our pipeline only requires (a) LRPL function doc-
umentation, (b) unannotated, natural data contexts
to serve as grounding, and (c) a teacher model
which is generally strong at instruction-following
(without requiring strong skills in the target LRPL
domain). We demonstrate the method with Excel
formulas, though it is suitable for any LRPL with
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Figure 2: Our pipeline generates textbook-quality synthetic examples which demonstrate how to use
target library functions. Examples are grounded in sampled, real data contexts, so the teacher model
generates more creative problems and the student model learns from rich, varied demonstrations. We
demonstrate producing a synthetic training example for the Excel MATCH function.

these basic resources. It consists of 4 steps:

3.1. Prepare the Function Library
We first collect a library of target functions and
their documentation. Excel Formula language con-
tains 505 functions (Microsoft Support, 2024), yet
many are unused due to niche functionality, or be-
ing superseded by newer implementations3. We
next gather a small sample of public, unlabeled
spreadsheets from the web, similarly to Fisher and
Rothermel (2005), and estimate a rough distribution
of real function usage. We take the 100 most fre-
quent functions and collect documentation pages
from public Microsoft support.

For the function fi the documentation page di
contains a brief description of its purpose, its argu-
ment vector ai (including optional arguments), and
their types. di often also includes example usages
of fi on a toy data table (a ∼5x5 table).

3.2. Sample Relevant Data Contexts
(Zhang et al., 2025) show that grounding synthetic
generation in realistic data contexts aids model cre-
ativity and alignment to the target format. For sim-
plicity and to demonstrate generality of the method,
we seek easily accessible data. For Excel, Wik-
iTableQuestions (Pasupat and Liang, 2015), con-

3Such as the newer XLOOKUP function which super-
sedes VLOOKUP and HLOOKUP.

tains real data tables from Wikipedia; for other LR-
PLs different scenario data can be chosen. We
randomly sample 10 Wikipedia tables per function
from the training split. We query our teacher model
GPT-4o to pick the best scenario table for each
function, such that the function may be executable
on the table. Manual inspection shows good qual-
ity: GPT-4o matches numeric functions to tables
with numeric data, string functions to those with
string data, etc.

Method details: In the prompt to GPT-4o we in-
sert the function fi, its documentation page di, and
10 randomly selected tables.

In one sampling batch we acquire a random ta-
ble for each of the 100 most-used functions in our
target library and proceed to the next step with
100 (function, table) tuples. We repeat our entire
pipeline until we have generated a suitable-sized
curriculum; student models will thus train on a given
function fi across many randomly sampled tables,
to aid generalization of fi to new contexts.

3.3. Generate Synthetic Problems

We aim to generate synthetic demonstrations of
function semantics by designing synthetic data
samples which systematically show the effect of
one function argument at a time. We query GPT-4o
(denoted Q(·)) to produce multiple synthetic prob-
lems from each input by demonstrating the target
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function fi with each of its arguments in ai found
in documentation di. All generations are grounded
on the chosen table ti:

Q(fi, di, ti) → Si

Si = {(q, e, a)j}j∈1..|ai|

Even the teacher model may not be an expert in
the LRPL, so di provides the semantics of fi, and
the table ti provides grounding to generate natu-
ral questions. For one input, teacher GPT-4o is
instructed to produce an output set of sample prob-
lems zj ∈ Si, where each zj = (q, e, a). The natural
language question q may be solved by executing
fi on ti while making use of function argument j of
fi. For each problem zj we also generate a step-
by-step explanation e of how to solve the problem,
and an executable answer formula a.

Rotating through each function argument and
producing one demonstration for each allows us
to demonstrate the usage of individual arguments
and even optional ones.

Method details: We prompt the teacher model
GPT-4o to generate textbook-quality tutorials in a
QA format, demonstrating how to use a given func-
tion. A key aspect of the prompt is that we instruct
the teacher to generate a set of examples, each one
demonstrating how to use one argument slot of the
target function. This is our method’s most detailed
and important prompt, so we share it in Figure 3.
We elicit tutorial information in JSON, which allows
us to extract structured information and compile the
training tutorials automatically using a template.

