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Abstract

Recent works show the impressive effectiveness of an agent framework in solving
problems with language models. In this work, we apply two key features from the
framework, interaction with tools and goal-oriented training, to improve models’
arithmetical reasoning.
First, we curate and transform existing datasets to create Calc-X, a standardized
collection with over 300,000 problems with step-by-step solutions. We use Calc-X
to train models we call Calcformers that interact with a calculator during inference.
Calcformers achieve twice the accuracy of standard baselines.
Finally, we optimize Calcformers via self-training using preference optimization
and supervised loss by checking the model’s predicted results. We find that self-
training can achieve substantial improvements on out-of-domain problems and
that traditional supervised loss is a strong baseline for preference optimization.
Our results show that preference optimization converges faster and isn’t prone to
forgetting pre-trained abilities.

1 Introduction

While language models (LMs) demonstrate effectiveness in working with unstructured language data
in many settings, they often struggle with arithmetical computations (Patel et al., 2021) or multi-step
reasoning (Hendrycks et al., 2021), which are necessary prerequisites for solving math problems.

The need for exact computations was recently addressed by integrating a calculator tool into the LM
inference process (Thoppilan et al., 2022). The interaction with the tool can be learned, but a scarcity
of suitable data caused a substantial effort in related work towards heuristics, prompting, few-shot, or
reinforcement approaches (Section 2) with compromises in the quality and reproducibility.

We address the issue by creating Calc-X, a collection of over 300,000 arithmetical problems in a
standardized format (Section 3.1) by curating, transforming, and cleaning existing datasets. Calc-X
contains annotation of calculations in solutions, enabling the training of tool-using models (Fig. 1).
We describe the process of creating Calc-X in Section 4, and in Section 6, we show that the mere data
standardization and interaction with a calculator roughly doubles the accuracy of resulting models.

Subsequently, Calc-X allows us to explore the potential of preference optimization methods to
improve reasoning by training for achieving the correct result in self-training. We experiment with
three preference optimization methods: Direct Preference Optimization - DPO (Rafailov et al.,
2023), Kahneman-Tversky Optimization - KTO (Ethayarajh et al., 2024), and Identity Preference
Optimization - IPO (Azar et al., 2023), and we assess the quality of resulting models against different
self-training supervised baselines.

In evaluation on 6 arithmetic datasets, we find that self-training with any assessed method can bring
significant improvements compared to the original model before self-training. However, different
methods vary in the robustness of their delivered gains (Section 7). The methods’ robustness can
be enhanced with parameter-efficient training. We make our code, datasets, and models publicly
available (Appendix G).

*Equal contribution
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Figure 1: Generation process of Calcformer models: By generating the gadget tag, model calls an
external tool. The following tokens are inserted into the model’s context by the tool. Then, the model
continues generation using conditioned on all tokens.

2 RelatedWork

Arithmetic Reasoning Datasets GSM8K (Cobbe et al., 2021) contains grade-school math problems
with human-written CoT explanations and explicit annotation of formulas. ASDiv (Miao et al.,
2020), SVAMP (Patel et al., 2021), MAWPS (Koncel-Kedziorski et al., 2016) and larger Chinese
Ape210K (Zhao et al., 2020) contain problems of similar complexity, but the solutions are written as
nested expressions. AQuA-RAT (Ling et al., 2017) contains multiple-choice problems with selected
answers and free-text rationales. MathQA (Amini et al., 2019b) is a subset of AQuA-RAT with
additional annotation: nested expressions that lead to an answer, similar to those in Ape210K or
ASDiv. MATH and AMPS (Hendrycks et al., 2021) consist of more challenging problems and contain
CoT solutions formatted in LATEX. Specifically, MATH is a set of high-school math competition
problems, and AMPS is a large-scale pre-training dataset, partly scraped and partly synthetically
generated. Mathematics Dataset (Saxton et al., 2019) is another generated dataset but contains
only the final results without rationales. PRM800K (Lightman et al., 2023) is a dataset of per-step
correctness annotations for model-generated solutions.

Tool-using LMs A main contribution of much of the previous work in building tool-using models
addresses the problem of data scarcity. Komeili et al. (2022), WebGPT (Nakano et al., 2021), and
LaMDA (Thoppilan et al., 2022) let crowd workers annotate tool calls to train models to use a
web search, a calculator, and a machine translation system. PAL (Gao et al., 2023) applies prompt
engineering to make an LM use a Python interpreter without training. Toolformer’s approach (Schick
et al., 2023) is to prompt an LM to insert gadget tags (“API calls”) into CoT datasets and filter out
irrelevant ones using the trained model’s perplexity. In evaluation, Toolformer simplifies the problem
to only one tool call per example and supports generation with several heuristic rules.

TaLM (Parisi et al., 2022) extends a training dataset by self-training: They start with a small set of
fully annotated data, including the annotations of tool calls, and then iteratively generate CoTs with
tool calls for a larger dataset with incomplete annotation.

We note that none of the referenced work publicly releases the resulting models. In combination
with the many training and inference heuristics, it is largely difficult to reproduce and build upon the
proposed methods. However, the availability of an extensive, standardized collection of tool-assisted
datasets like the one presented by Calc-X will allow future work to substantially simplify the methods
needed for creating tool-assisted models.

Self-training for math problems WizardMath (Luo et al., 2023) augments GSM8K and MATH
datasets using pretrained LMs and applies PPO (Schulman et al., 2017) optimization against feedback
from ChatGPT 3.5 given to individual reasoning steps in predicted solutions. Uesato et al. (2022)
self-train on GSM8K and compare the effect of per-step feedback given by an LM verifier and
algorithmically checking the final result. Lightman et al. (2023) use a similar methodology on a
larger scale with MATH and PRM800K datasets and extend the comparison with an LM verifier for
whole CoTs.
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3 Calc-X Collection

3.1 Interaction Format

We propose a semi-structured format for CoT data to provide both the flexibility of unstructured text
and the precision of structured formats. The HTML-based structure of interactions is compatible with
existing parsers, such as BeautifulSoup (Richardson, 2007). This allows future work to easily extend
Calc-X collection or convert it to other desired formats.

Our format, displayed in Figure 2, uses three tags: gadget, output, and result. Tag gadget is intended
for calls to an external function. Tag output wraps the response of the external system. The tag result
wraps the final result of the thought chain.

