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Abstract
We introduce GSM-Identity, a pipeline to modify existing mathematical reasoning bench-
marks by adding extra complexity to the questions while preserving their fundamental 
meaning. By systematically transforming numerical values in the GSM8K dataset into 
mathematically equivalent but less obvious expressions, we create a benchmark to mea-
sure Large Language Models (LLMs) mathematical understanding. We evaluate LLMs 
ranging from 7 billions to 72 billions parameters using multiple prompting strategies, 
including standard, notice-based, and chain-of-thought approaches. We find that Math 
oriented models can retain most of their performance on GSM8K when evaluated on 
GSM-Identity, while general purpose models show significant performance degradation. A 
comparison with human evaluations reveals that models in the 7 billion parameters range 
perform similar to humans when exposed to the kind of modifications we study, while 
models with more than 70 billion parameters are more accurate than humans in answer-
ing the questions and they are also more resilient to modifications. Our findings highlight 
GSM-Identity as a valuable tool for distinguishing reasoning from memorization, offering 
insights into the abilities of LLMs to understand higher level mathematical concepts.

Keywords  Large language models · Mathematical understanding · Reasoning · AI and 
Human
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1  Introduction

Research on Generative AI has seen a fast growth in recent years due to performance 
improvements in generating each of the main modalities: text, images, videos and audio. 
This growth has been favored by the ability of Generative AI to create seemingly new con-
tent, i.e., ChatGPT-like models write coherent and grammatical text potentially leading to 
genuinely novel information.

Despite this potential, most use cases for Generative AI involve facilitating the interac-
tion between users and existing technologies. For audio generative models both turning 
voice into text through Automatic-Speech-Recognition (ASR) models (Baevski et al., 2020) 
and the other way around through Text-To-Speech (TTS) models (Li et al., 2023) show 
promising ground for new applications. Similarly, vision generative models have found 
several applications in manipulating existing images and videos, for example through in-
painting (Lugmayr et al., 2022) that have been added to established image modification 
tools.1 Text generative models have also been used as assistants, most notably in code writ-
ing (Hui et al., 2024).2

One of the main challenges in creating truly novel content is the uncertainty of Genera-
tive models outputs, and the difficulty to quantify the performance of generative models in 
tackling a specific task. Indeed, while accuracy on existing benchmarks can approximate a 
model performance on a specific task, it is hard to understand if this is the result of general-
ization or memorization (Hupkes et al., 2023).

In an attempt to understand the ability of Large Language Models (LLMs) to generalize 
to unseen data, several benchmarks have been developed over time and they have been col-
lected in large suites used to study LLMs abilities in performing a large share of the intel-
lectual activities carried out by humans (Srivastava et al., 2023).

Recently, there have also been claims of strong reasoning abilities shown by LLMs, spe-
cifically from so called “Reasoning Models” such as DeepSeek-R1 and ChatGPT-o1. This is 
generally tested on complex existing math benchmarks such as GSM8K (Cobbe et al., 2021) 
and MATH (Hendrycks et al., 2021). There is however concern that part of the performance 
might be related to dataset leakage between benchmark datasets and web-scale training sets 
of LLMs (Xu et al., 2024). E.g. Grattafiori et al. (2024) train on 15 trillions tokens, which 
cannot be effectively tested for data leakage.

Research on avoiding spurious results due to data leakage has developed mainly into two 
approaches: (a) adding modifications to existing benchmarks to measure how well models 
can correctly answer questions that appear differently from their original version, possibly 
indicating data leakage and limited reasoning/understanding skills (Mirzadeh et al., 2025), 
(b) creating synthetic benchmarks that are developed at test time and thus are in principle 
not learnable through scraping, to obtain an uncontaminated measure of LLMs’ reasoning 
ability (Zhou et al., 2025).

In this work we follow an approach that involves the modification of existing bench-
marks. Our approach is novel in that it focuses on making existing questions seemingly 
more challenging, while actually leaving them unchanged at an abstract level. We modify 
the widely used GSM8K dataset (Cobbe et al., 2021) introducing complex mathematical 

1 Adobe Firefly.
2 GitHub Copilot.
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formulas to replace data in the questions, without modifying the value when evaluated, thus 
leaving the questions’ meaning unchanged. The main contributions of this work are three: 

1.	 GSM-Identity: A method to create new more challenging math benchmarks while keep-
ing conceptual difficulty low to test LLMs reasoning abilities.

2.	 A comparative analysis of several LLMs, including state of the art models in math and 
coding, on our newly developed benchmarks.

3.	 A comparative analysis between humans and models on their ability to handle seem-
ingly harder but conceptually equal questions along with an analysis of the performance 
drop.