3.4. Validate Generations
Each generated problem demonstrates in textbook-
quality the basic function semantics in the target
domain, with natural language explanation. How-
ever, since samples are synthetically generated
using an AI model, they are unverified for correct-
ness. We improve data quality by employing post-
generation validation. First, we filter out all sam-
ples with answer formula a which fail to execute.
Second, we feed generated samples back into the
teacher model and generate parallel solutions in
Python to the same questions. We do not know the
correct answer to synthetic questions without hu-
man labeling, but we assume Python (as an HRPL)
will have the most reliable generations (Joel et al.,
2024). Indeed, we find roughly a 50% match rate
between Excel and Python executed values, and
retain the verified samples.

We show that this validation is useful. We
finetune a Qwen2.5-Coder 14B model on equal
amounts of validated and un-validated data (6,440
samples in each) per the procedure in §4.5. We
observe that when trained on unvalidated data, the

model improves from 46.95% to 52.11% on the
downstream WikiTQ test set used in experiments
(§4.1), compared to 54.93% when finetuned on
an equal amount of validated data. This demon-
strates that (a) unvalidated data has great potential
even with just simple filtering out of non-executable
samples, and (b) if available, parallel generation of
solutions in an HRPL like Python can provide useful
supervision for higher-quality assurance, resulting
in downstream task improvement.

Method details: The teacher model generates
sample problems with Excel reasoning and solu-
tions. A problem generated by the teacher model
forms a tuple: (table, query, Excel formula, Excel
execution) (we execute the formula ourselves for
reliability). We format tuples into training data after
filtering them for quality. When filtering we generate
a parallel solution to each problem in Python, a high
resource programming language in which we ex-
pect model solutions to be of high quality. We give
nearly the same prompt as in model evaluations,
but cast each sample as a Python problem using
a Pandas DataFrame instead of an Excel spread-
sheet. We collect the generated Python code and
execute it so that we may compare the Python and
Excel executed values.

Because Pandas DataFrames have subtle dif-
ferences to spreadsheets (e.g. they are 0-indexed
whereas Excel is 1-indexed), we develop some ba-
sic rules for determining equality between executed
values. We are able to accept around 50% of syn-
thetic generations after Python-validation.

4. Experiment: Excel Generation

We augment models in several ways and compare
performance in Excel formula generation.

4.1. Example Domain and Datasets
LRPLs lack publicly available data. Excel, while
popular, is mainly used in enterprise settings where
tabular data is sensitive and private, making it rare
to find real-world examples that pair human-written
Excel formulas with tables, and natural language
queries. Thus, it is an LRPL. Accordingly, we recast
existing table-based QA datasets into the Excel do-
main by embedding tables into Excel spreadsheets
and prompting models to answer using Excel for-
mulas:

• WikiTQ: WikiTableQuestions (Pasupat and
Liang, 2015) contains tables from Wikipedia
annotated by humans with questions and an-
swers in natural language.

• TAT-QA: A financial table-QA dataset in a simi-
lar format as WikiTQ, and in a domain relevant
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Teacher Prompt: Generate Examples

## General Instruction:
You are a helpful assistant to a data scientist who is learning to use Excel.

You are tasked with creating a tutorial of examples demonstrating the functionality of F, given F's
reference documentation, as well as a random data table T taken from Wikipedia.↪→

The tutorial should contain at least one example demonstrating each of F's argument slots, in order
to thoroughly describe how F works.↪→

## Task:
First, analyze the documentation of the function F to understand what each argument does. Write a

brief explanation of what each argument is used for, including whether it is required or
optional.