A f t e r buy ing t h e b r e a d and candy bar , you have 32−3−2=
<g a d g e t i d=” c a l c u l a t o r ”>32−3−2< / g a d g e t><o u t p u t>27< / o u t p u t>$27 .
You spend 27 /3=<g a d g e t i d=” c a l c u l a t o r ”>27 /3< / g a d g e t><o u t p u t>9< / o u t p u t>
9 d o l l a r s on t h e t u r k e y . You have 27−9=<g a d g e t i d=” c a l c u l a t o r ”>27−9< / g a d g e t>
<o u t p u t>18< / o u t p u t>$18 l e f t . The f i n a l r e s u l t i s 1 8 .< r e s u l t>18< / r e s u l t>

Figure 2: An example of target text from a chain-of-thought dataset encoded in our proposed format.
Our format is designed to allow the interaction of LMs with a calculator.

4 Calc-X Curation Process

Out of the datasets reviewed in Section 2, we create the Calc-X collection from these datasets:
GSM8K, AQuA-RAT, MathQA, Ape210K, MAWPS, SVAMP and ASDiv. Our selection considers the
datasets’ size, primary focus on arithmetics, and parseability of the tool calls.

The resulting Calc-X collection is designed to simplify the correct usability of the whole collection
in both training and evaluation while persisting the maximum of datasets’ original information. Most
importantly, the process includes (1) the unification of format over all datasets and (2) the elimination
of data leakages between different (train/val/test) data splits throughout the whole collection.

We perform the second step based on a lexical overlap between pairs of samples’ input texts from
different splits across all datasets. We consider a pair of train and test examples a leak if the Jaccard
similarity of their 1-gram and 2-gram representations is over 0.5. This results in data splits composed
of subsets of the original datasets, but thanks to this step, the whole Calc-X collection can be used to
perform both validation and tests over all datasets when all datasets are also used in training.

The remainder of this section describes the conversion process of each dataset included in Calc-X.

GSM8K (Cobbe et al., 2021) is a CoT dataset with over 8,000 examples containing arithmetical
expressions that can be evaluated using a calculator. The syntax is not standard but can be easily
parsed.

”Natalia sold 48/2 = ⟨⟨48/2 = 24⟩⟩ 24 clips in May.
Natalia sold 48+24 = ⟨⟨48 + 24 = 72⟩⟩ 72 clips altogether in April and May.
#### 72”

Figure 3: The original syntax of the GSM8K dataset.

In GSM8K, the calculations are explicitly annotated, and removing the tags from chain-of-thought
results in natural language sentences. A final result is a single number that is also explicitly annotated
at the end of the solution.

We parse the formulas using regular expressions, evaluate them using the sympy library (Meurer et al.,
2017), and verify that all outputs are numerically close to the values in the data. The conversion into
our unified format is a direct one-to-one mapping.

Our analysis shows that the original validation and test splits of GSM8K do not contain duplicates
and are not contained in a training split of other datasets.
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Nested expression:

(2 - 8) + (2 - 8) * (50% + 3)

Linear chain:

2 - 8 = -6
50 / 100 = 1/2
(1/2) + 3 = 7/2
(-6) * (7/2) = -21
(-6) * (-21) = -27

Figure 4: Example of linearization of nested expressions applied in creating Calc-X reasoning chains
for Ape210K, MathQA and MAWPS datasets.

Ape210K (Zhao et al., 2020) is a dataset of over 200K Chinese math problems involving simple
arithmetics. The solutions are represented as nested arithmetical expressions and a single numerical
result to which they evaluate. We automatically translate the questions to English using Google
Translate and linearize the nested expressions into a sequence of simple expressions using depth-first
traversal of the expression tree. Figure 4 illustrates the process of linearization.

Furthermore, we discard all examples that cannot be parsed. Then, we evaluate all steps and remove
examples where the end result does not numerically match the result saved in the data. We also
discard all examples containing expressions of form “⟨number⟩(⟨fraction⟩)”, such as 1(1/2) because
of the ambiguity between implicit multiplication and mixed fractions, which are both used in the data
indistinguishably. In total, more than 97% of the examples in each split were kept in the dataset.

Finally, the linearized examples can be directly transformed into our unified format. While Ape210K
is much larger than GSM8K, the exported chains do not contain any comments in natural language,
and the English prompts are machine-translated.

Analysis of overlaps shows that around 60% of both validation and test examples present duplicates
or near-duplicates to the Ape210K’s training split. In Calc-X, we remove these examples from
validation and test splits with around 1700 remaining in each.

AQuA-RAT (Ling et al., 2017) is a dataset of 100K math problems. The annotations consist of
1) multiple choices, 2) the correct choice, and 3) an informal, free-text rationale that explains the
selected choice. The answer is usually a single number but can also be a pair of numbers (coordinates),
include a unit, a ratio, ”None of the options,” and others.

The rationale is in free-text format and generally not parseable with formal grammar. In some cases,
calculations are written in words, such as “ten pages per day means seventy pages per week.” We
approach this in a best-effort manner and use regular expressions to find equations in the form of
expression = number. We remove all the characters (such as units) from both sides and evaluate the
left-hand side using a calculator. Finally, we compare the calculator output with the right-hand side,
and if they match, we insert a tagged calculator call into the rationale. This results in 1.6 calculator
calls on average per reasoning chain. For applications with high priority of recall in the injected
gadget calls, we propose to further filter our dataset to the samples with at least three calculator calls.

Analysis of data leaks shows around 2% of the training split are near-duplicates of around 30% and
25% of test and validation AQuA-RAT samples, respectively. In Calc-X collection, we remove these
samples from the train split.

MathQA (Amini et al., 2019b) is a subset (37K) of AQuA-RAT with further annotations. Human
annotators have corrected errors inside the AQuA-RAT rationales and annotated the solution with a
nested expression that leads to the correct answer.

We parse the nested expressions and linearize them using a procedure similar to that used for Ape210K.
Less than 0.3% of examples were removed due to parsing or evaluation problems. We also replace all
function calls (such as circle area) with operations executable with a sympy calculator.

Next, we keep the examples only if their expression evaluation result is in ±5% range of the selected
correct choice in the data, which results in a loss of around 30% of the data. We note that the
mismatch of the computed results with annotated options is not consistent with the authors’ claim
that the expressions in the dataset are guaranteed to evaluate to the selected option (Amini et al.,
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2019a), but is consistent with observations by Parisi et al. (2022). We attribute most of these errors to
the inconsistency in the original MathQA dataset. We remove all inconsistent examples in Calc-X.