2  Related Works

LLMs have shown the ability to perform most NLP tasks in a generative way, i.e., prompt-
ing them with requests and instructions about the task of interest, e.g. asking an LLM to 
“Summarize the following text:...” can be sufficient to perform text summarization, classi-
cally tackled with specialized systems. Since several NLP tasks are prone to be formulated 
through natural language, in principle, this makes LLMs able to tackle all the tasks at once 
(Brown et al., 2020; Radford et al., 2019).

Moreover, when explaining a task is not sufficient for an LLM to complete it, providing 
examples can improve performance significantly (Dong et al., 2024).

This level of generality leads to attribute reasoning abilities to LLMs, although the con-
cept of reasoning has several interpretations depending on the context where it is cited 
(Choudhury et al., 2022; Mitchell, 2021). However, what mechanism allows LLMs to tackle 
a large number of tasks is still an open question.

Therefore, to assess the reasoning abilities of LLMs, different approaches have been 
studied. A prominent solution is the development of math-focused question answering 
benchmarks. Some of the most used benchmarks are GSM8K for grade school math (Cobbe 
et al., 2021), along with cleaner versions of the same dataset GSM8K-platinum (Vendrow et 
al., 2025), MATH for high-school math (Hendrycks et al., 2021) and Putnam-AXIOM for 
competition level math (Gulati et al., 2024).

While testing on math related benchmarks is an effective way to measure LLMs reason-
ing abilities, we cannot be sure that this is a fair measure of LLMs performance, due to 
potential data leakage. If data leakage is the reason behind LLMs performance, then their 
ability to perform several NLP tasks would not imply reasoning, but rather memorization 
(Bender et al., 2021).

While conceptually simple, it is hard to investigate data leakage in LLMs through directly 
checking for the presence of samples in the LLM training sets. Indeed, the large training 
corpora used to build modern language models, spanning trillions of tokens, are virtually 
impossible to inspect for contamination issues. As a solution, a new line of work is growing 
in recent years focused on modifying the questions in several ways to increase the difficulty 
and test reasoning abilities more accurately.

Specifically, there has been a focus on modifying questions in the GSM8K dataset, and 
other math-related benchmark datasets, to make it more challenging and test different rea-
soning patterns in LLMs, among others:

1 3
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	● GSM-IC (Shi et al., 2023) adds irrelevant context to GSM8K questions to test if the 
models can isolate meaningful information and use to answer the questions, e.g.; “Mary 
has 3 times as much candy as Megan. Mary then adds 10 more pieces of candy to her 
collection. If Megan has 5 pieces of candy, how many does Mary have in total?” be-
comes “Mary has 3 times as much candy as Megan. Mary then adds 10 more pieces of 
candy to her collection. Mary’s mother has 8 more books than Mary. If Megan has 5 
pieces of candy, how many does Mary have in total?”

	● GSM-Plus (Li et al., 2024) applies several kinds of modifications, including minor arith-
metic changes to create a new version of GSM8K which is more general from several 
perspectives, the closest to our work is “Janet’s ducks lay 16 eggs per day. She eats three 
for breakfast every morning and bakes muffins for her friends every day with four. She 
sells the remainder at the farmers’ market daily for 3 per fresh duck egg. How much in 
dollars does she make every day at the farmers’ market?”;

	● GSM-symbolic (Mirzadeh et al., 2025) which extract patterns from GSM8K questions 
to create equivalent versions where several details in each, to test strictly for memoriza-
tion “Benny saw a 10-foot shark with 2 6-inch remoras attached to it. What percentage 
of the shark’s body length is the combined length of the remoras?” becomes “Sanjay 
saw a 60-foot dolphin with 16 12-inch remoras attached to it. But a quarter of the remo-
ras go away. What percentage of the dolphin’s body length is the combined length of the 
remaining remoras?”;

	● GSM-infinite (Zhou et al., 2025) generate very long, complex graph-based questions 
similar to the ones of GSM8K at test time, in order to avoid data leakage.3

More recent works (Huang et al., 2025) attempt to increase the difficulties of the MATH 
benchmark, inherently more challenging than GSM8K, by perturbing the questions to make 
the answers less obvious either without modifying the underlying reasoning (MATH-P-
Simple) or by modifying it (Math-P-Hard). The MATH2 benchmark (Shah et al., 2024) is 
also developed to make the MATH benchmark more difficult by leveraging LLMs to extract 
from the existing dataset the different skills needed to answer the questions, then mixing the 
extracted skills during the generation process to create new more complex questions.

Along with newer benchmarks, the development of stronger LLMs with reasoning skills 
has surged [DeepSeek-R1, Deepseek (2025)], also focusing on LLMs dedicated to math 
reasoning [Qwen Math, Yang et al. (2024)].

Our approach leverages ideas from both GSM-Plus and MATH-perturb, as we aim to 
diversify GSM8K and make it more challenging.