↪→
↪→
Format the explanation as markdown:

```markdown
Function: F
- arg1 <required>: explanation of arg1
- arg2 <required>: explanation of arg2
- arg3 <optional>: explanation of arg3
```

Second, write a series of examples demonstrating the use of F on the table T. Each example should
contain:↪→

1. The function F
2. The argument A being demonstrated
3. A natural language query Q which requires the use of F and A executed on the table T to compute a

solution. Write the query in a natural and realistic way, as if an interested person were trying
to analyze the data table to solve a problem.

↪→
↪→
Make the query specific so there is only one correct answer. For example, to demonstrate a string

manipulation function, the query Q should specify exactly how to format the output string so
that a program can be written to do this.

↪→
↪→
4. A brief explanation of what F does in general (not related to the query Q or table T).
5. A step by step explanation of how to use F and A to solve the query Q given T. When explaining

the steps, only use values mentioned in the query Q or references into the table T. Use the
syntax section of the function F's documentation to explain how the arguments are used.

↪→
↪→
6. The answer to the query Q. After any reasoning, restate the answer on its own line at the end,

e.g. "True", "False", "5", etc.↪→
7. The final Excel formula using F and A to solve the query Q
8. Write the parameter name and required/optional for each of the final arguments given to F as a

list, e.g. "param1 <required>", "param2 <optional>", etc.↪→

Write examples which demonstrate the required arguments, then examples for each of the optional
arguments.↪→

Format the examples as a JSON list according to the following structure:

```json
(...JSON description omitted for brevity...)
```

For the Excel formula, use the following format:
"=FUNCTION(ARGUMENTS)"

## Function:
MATCH

## Documentation:
(...MATCH documentation omitted for brevity...)

## Random Table:
In Excel tables, the first row is usually reserved for column headers. The first column is usually

reserved for row headers. For example, the data starts in A2.↪→
Larger tables may be excerpted here. If so, the first and last rows of the table will be shown, with

an ellipsis (...) in between representing the hidden middle rows.↪→
Remember that NaN values in Excel may be written in the table as "nan".

(...table omitted for brevity...)

## Tutorials:

Figure 3: We instruct teacher GPT-4o to generate multiple tutorials for a target function MATCH, demon-
strating each function argument. We add minimal details about Excel solely to describe the data format
such as the excerpting process for large tables. The method can be tailored easily to a target LRPL.

to Excel generation (Zhu et al., 2021).

To ensure these problems are solvable using
Excel, we use OpenAI GPT-4o and o1 (OpenAI
et al., 2024a) to attempt a solution to each problem

using Excel, and we collect problems which are
solvable in this domain. On WikiTQ cast into Excel,
GPT-4o scores 58.2% and o1 scores 67.8%. We
cannot know if o1’s score being far below 100% is
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Base Model RAGAll RAGOracle FTDoc FTDoc−QA FTSyn−QA

GPT-4o 79.19 78.25 84.19 - - -
Qwen2.5-coder 3B 15.34 13.77 18.94 13.62 15.34 28.64
Qwen2.5-coder 14B 46.95 44.76 53.52 40.22 46.95 54.93

Qwen2.5 3B 14.87 12.21 17.84 13.62 14.55 20.81
Qwen2.5 14B 50.70 47.57 49.45 46.64 49.92 51.02
CodeLlama-Instruct 7B 0.47 0.31 0.47 0.78 9.23 4.85
CodeLlama-Instruct 13B 10.80 13.15 16.12 12.21 12.83 21.28

Llama2 7B 0.63 0.16 1.10 0.63 3.91 8.61
Llama2 13B 1.72 0.31 1.56 0.47 4.54 15.49

Table 1: Evaluation results on our subset of WikiTableQuestions. Execution Match (EM) measures the
percentage of programs which execute to the correct answer. We test (a) base models; (b) RAG settings:
all function signatures (RAGAll) and oracle-retrieved signatures (RAGOracle); and (c) finetuned models:
using function documentation (FTDoc), and QA-formatted documentation (FTDoc−QA), and synthetic
problems (FTSyn−QA). Finetuning on synthetic problems performs better than oracle-retrieved RAG or
finetuning on purely documentation-based data.

due to either model incapability in the Excel domain
or problem incompatibility when cast into Excel.
However, GPT-4o’s score below o1’s must be due
to model incapability, demonstrating that it is not
strong in our target LRPL domain off-the-shelf.