Evaluation of data leakages shows that all samples of MathQA originate from the training split of
AQuA-RAT. Hence, we completely remove the validation and test splits of MathQA in Calc-X and
omit evaluations on MathQA in our results.

MAWPS (Koncel-Kedziorski et al., 2016) is a collection of around 5000 elementary school-level
problems from online websites. The solution to each problem is annotated as an equation with a
single result variable x. We isolate x from the equations by manual annotation and then linearize the
corresponding expression into a sequence of calculations to convert the data into our unified format.

Around 70% of MAWPS’s train samples are near-duplicates of its train split, test split, or ASDiv-A
test split. We remove these samples from Calc-X’s train collection.

ASDiv-A (Miao et al., 2020) is an arithmetics benchmark with problems of similar difficulty as
MAWPS. ASDiv-A picks around 1,200 samples with a number as a solution and a nested expression
evaluating to the correct result.

SVAMP (Patel et al., 2021) comprises 1,000 math problems derived from ASDiv, overcoming
some of its statistical biases. Whole ASDiv-A and SVAMP datasets were directly convertible to our
common format. With no official train-test split, we use both for testing only.

5 Experiments

5.1 Training on Calc-X collection

To explore the potential of large and consistent arithmetic reasoning data collection, we train models
in three configurations:

1. Train baselines on the original datasets: We use all of the selected datasets (see Section 4)
to train standard generative models that produce a CoT on a given problem. All training
samples removed from Calc-X are also removed from baseline data for fair comparison.

2. Train Calcformers on the Calc-X datasets: We train models with identical objective,
but on the corresponding Calc-X datasets, to enable interaction with a calculator. Then,
we evaluate the models in 2 variants that differ in generation to measure the effect of the
calculator. In Calcformer ON variant, whenever the model generates a gadget tag, the
model’s generated text is extended with the output tag containing the response from a
calculator (see Figure 1). In Calcformer OFF variant, models generate every output token,
including the content of output tags.

3. Retrain the best-performing Calcformer on Calc-X with style instructions. We use
the same configuration as in 2. but prepend a dataset-specific style instruction before each
training input. The details of the style instructions can be found in Appendix C. During
inference, we apply GMS8K style instruction to guide the model to mimic the high-quality
solutions present in GMS8K dataset, which include explanations and consistent usage of a
calculator in every reasoning step.

In the experiment, we fine-tune pre-trained T5 models of Raffel et al. (2020), and Chung et al. (2022)
in 700-million and 3-billion parameters’ versions, using cross-entropy loss, commonly applied on
sequence-to-sequence Transformers (Bahdanau et al., 2016; Vaswani et al., 2017). We use greedy
decoding in inference.

We evaluate both systems by numerically comparing the value of the final result extracted from the
generated answer with the ground truth result.

In the case of the Calcformer models, the numerical result is enclosed in the <result> tags that we
use for extraction. For the baseline models, we extract the result from the phrase “The final result
is”, which is present in all the baseline training samples. Our training setup is further detailed in
Appendix A.
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5.2 Offline Self-training on Arithmetic Reasoning

5.2.1 Offline Self-training dataset

We use the first 50 000 problems in Ape210K as a base of the self-training dataset. Using only a
single dataset for self-training allows us to inspect the accuracy on the remaining datasets, indicating
the methods robustness.

We generate up to 20 solutions per example with a top-k=5 sampling with the best three checkpoints
of Calcformer-Flan-XL-instruct. As the original Ape210K dataset contains only a sequence
of operations (without the natural-language description of operations), we applied GSM8K-style
instruction during inference, causing the model to generate chains including explanations instead of
reproducing the Ape210K training data from memory. After generating the predictions, we assess that
the model is indeed sensitive to the instructed style by comparing the proportions of gadget calls and
natural explanations: In the predictions, 52.6% of characters are explanations, compared to 54.0% in
the GSM8K train set (our target style) and 0% in the original Ape210K train set.

We evaluate these predictions based on whether the result is correct and sample the following
quadruple for each problem: problem, correct chain 1, correct chain 2, and incorrect chain. Only
the problems with at least two correct chains and one incorrect chain are kept, which results in a
self-training dataset of 24,000 examples. The self-training dataset is referenced in Appendix G.

━  KTO B=0.9 ━  KTO B=0.99 ━  KTO B=0.1+LoRa━  KTO B=0.01 ━  KTO B=0.1 ━  KTO B=0.3 ━  KTO B=0.6

━  DPO B=0.9 ━  DPO B=0.99 ━  DPO B=0.1+LoRa━  DPO B=0.01 ━  DPO B=0.1 ━  DPO B=0.3 ━  DPO B=0.6

━  IPO T=0.9 ━  IPO T=0.99 ━  IPO T=0.1+LoRa━  IPO T=0.01 ━  IPO T=0.1 ━  IPO T=0.3 ━  IPO T=0.6

━  KTO B=0.9 ━  KTO B=0.99 ━  KTO B=0.1+LoRa━  KTO B=0.01 ━  KTO B=0.1 ━  KTO B=0.3 ━  KTO B=0.6

Figure 5: Log-probabilities for preference optimization methods on chains leading to correct answers
(left), incorrect answers (middle), and their margin (right) show large sensitivity to hyperparameter
selection. We note that smaller margins tend to correspond to the best-performing configurations.

5.2.2 Offline Self-training settings

In all variants of self-training, we fine-tune a trained Calcformer-Flan-XL-instruct checkpoint
from the previous experiment. We use the same values for common training hyperparameters shared
between all variants. The details are listed in Appendix B.
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Supervised self-training We use next-token cross-entropy loss in all supervised runs using pre-
dictions with correct results as gold labels. Specifically, in Supervised-baseline, we train on pairs
(problem, correct chain 1) from our self-training dataset. For Supervised-balanced, we create two
training examples from each row: (problem, correct chain 1) and (problem, correct chain 2). The
aim is to have a comparable amount of training tokens in the data as the preference training settings.
In Supervised-with-neg, we also create two training examples from each row of the self-training
examples: (problem, correct chain 1) and (negative prompt + problem, incorrect chain) where the
negative prompt is a phrase “Write incorrect solution for the following question.” In this setting, we
assess whether supervised training can benefit from being exposed to negative samples via a naive
prompting approach. For better reproducibility, all variants of the self-training dataset are publicly
available and referenced in Appendix G.

Preference self-training In preference training, we use triplets (problem, correct chain 1, incorrect
chain) from our self-training dataset and pose a preference for the correct chain over the incorrect
one. We experiment with three preference objectives: DPO (Rafailov et al., 2023), KTO (Ethayarajh
et al., 2024), and IPO (Azar et al., 2023).

All objectives have a single hyperparameter (β in DPO and KTO, τ in IPO) expressing the strength
regularization by the reference model (initial checkpoint), for which we perform a hyperparameter
search over values 0.01, 0.1, 0.3, 0.6, 0.9 and 0.99. In addition, we replicate the best-performing
runs using a low-rank adaptation, LoRA (Hu et al., 2022), to measure the effect on performance and
robustness. We apply the adapters with a rank of 32 to all linear layers.

5.3 Online Self-training on Arithmetic Reasoning

In the online self-training experiment, we generate the training data dynamically during training. To
create new data, we sample a problem from Ape210K and generate 16 solutions with the currently
trained model. Then, we classify whether the predicted result matches the result in the data. In the
supervised variant, we filter the solutions with correct results and use them as training labels. In the
preference variants, we sample pairs of solutions where exactly one has a correct result and is marked
as preferred. The configuration details of the training pipeline are listed in Appendix F.

In this experiment, we use the same base checkpoint as in the offline experiment, and we select
the best-performing hyperparameter configuration per training method according to the offline
experiment.

6 Results

6.1 Training on Calc-X collection

Table 1 compares the accuracy of the conventional generation and calculator-using generation of
models trained on Calc-X datasets. calculator-using models surpass the accuracy of the baseline
models 2-3 times, with the exception of the AQuA-RAT dataset. The overall improvement of the
Calcformers in reaching the correct answer is 97.1% on average across all datasets compared to
corresponding baselines trained on the original data format. In addition, by evaluating Calcformer
models with standard generation, we can attribute 65% of the improvement to tool-using generation
and 35% to the formatting of the training data alone.

On the AQuA-RAT dataset, Calcformers perform comparably with baselines in the case of two out
of three base models. We find that this is due to the necessity of using intermediate variables in
many AQuA-RAT questions, which will require integrating more complex symbolic systems than a
calculator, such as the Python interpreter, leaving this a challenge for future work.

We also see encouraging the model to use GSM8K output style via style instruction significantly
hurts the accuracy on Ape210K dataset and helps on the remaining five. We hypothesize that this is
because Ape210K is the only dataset without natural explanations and with most solutions over two
reasoning steps long, making it the hardest for the model to extrapolate to. We illustrate the effect of
style instruction on output in Appendix D.
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GSM8K AQuA-RAT Ape210K MAWPS SVAMP ASDiv-A

GPT-3 (175B) 19.9∗ 10.0∗ 14.0∗
Toolformer (6.7B) 44.0∗ 29.4∗ 40.4∗

T5-L (700M)
Calcformer ON 31.6±2.5 27.2±6.6 52.9±2.3 38.5±4.1 34.9±3.0 55.8±2.8
Calcformer OFF 22.8±2.3 27.2±5.5 37.4±2.2 16.0±3.2 25.2±2.7 39.2±2.7
Baseline 16.3±2.0 26.6±6.6 18.8±1.8 10.4±2.6 17.2±2.3 30.0±2.6

T5-XL (3B)
Calcformer ON 39.3±2.7 33.5±6.9 53.9±2.3 49.2±4.3 44.0±3.0 67.1±2.6
Calcformer OFF 28.5±2.5 25.6±5.3 37.8±2.3 21.0±3.5 32.4±2.8 48.4±2.8
Baseline 19.0±2.1 31.8±6.9 20.8±1.9 16.2±3.2 25.1±2.7 37.2±2.7

Flan-XL (3B)
Calcformer ON 42.4±2.7 31.2±6.6 53.4±2.4 45.4±4.3 46.8±3.1 72.2±2.5
Calcformer OFF 31.2±2.5 24.8±5.3 36.6±2.2 19.0±3.4 32.4±2.9 51.3±2.8
Baseline 23.7±2.3 21.4±6.4 23.0±1.9 16.5±3.2 23.3±2.6 38.3±2.7

Flan-XL (3B)
Calcformer instruct 43.2±2.7 37.8±6.1 26.3±2.1 61.9±4.2 51.8±3.2 78.7±2.3

Table 1: Test accuracy comparing tool-using generation and standard generation (ON vs. OFF). For
reference, we compare the models to previous work and to Baselines trained on the same data but
in the original formats. Values marked with * are self-reported by Schick et al. (2023). Confidence
intervals are bootstrapped (sample size 500 with 1,000 repeats). Bold denotes the best results for each
base model. The overall best base model was retrained with style instructions to mimic high-quality
GSM8K solutions. The entries where it improved performance are underlined.

6.2 Offline Self-training on Arithmetic Reasoning

Table 2 shows the accuracy of models trained with different self-training methods described in
Section 5.2. While at least one of the preference optimization methods performs better on each
evaluation dataset, both approaches achieve gains of similar scale and the difference in gains between
the best supervised and preference optimization approach is small.

Comparing improvements on the self-training dataset (Ape210K) and others suggest that KTO
provides more robust improvements. However, the improvements of both DPO and IPO on other
datasets can be fostered by parameter-efficient training.

Among all methods, the Supervised-with-neg method using negative samples in supervised training
through negative prompt performs the worst, bringing small gains only on two datasets, including the
self-training dataset. This result shows that using negative feedback in supervised training analogically
to preference optimization methods might require more sophisticated approaches, presenting a
challenge for future work.

Figure 5 provides a more detailed report of the impact of preference optimization in self-training. We
can see that preference optimization methods are not consistent in maximizing the likelihood
of correct sequences and minimizing the likelihood of incorrect ones. This behavior suggests
potential improvements in their design in future work. Further, all methods can maximize the margin
between two groups, but the margin does not correspond to the end task quality of the resulting
configuration: for instance, the best-performing configuration of KTO with β = 0.1 maintains a
relatively small correct/incorrect margin.

We also examined the convergence speed of all methods. On average, the preference trainings without
LoRA listed in Table 2 achieved the best validation score at around 2,400 steps, compared to 16,600
steps in supervised setup. LoRA variants are slower, but the difference varied considerably between
methods. A detailed report can be found in Appendix E.