Therefore, we take the subset of samples passed
by the stronger o1 as our test dataset, since they
are proven to be solvable in the Excel domain, and
we use the o1 formulas as the oracle Excel solu-
tion for each sample. This results in 639 problems
for our WikiTQ test and 459 for TAT-QA test. In
experiments we evaluate model performance using
program execution match (EM) to executed values
and do not grade the generated formulas; we only
use the oracle formulas for a baseline comparison.

4.2. Student Models
We select student model families that are (1) open-
weights, (2) available in multiple sizes, and impor-
tantly, (3) have corresponding code-finetuned ver-
sions of generally trained models.

• Qwen 2.5 A recent family with notable perfor-
mance across tasks, including analytical rea-
soning and coding (Yang et al., 2025). We use
Qwen2.5 3B and 14B; and Qwen2.5-Coder 3B
and 14B.

• Llama 2 An older, but popular family with cor-
responding code-finetuned models (Touvron
et al., 2023). We use Llama2 7B and 13B; and
CodeLlama 7B and 13B.

4.3. Student Model Augmentation
We compare several student model augmentations
which broadly fall into two categories: off-the-shelf
RAG methods and finetuning methods.

4.4. RAG
Retrieval-Augmented Generation is a cheap and
effective technique to supply novel information to a
model by directly inserting textual knowledge from
external sources into the model prompt (Lewis et al.,
2020). We simulate baselines for both naïve and
optimal RAG scenarios in which LRPL function li-
brary data is given to the model.

• In the RAGAll setting, we provide student mod-
els with all of the 100 most frequently used Ex-
cel function4 signatures and their descriptions
before the question. However, this may natu-
rally create a difficult needle-in-the-haystack
scenario where information gets lost.

• RAGOracle is an expected upper bound in
which we augment with only the functions in-
cluded in the o1 oracle Excel solution for each
question. This simulates an optimal retriever
and minimizes the context a student model
must consider.

4.5. Fine-tuning
We compare several finetuning scenarios demon-
strating common approaches. Our method is:

• FTSyn−QA: finetuning student models on our
synthetic demonstration data.

For FTSyn−QA we generate 6,440 validated sam-
ples using our pipeline (§3), which demonstrate the
top 100 Excel functions and their argument seman-
tics. We then finetune student models on this data.
Models train to convergence on a heldout set of 100
questions from WikiTQ dev, typically 1-3 epochs.
We finetune all models using the hyperparameters

4The same 100 functions as in finetuning experiments.
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Hyperparameter Value Search Range
Batch size 4 {2, 4, 8, 16, 32}
Learning Rate 5e-5 {1e-5, 5e-5, 1e-4, 5e-4}
LoRA r 64 {32, 64, 128}
LoRA α 1
Max epochs 6
Patience 3
LR scheduler cosine {linear, cosine}
Warmup ratio 0.5

Table 2: Hyperparameter choices for finetuning.

shown in Table 2. We chose these by doing hy-
perparameter search over the given values using
Qwen2.5-coder 3B and choosing the parameters
which yielded the highest score on the heldout val-
idation dataset. We then used these settings to
train all our models, and applied these finetuned
models to the test sets.

We also test two finetuning baselines:

• FTDoc tests a “continued training” scenario:
models finetune on the raw documentation for
the 100 most used Excel functions, which con-
tain simple examples paired with toy tables.
However, the documentation format used (in-
cluding toy examples) does not mirror the for-
mat of the downstream QA task, which may
be suboptimal for the student model.