6.3 Online Self-training on Arithmetic Reasoning

Table 3 compares the accuracy of training methods in the online setting described in Section 5.3.
Notably, supervised setup performs considerably well on MAWPS, SVAMP, and ASDiv-A compared
to preference training. These datasets contain mostly single-step problems (with reference solutions
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GSM8K AQuA-RAT Ape210K MAWPS SVAMP ASDiv-A

Calcformer-Flan-XL-instruct 43.2±2.7 37.8±6.1 26.3±2.1 61.9±4.2 51.8±3.2 78.7±2.3

Supervised-baseline 46.1±2.7 37.8±5.9 32.9±2.2 70.6±3.8 56.2±3.0 81.9±2.2
Supervised-balanced 45.8±2.7 37.4±5.9 33.6±2.2 66.7±3.9 58.4±3.0 82.0±2.2
Supervised-with-neg 41.8±2.7 33.1±5.7 28.0±2.1 65.2±4.1 52.2±3.1 75.9±2.4

DPO (β = 0.99) 45.3±2.7 37.0±5.9 29.2±2.1 69.6±3.9 54.2±3.1 83.1±2.1
DPO (β = 0.9) 37.2±2.6 40.9±6.1 32.8±2.3 61.2±4.1 52.2±3.1 78.1±2.3
DPO (β = 0.9) + LoRA 45.9±2.7 41.3±6.1 32.4±2.2 64.4±4.0 57.1±3.1 84.7±2.0

KTO (β = 0.3) 47.1±2.7 38.6±6.1 36.4±2.2 78.3±3.5 55.8±3.1 85.3±2.0
KTO (β = 0.1) 47.0±2.7 40.6±6.1 37.9±2.3 68.3±3.9 57.2±3.1 86.4±1.9
KTO (β = 0.1) + LoRA 43.1±2.7 36.2±5.9 37.6±2.2 64.2±4.1 58.5±3.3 87.0±1.9

IPO (τ = 0.9) 38.4±2.7 39.0±5.9 26.9±2.1 71.3±3.8 64.6±3.0 87.4±1.9
IPO (τ = 0.99) 40.7±2.7 36.6±5.9 28.1±2.1 66.3±4.0 64.5±3.0 87.8±1.8
IPO (τ = 0.99) + LoRA 36.0±2.6 39.4±5.9 30.2±2.1 66.7±4.0 65.6±3.0 87.8±1.8

Table 2: Correct results obtained in offline self-training on Ape210K. For each preference optimization
method, we report results for its two best-performing configurations. Bold entries denote the best
results among supervised and preference optimization methods per dataset.

GSM8K AQuA-RAT Ape210K MAWPS SVAMP ASDiv-A

Calcformer-Flan-XL-instruct 43.2±2.7 37.8±6.1 26.3±2.1 61.9±4.2 51.8±3.2 78.7±2.3

Supervised 37.1±2.6 2.4±2.0 48.1±2.3 98.3±1.3 69.8±2.8 89.8±1.7
DPO (β = 0.9) 49.1±2.7 39.8±5.9 37.9±2.3 79.6±3.4 57.3±3.1 85.6±2.0
KTO (β = 0.1) 52.7±2.7 36.6±6.1 49.6±2.4 85.2±3.0 62.6±3.1 90.6±1.6
IPO (τ = 0.99) 49.1±2.8 35.8±5.9 42.2±2.3 81.5±3.4 56.8±3.0 86.6±1.9

Table 3: Comparison of training methods in online self-training on Ape210K. Results on AQuA-RAT
with answer-selection prompts suggest that preference optimization methods are better at maintaining
abilities obtained in pre-training, while SFT outperforms preference optimization on single-step and
two-step tasks (MAWPS, SVAMP and ASDiv-A).

having 1.02, 1.24, and 1.17 steps on average). In contrast, supervised training significantly decreased
the accuracy on more challenging GSM8K (3.25 steps), where all preference methods made a
significant improvement. AQuA-RAT, the only dataset with choice selection, shows the largest
difference in accuracy, where supervised self-training dropped accuracy nearly to zero, while 20%
can be achieved by choosing options randomly. We found that the supervised self-training on data
with numerical results caused the model to forget how to answer choice selection questions, while
preference optimization kept this pre-trained ability intact.

7 Conclusion & Future Directions

This paper introduces a Calc-X dataset collection, transforming over 300,000 arithmetic reasoning
problems into a unified chain-of-thought format with explicit calculation annotation. Calc-X enables
integrating a calculator in the reasoning of language models via traditional supervised learning. We
eliminate the datasets’ mutual data leakages, making Calc-X a convenient default for any future
research addressing arithmetic reasoning or tool-using models.

Next, we demonstrate the potential of Calc-X by training tool-using models. They outperform
existing work and approximately doubles the accuracy of baselines. We make the Calc-X collection
and calculator-using Calcformer models publicly available to facilitate further research.

Finally, we explore the application of preference optimization methods for self-training on arithmeti-
cal problems and find that the supervised approach presents a competitive baseline to preference
optimization methods. B both approaches can improve performance on a majority of benchmarks,
preference methods may provide more robust improvements, as evidenced by out-of-distribution
evaluations. For a price of slower convergence, parameter-efficient adaptation methods might further
complement robustness improvements of preference optimization methods.
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A Calc-X training details

A.1 Training settings

We trained the models using the HuggingFace Transformers library. We applied standard sequence-
to-sequence training with cross-entropy loss on all tokens. We optimized the model with AdamW
optimizer and effective batch size of 32. We used learning rate of 5e-5 with 1000 warmup steps,
and a linear lr decay to 0 in 400000 steps. The models were trained in bf16 precision. All models
were trained on a mixture of all datasets, either in Calc-X or in original format, with data upsampling
to balance different dataset sizes.

During training, we monitored the percentage of validation predictions with a correct final result
generated with greedy decoding. We compute the performance on each dataset separately and average
them together, which we use for early stopping and selecting the best checkpoint after training.

B Offline self-training details

All self-trained supervised models were trained using the HuggingFace Transformers library, all
preference models using the HuggingFace TRL library. HuggingFace PEFT library was used for
LoRA models.

All self-trained models were optimized with Adafactor optimizer with an effective batch size of 32,
a learning rate of 2e− 5 with 1000 warmup steps, and a linear lr decay to 0 in 1 million steps. The
models were trained in bf16 precision. All LoRA models used adapters on all linear layers with a
rank of 32 and α of 32.