• FTDoc−QA addresses format by using GPT-4o
to reformat extracted examples from the doc-
umentation into the same QA format of the
downstream task. This involves purely restruc-
turing natural language content only, and no
generation of novel, synthetic content.

We also use the FTDoc−QA baseline as a control
for understanding our synthetic training data: be-
cause the format is the same, improvement over
this baseline must be attributed to the content which
we generate using our method.

5. Results and Discussion

5.1. WikiTQ
Table 1 shows full results on WikiTQ.

In RAGAll all models except for CodeLlama 13B
suffer when given all function signatures, likely be-
cause the long context obscures the most relevant
function. However, optimal retrievals in RAGOracle

improve most models, showing the upper-bound of
a RAG approach. However, improvement is incon-
sistent and not large over Base Models.

In the finetuned FTDoc setting,“continued train-
ing” on raw function docs often harms perfor-
mance. However, restructuring this into QA format
(FTDoc−QA) can sometimes be useful, such as in

Base Model FTSyn−QA

GPT-4o 77.78 -
Qwen2.5-coder 3B 5.88 8.06
Qwen2.5-coder 14B 14.37 14.60

Qwen2.5 3B 6.75 11.11
Qwen2.5 14B 15.47 15.03
CodeLlama-Instruct 7B 0.44 2.18
CodeLlama-Instruct 13B 3.49 7.41

Llama2 7B 0.00 3.92
Llama2 13B 1.09 6.54

Table 3: Evaluation results on our subset of TAT-
QA. Execution Match (EM) results are shown.

the weaker LLama2 models. Yet compared to Base
Models the improvement is also marginal.

In FTSyn−QA we achieve a significant perfor-
mance boost over all Base Models by finetuning on
our synthetic data. The finetuned models even out-
perform corresponding RAGOracle settings, where
the functions expected to be used are provided as
hints by oracle o1. See Figure 1 for a showcase.

Regarding code pretraining, it is not clear that
base models pretrained in HRPLs exhibit any
consistent improvement in generating Excel, an
LRPL. However, most code-pretrained models en-
joy a greater boost from synthetic data finetuning
compared to non-specialized counterparts. This
shows clearly that previously learned coding skills
in HRPLs can transfer to LRPLs.

5.2. TAT-QA
We show results of evaluating base models and
finetuned models on TAT-QA in Table 3.

We observe similar trends on TAT-QA as we do
on WikiTQ. Large models perform better than small
models, and our finetuning data is able to improve 7
of 8 models significantly. We notice that in general,
the effect size of finetuning is smaller when eval-
uated on TAT-QA, and we look to the lower base
model performances to explain this. While TAT-QA
is a similarly-formatted dataset in which data ta-
bles are paired with natural language queries, it
is in a very specialized domain. Financial data is
likely to be more scarce in general LLM pretraining
data, so we expect a priori that performance may
be lower on this dataset, and the lower base model
performances compared to WikiTQ confirm this.

We also note that it is unclear if code-specialized
models outperform non-code-specialized models
on this task. We believe this is for the same reason
as above: code-specialization does not appear to
improve models’ financial reasoning ability, and our
further code-finetuning in the general domain of
Wikipedia tables may not show particular benefits
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Result Category Base Model FTSyn−QA

Correct 13 34
Error: Plan Logic 25 33
Error: Function Choice 8 9
Error: Table Indexing 35 13
Error: Formula Syntax 9 1
Error: Other 10 10

Table 4: Analysis of errors by Qwen2.5-Coder 3B
base and finetuned on 100 WikiTQ test samples.

Result Category Guideline
Correct The model generation executes to the

correct answer

Error: Plan Logic If the CoT is wrong
Error: Function Choice If the CoT is correct, but it decides to

use the wrong function, or is missing
some functions

Error: Formula Syntax If the function is correct, but the way
of using the function is wrong

Error: Table Indexing If the function usage is correct, and
changing the cell/row/column num-
bers would get the correct answer

Error: Other Any other error, such as correct plan
but incorrect formula semantics

Table 5: Annotation guide for error classification.

to coding models on this dataset, either.

5.3. Error Analysis of Model Generations
We randomly sample 100 problems from the Wik-
iTQ test set and conduct a qualitative analysis
of the model generations produced by Qwen2.5-
Coder 3B Base Model and FTSyn−QA.5 Table 4
demonstrates that fine-tuning on synthetic data pri-
marily reduces errors in table reading (-22 ques-
tions) and formula syntax (-8), while preserving the
model’s ability in planning and function selection.
The small increase in planning errors is attributed
to the model’s tendency to produce single-function
formulas. Since the synthetic data focuses on the
use of individual functions, we observe that 64.3%
of the solutions generated by FTSyn−QA involve
a single function, compared to 44.4% in the base
model. In our error analysis we use the categoriza-
tion guidelines in Table 5 to analyze the generations
from Qwen models on our WikiTQ test set.

Next, we turn to analyzing model performance
before and after our function finetuning. We first
show the percentage of model-generated formulas
which consist of a single function call in Table 6. We
observe that all models increased the number of
single function predictions after finetuning, however

5This code-pretrained model was chosen for its large
performance boost in testing.

Base Model FTSyn−QA

Qwen2.5-coder 3B 44.44 64.32
Qwen2.5-coder 14B 46.17 59.00

Qwen2.5 3B 40.22 73.08
Qwen2.5 14B 40.22 40.85

Table 6: Percentage of generated formulas consist-
ing of a single function.

Improved Regressed
Qwen2.5-coder 3B 29.77 10.87
Qwen2.5-coder 14B 27.27 7.14

Qwen2.5 3B 23.66 3.64
Qwen2.5 14B 17.33 21.92

Table 7: Improvements and regressions when the
student model predicts the same, single-function
formula before and after finetuning. Models master
individual functions and often improve in generating
single-function calls, usually with little regression.

this effect is more noticeable in smaller models.
Shown in Table 7, of each model’s improvements

(samples which were incorrect before tuning, and
correct after), many generations produce the same
function before and after. This shows learned mas-
tery of these functions, where finetuned models
produce better formulas using the same function.
We also observe minimal regressions when predict-
ing the same function (correct usage before tuning,
but incorrect after).

6. Conclusion

We show that generating textbook-quality exam-
ples for a low resource programming language can
rapidly improve LLM generation through finetun-
ing, with benefits over RAG approaches and other,
less rich finetuning paradigms. Yet our method is
simple and automatic, requiring only function doc-
umentation, a teacher model generally strong in
instruction-following (which need not be an expert
in the target domain), and minimal human descrip-
tion of the domain. We demonstrate the method
for Excel Formula language which is popular in
practice, but an LRPL owing to its sparsity of train-
ing data. Our method improves student models by
leveraging their problem solving abilities previously
learned in pretraining on high-resource program-
ming languages to adapt to the new domain.

We posit that further work on individual lan-
guages may benefit similarly, and we encourage
future work in synthetic data generation for LLM
pretraining, especially for “long-tail” phenomena
like LRPLs which suffer due to a lack of natural
training data.
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Limitations

We demonstrated our methods on a single LRPL,
though our findings should apply to any low-
resource programming language due to the gener-
ality of our method. We also focused on generating
demonstrations for just the function library in our ex-
ample LRPL, a more realistic target for generating
textbook-quality data than the infinite space of pos-
sible programs, especially when limited resources
exist in the target domain. While we cannot com-
pare to the challenges or benefits of generating
complex data, as we noted in error analysis this
limitation clearly biases models towards simpler
solutions, so this presents a problem which future
research may alleviate. Further, due to computa-
tional costs we only investigated methods for prun-
ing bad synthetic generations, and not any methods
for fixing those bad generations. Research in this
direction could also prove valuable.
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