The self-training checkpoints used for testing were early-stopped and selected according to accuracy
(correct results produced with greedy decoding) on a random subset of 200 validation examples from
Calc-X Ape210K. The random subset was consistent across variants.

C Style instructions

Datasets in the Calc-X collection differ in their chain format. Calcformer-Flan-XL-instruct was
informed about the expected output style in the prompt during training. We list here all style
instructions for each dataset below. Curly brackets {} denote a place where the math problem is
inserted into the instruction. Templates were sampled randomly during training based on their
probability weights.
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Ape210k

template weight

0 Solve the math problem. Use a calculator for all calculations. Do **not** write
down the reasoning. {}

0.2

1 Solve this problem. Use a calculator program. No explanations are allowed, just
write all intermediate steps. {}

0.2

2 {} No need to write down how you solved it. Just call calculator API to obtain
intermediate values.

0.2

3 Answer this question: {} No explanations are allowed, but explicitly state each
computation.

0.2

4 {}

You must use a only html-like tags to format your answer. Free-text is forbidden.
0.2

AQuA-RAT

template weight

0 Solve this: {} You can use a calculator, but you don’t have to. Good formatting is
not important.

0.2

1 Answer the question. Explain your reasoning step-by-step, but no need to be
thorough. You can call calculator API when it’s convenient. {}

0.2

2 {}

Can you explain how to find the solution step-by-step? you can use function
calling with a calculator app, but it’s not that important.

0.2

3 Explain how to solve this:
{} calculations tags as annotation are not required but can be used. Don’t worry
about formatting much, just get to the answer.

0.2

4 You can see a math problem below. Write down the solution step-by-step. You
can use a calculator. Although, neither calculator calls or nice formatting are
strictly necessary. {}

0.2
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GSM8K

template weight

0 {} 0.5
1 Solve the following math word problem using a calculator. {} Describe each step

in words.
0.05

2 You can use a calculator. Solve this problem and explain your reasoning. {} 0.05
3 Solve the math problem below. State each calculation and provide explanation

for each step. {}
0.05

4 Answer the following question and give a step-by-step solution. You can call
calculator API. {}

0.05

5 {} Calculate the solution to the math problem with a calculator program. Explain
your method clearly an format it well.

0.05

6 Please compute the answer using a calculator function calls.{}Write down the
reasoning for each step.

0.05

7 {} You can call a calculator for this problem to obtain correct intermediate results.
Make sure to solve it correctly.

0.05

8 I’m stuck with this problem. Please help me solve it. You are allowed to utilize a
calculator to minimize risk of wrong computation. {}

0.05

9 Can you explain to me how to solve this? {}
Don’t try to compute it manually, just use a calculator.

0.05

10 {}

I don’t know how to solve this. Write down each step in words and explicitely
annotate each calculation.

0.05

MathQA

template weight

0 {} Don’t try to eliminate answer choices, just compute the answer and then check
if it’s in the options. Use calculator but don’t write down the reasoning.

0.2

1 {} Compute the answer and then select the corresponding choice. Keep the output
structured as a sequence of calculations and output tags.

0.2

2 Try to solve this problem using a calculator function. Then find the answer in the
choices. Avoid free-text rationales, stick to calculations only. {}

0.2

3 Solve this word problem with a series of calculator API calls. No explanations
are allowed, just write down all intermediate calculations. {}

0.2

4 You have access to a calculator program. Use it to find the solution. {} Avoid
unstructured text, record computations only.

0.2

MAWPS

template weight

0 Solve the math problem. Use a calculator for all calculations. Do **not** write
down the reasoning. {}

0.2

1 Solve this problem. Use a calculator program. No explanations are allowed, just
write all intermediate steps. {}

0.2

2 {} No need to write down how you solved it. Just call calculator API to obtain
intermediate values.

0.2

3 Answer this question: {} No explanations are allowed, but explicitly state each
computation.

0.2

4 {}

You must use a only html-like tags to format your answer. Free-text is forbidden.
0.2
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D Example outputs with style instruction

To illustrate the effect of style instruction on models’ output, we sample 10 examples randomly (with
seed 0) from Calc-X Ape210K test set and list here the generated predictions using Calcformer-
Flan-XL-instruct with GSM8K-style instruction and with Ape210K-style instruction. We use greedy
decoding. The whitespace is edited for visual clarity.

id: ape210k 00678281

prediction with GSM8K-style instruction:

The a l t i t u d e o f Mount F u j i i n Japan i s 8844 − 1296 =
<g a d g e t i d=” c a l c u l a t o r ”>8844−1296< / g a d g e t>
<o u t p u t>7 548< / o u t p u t>
7548 m e t e r s .
< r e s u l t>7 548< / r e s u l t>

prediction with Ape210K-style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>8 844 − 1 296< / g a d g e t>
<o u t p u t>7 548< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>7 548 / 2< / g a d g e t>
<o u t p u t>3 774< / o u t p u t>
< r e s u l t>3 774< / r e s u l t>

id: ape210k 00083872

prediction with GSM8K style instruction:

The volume of a c y l i n d e r i s g i v e n by p i * r * h .
The volume of t h e i r o n b a l l i s g i v e n by p i * 12 * 12 * 14 =
<g a d g e t i d=” c a l c u l a t o r ”>12*12*12*14< / g a d g e t>
<o u t p u t>24 192< / o u t p u t>
24192 c u b i c d e c i m e t e r s .
< r e s u l t>24 192< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>12 ** 2< / g a d g e t>
<o u t p u t>144< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>14 − 1 3 . 5< / g a d g e t>
<o u t p u t>0 . 5< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>3 . 1 4 * 144 * 0 . 5< / g a d g e t>
<o u t p u t>226 .08< / o u t p u t>
< r e s u l t>226 .08< / r e s u l t>

id: ape210k 01103039

prediction with GSM8K style instruction:

The o r i g i n a l p r i c e i s 8+2=
<g a d g e t i d=” c a l c u l a t o r ”>8+2< / g a d g e t>
<o u t p u t>10< / o u t p u t>
10 yuan . So , he bough t t h e p e n c i l c a s e f o r 8 /10=
<g a d g e t i d=” c a l c u l a t o r ”>8 /10< / g a d g e t>
<o u t p u t>4 /5 = a round 0 . 8< / o u t p u t>
0 . 8 yuan l e s s t h a n t h e o r i g i n a l p r i c e .
T h e r e f o r e , t h e p e r c e n t a g e t h a t Xiao long bough t t h e p e n c i l c a s e
c h e a p e r t h a n t h e o r i g i n a l p r i c e i s 0 .8 /10*100=
<g a d g e t i d=” c a l c u l a t o r ”>0 . 8 /1 0 * 1 0 0< / g a d g e t>
<o u t p u t>8< / o u t p u t>
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8%
< r e s u l t>8< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>8 + 2< / g a d g e t>
<o u t p u t>10< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>2 / 10< / g a d g e t>
<o u t p u t>1 /5 = a round 0 . 2< / o u t p u t>
< r e s u l t>1 /5 = a round 0 . 2< / r e s u l t>

id: ape210k 00140349

prediction with GSM8K style instruction:

I f 2 /15 of t h e c a n a l ' s l e n g t h i s 60 mete r s , t h e n t h e c a n a l i s
2 /15*60 =
<g a d g e t i d=” c a l c u l a t o r ”>2 /15*60< / g a d g e t>
<o u t p u t>8< / o u t p u t>
8 m e t e r s l ong .
< r e s u l t>8< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>2 / 15< / g a d g e t>
<o u t p u t>2 /15 = a round 0 .133333< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>60 / ( 2 / 1 5 )< / g a d g e t>
<o u t p u t>450< / o u t p u t>
< r e s u l t>450< / r e s u l t>

id: ape210k 01034935

prediction with GSM8K style instruction:

The t o t a l number o f words t h a t Xiaopang can t y p e i n 20 m i n u t e s i s
20 * 60 =
<g a d g e t i d=” c a l c u l a t o r ”>20*60< / g a d g e t>
<o u t p u t>1 200< / o u t p u t>
1200 words . The number o f words t h a t X i a o q i a o can t y p e i n 15
m i n u t e s i s 1200 /15 =
<g a d g e t i d=” c a l c u l a t o r ”>1200 /15< / g a d g e t>
<o u t p u t>80< / o u t p u t>
80 words .
< r e s u l t>80< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>20 / 15< / g a d g e t>
<o u t p u t>4 /3 = a round 1 .333333< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>60 * ( 4 / 3 )< / g a d g e t>
<o u t p u t>80< / o u t p u t>
< r e s u l t>80< / r e s u l t>

id: ape210k 00627727

prediction with GSM8K style instruction:

The number o f t o u r i s t s who were r e c e i v e d on t h e second day i s 1 /6
* 480 =
<g a d g e t i d=” c a l c u l a t o r ”>1 /6*480< / g a d g e t>
<o u t p u t>80< / o u t p u t>
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80 more t h a n on t h e f i r s t day . The t o t a l number o f t o u r i s t s who
were r e c e i v e d on t h e second day i s 480 + 80 =
<g a d g e t i d=” c a l c u l a t o r ”>480+80< / g a d g e t>
<o u t p u t>560< / o u t p u t>
5 6 0 .
< r e s u l t>560< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>1 / 6< / g a d g e t>
<o u t p u t>1 /6 = a round 0 .166667< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>1 + ( 1 / 6 )< / g a d g e t>
<o u t p u t>7 /6 = a round 1 .166667< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>480 * ( 7 / 6 )< / g a d g e t>
<o u t p u t>560< / o u t p u t>
< r e s u l t>560< / r e s u l t>

id: ape210k 00349226

prediction with GSM8K style instruction:

There a r e 123 + 78 =
<g a d g e t i d=” c a l c u l a t o r ”>123+78< / g a d g e t>
<o u t p u t>201< / o u t p u t>
201 s t u d e n t s p a r t i c i p a t i n g i n a r t t r a i n i n g . Mathemat i c s t r a i n i n g
i s t w i c e t h e number o f s t u d e n t s i n a r t t r a i n i n g , meaning 201 x 2 =
<g a d g e t i d=” c a l c u l a t o r ”>201*2< / g a d g e t>
<o u t p u t>402< / o u t p u t>
402 s t u d e n t s .
< r e s u l t>402< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>123 + 78< / g a d g e t>
<o u t p u t>201< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>201 * 2< / g a d g e t>
<o u t p u t>402< / o u t p u t>
< r e s u l t>402< / r e s u l t>

id: ape210k 00047506

prediction with GSM8K style instruction:

Twice t h e number o f p a r t i c i p a t i n g c o u n t r i e s i n t h e 2005 A i c h i
World Expo i s 121*2 =
<g a d g e t i d=” c a l c u l a t o r ”>121*2< / g a d g e t>
<o u t p u t>242< / o u t p u t>
2 4 2 . So f a r , 242 − 4 =
<g a d g e t i d=” c a l c u l a t o r ”>242−2< / g a d g e t>
<o u t p u t>240< / o u t p u t>
240 c o u n t r i e s have p a r t i c i p a t e d i n t h e Shangha i World Expo .
< r e s u l t>240< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>121 * 2< / g a d g e t>
<o u t p u t>242< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>242 − 4< / g a d g e t>
<o u t p u t>238< / o u t p u t>
< r e s u l t>238< / r e s u l t>
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id: ape210k 00376600

prediction with GSM8K style instruction:

F i r s t , we need t o d e t e r m i n e how many t o n s o f t h e c a r g o a r e l e f t .
To do t h i s , we pe r fo rm 119 /5=
<g a d g e t i d=” c a l c u l a t o r ”>119 /5< / g a d g e t>
<o u t p u t>119 /5 = a round 2 3 . 8< / o u t p u t>
2 3 . 8 t o n s o f c a r g o i n 1 t r u c k . S i n c e t h e n e x t v e h i c l e added t o t h e

group has a l o a d c a p a c i t y o f 4 . 5 tons , we d i v i d e t h e 2 3 . 8 t o n s by
4 . 5 , p e r f o r m i n g 2 3 . 8 /4 . 5=
<g a d g e t i d=” c a l c u l a t o r ”> 2 3 . 8 / 4 . 5< / g a d g e t>
<o u t p u t>5 .288889< / o u t p u t>
5 .288889 t r u c k s i n 1 day . S i n c e t h e n e x t t r u c k i s a b l e t o
t r a n s p o r t a n o t h e r 5 tons , we c o m p l e t e t h e s h ip m e n t by t a k i n g o u t
5+2=
<g a d g e t i d=” c a l c u l a t o r ”>5+2< / g a d g e t>
<o u t p u t>7< / o u t p u t>
7 t r u c k s . S i n c e t h e r e m a i n i n g c a r g o i s 119−76=
<g a d g e t i d=” c a l c u l a t o r ”>119−76< / g a d g e t>
<o u t p u t>43< / o u t p u t>
43 tons , we do t h i s by t a k i n g 4 3 /4 . 5=
<g a d g e t i d=” c a l c u l a t o r ”>4 3 / 4 . 5< / g a d g e t>
<o u t p u t>9 .555556< / o u t p u t>
9 .555556 t r u c k s i n 1 day . S i n c e t h e n e x t t r u c k i s a b l e t o
t r a n s p o r t a n o t h e r 5 tons , we do t h i s by t a k i n g 9.555556=
<g a d g e t i d=” c a l c u l a t o r ”>9 .555556< / g a d g e t>
<o u t p u t>9 .555556< / o u t p u t>
9 .555556 t r u c k s i n 1 day . S i n c e t h e f i n a l t r u c k i s a b l e t o
t r a n s p o r t a n o t h e r 4 . 5 tons , we do t h i s by t a k i n g 9.555556=
<g a d g e t i d=” c a l c u l a t o r ”>9 .555556< / g a d g e t>
<o u t p u t>9 .555556< / o u t p u t>
9 . 5 5 5 5 5 6 . S i n c e t h e f i n a l t r u c k i s a b l e t o t r a n s p o r t a n o t h e r 4 . 5
tons , we do t h i s by t a k i n g 9.555556=
<g a d g e t i d=” c a l c u l a t o r ”>9 .555556< / g a d g e t>
<o u t p u t>9 .555556< / o u t p u t>
9 . 5 5 5 5 5 6 . S i n c e t h e f i n a l t r u c k i s a b l e t o t r a n s p o r t a n o t h e r 4 . 5
tons , we do t h i s by t a k i n g 9.555556=
<g a d g e t i d=” c a l c u l a t o r ”>9 .555556< / g a d g e t>
<o u t p u t>9 .555556< / o u t p u t>
9 . 5 5 5 5 5 6 .
S i n c e t h e f i n a l t r u c k i s a b l e t o t r a n s p o r t a t o t a l o f 9 . 5 5 5 5 5 6 , we

do t h i s by s u b t r a c t i n g 9 .555556 from 119.5788889 t o f i n d o u t t h e
number o f a d d i t i o n a l t r u c k s t h a t w i l l be used t o t r a n s p o r t t h e
r e m a i n i n g c a r g o .
< r e s u l t>9< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>119 − 5< / g a d g e t>
<o u t p u t>114< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>5 + 4 . 5< / g a d g e t>
<o u t p u t>9 . 5< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>114 / 9 . 5< / g a d g e t>
<o u t p u t>12< / o u t p u t>
< r e s u l t>12< / r e s u l t>

id: ape210k 00288459

prediction with GSM8K style instruction:
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50 − 2 =
<g a d g e t i d=” c a l c u l a t o r ”>50−2< / g a d g e t>
<o u t p u t>48< / o u t p u t>
48 p a r t s a r e good . The p a s s r a t e i s 48 /50 =
<g a d g e t i d=” c a l c u l a t o r ”>48 /50< / g a d g e t>
<o u t p u t>24 /25 = a round 0 . 9 6< / o u t p u t>
0 . 9 6 . Uncle Wang s h o u l d p r o c e s s 192 / 0 . 9 6 =
<g a d g e t i d=” c a l c u l a t o r ”>1 9 2 /0 . 2 6< / g a d g e t>
<o u t p u t>738 .461538< / o u t p u t>
738 .461538 p a r t s .
< r e s u l t>738 .461538< / r e s u l t>

prediction with Ape210K style instruction:

<g a d g e t i d=” c a l c u l a t o r ”>50 − 2< / g a d g e t>
<o u t p u t>48< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>48 / 50< / g a d g e t>
<o u t p u t>24 /25 = a round 0 . 9 6< / o u t p u t>
<g a d g e t i d=” c a l c u l a t o r ”>192 / ( 2 4 / 2 5 )< / g a d g e t>
<o u t p u t>200< / o u t p u t>
< r e s u l t>200< / r e s u l t>

E Offline self-training convergence speed

Method Training steps

Supervised baseline 16000
Supervised balanced 14000
Supervised with-neg 20000

KTO β = 0.3 3800
KTO β = 0.1 4800
KTO β = 0.1 LoRA 16400

DPO β = 0.99 1800
DPO β = 0.9 1800
DPO β = 0.9 LoRA 2600

IPO τ = 0.9 1200
IPO τ = 0.99 1200
IPO τ = 0.99 LoRA 1600

Table 4: Comparison of number of steps needed for self-training methods to convergence.

F Details of the online self-training pipeline

Supervised setting: For each problem, 16 solutions are generated with the current model using
top-k=50 sampling. Solutions with a correct result will be used for training, the rest are discarded.
The correct solutions are oversampled (at most 4 times each) - to generate 32 training samples per
problem.

Preference optimization setting: For each problem, 16 solutions are generated with the current
model using top-k=50 sampling. Then, we generate all possible pairs of solutions where one solution
has a correct result and the other one does not. We then sample with repetition from the pairs, such
that (i) every correct solution is used at most 4 times, (ii) the number of training samples (preference
pairs) per problem is 32 if possible without violating condition (i), and (iii) all correct (and all
incorrect) solutions are used almost the same number of times.
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In both cases (supervised and preference optimization), the generated data examples are put into a
buffer of size 8192 and are sampled from it for training. When a training example gets chosen, it is
removed from the buffer, and new data are generated to fill the empty slot.

G Datasets, Models, and Code

We make our code, datasets, and models publicly available.

Code: https://github.com/prompteus/calc-x

Models: https://hf.co/MU-NLPC

Datasets:

• Calc-X: https://hf.co/datasets/MU-NLPC/Calc-X
• Style instructions: https://hf.co/datasets/MU-NLPC/Calc-X_style-instructions
• Offline self-training predictions:
https://huggingface.co/datasets/MU-NLPC/Calc-ape210k_selftrain

• Offline self-training dataset variants used in experiments:
– https://hf.co/datasets/MU-NLPC/Calc-ape210k_selftrain_experiment
– https://hf.co/datasets/MU-NLPC/Calc-ape210k_selftrain_experiment_balanced
– https://hf.co/datasets/MU-NLPC/Calc-ape210k_selftrain_experiment_negative
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