3  The GSM-Identity Pipeline

This section describes the methodology employed to create a new dynamic benchmark for 
the evaluation of LLMs with respect to mathematical complexity in high school level math-
ematics problems.

The key idea behind our approach consists in modifying questions in the GSM8K data-
set by representing numbers in a different way, while keeping the same exact meaning. 
Our approach has a twofold goal: it aims at developing a more challenging benchmark to 

3 Examples from this dataset are too long to be added.
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measure mathematical understanding of LLMs, and it tackles the reasoning/memorization 
dilemma by creating a dynamic dataset that is by design impossible to find in the LLMs 
training corpus.

Moreover, since we modify existing questions instead of creating new ones, we also 
ensure that the questions difficulty is in line with previous works and our approach only adds 
difficulty to otherwise simple questions.

We selected three types of modifications, which we apply to the questions in GSM8K: 

1.	 BODMAS: which consists in adding 0 or multiplying by 1 done in non-obvious ways, 
such as replacing 8 ∗ 1 with 8 ∗ 2/2 and similar arithmetic operations4

2.	 Inverse: which consists in applying a function and its inverse, thereby leaving every-
thing unchanged, we focus on log(exponential(x));

3.	 Trigonometry: similar to BODMAS but the number 1 is represented through a Trigo-
nometric Identity such as 1 = sin2(x) + cos2(x).

Table 1 reports the Equations used to define each modification. We remark how the modifi-
cations we add to the dataset are still within reach for grade school students and we believe 
that it still holds that, as mentioned by Cobbe et al. (2021), “All the questions should be 
within reach for a bright middle school student”.

In this work we introduce GSM-Identity, a pipeline to dynamically increase the difficulty 
of the GSM8K dataset, which is composed of three steps: 

1.	 Extraction: Given a question from the original dataset, a regex pattern is used to select 
an integer from the question.

2.	 Replacement: The integer value is then replaced with a more complex mathematical 
expression taken from BODMAS, Inverse, or Trigonometry.

3.	 Verification: We evaluate the new mathematical expression to make sure that it evalu-
ates to the same integer value that was extracted by the regex.

4 We chose BODMAS; as the name because it is a typical acronym used to help children remember the order 
of arithmetic operations.

Table 1  The three types of mathematical complexity added to GSM8K
Type Equation Example of use
Mathematical operation (+−*/) 
[BODMAS]

1 = n/n 8 = 7 + (42/42)

1 = 0.5 ∗ 2 8 = 8 ∗ 0.5 ∗ 2
Log-exponential function [inverse] x = log(exponential(x)) 8 = log(exponential(8))

x = exponential(log(x)) 8 = exponential(log(8))
Trigonometric identities 
[trigonometry]

1 = cos2(n) + sin2(n) 8 = 7 + (cos2(28) + sin2(28))

1 = sec2(n) − tan2(n) 8 = 8/(sec2(72) − tan2(72))
1 = cosec2(n) − cot2(n) 8 = 9 − (cosec2(6) − cot2(6))

The variable x indicates a number in a GSM8K question. In equations that have an additional variable n, n 
is replaced with a random natural number from 1 to 100 when applied to a question

1 3
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Each step is devoted to ensure a different property of the newly developed dataset. The 
Extraction step ensures that we don’t always pick the same integer to change when mod-
ifying a given question, the Replacement step ensures that the new expression is more 
complex than the original integer value, and the Verification step ensures the values in the 
question are not modified and thus the correct answer is unchanged. While the GSM8K 
dataset is our main focus, we also test with other datasets (see Sect. 7) and the GSM-Identity 
pipeline can be extended to other datasets as well with minor adaptations.

Although there are many possible variations to our approach that we could leverage to 
make GSM-Identity more challenging, in this work we focus on the three modifications in 
Table 1 and integer values, as this setup proved to be already challenging for some models, 
as shown in Sect. 4.4. In Table 2 we show an example of a question from GSM8K that has 
been modified by each of the modifications proposed in Table 1.

Each execution of GSM-Identity creates a novel dataset, sharing the same underlying 
logic but with different values, so as to counter the possibility of memorization of published 
data. We still release the version of the dataset on which we test LLMs to ensure the rep-
licability of our results (see details in Sect. 4.3). The implementation of GSM-Identity is 
available under an open-source license.5

4  Experiments

Our experiments aim at comparing the accuracy achieved by a selection of LLMs on the 
GSM8K dataset and the GSM-Identity dataset. We also investigate how the use of prompts 
with varying level of information about the task impacts the accuracy.

4.1  Models

We compare a selection of mid-size and large-size open-source LLMs, representing the 
recent and current state of the art: Llama (Touvron et al., 2023), Mistral (Mistral AI Team, 
2023), Gemma (Team et al., 2024), DeepSeek (2025), and Qwen (Yang et al., 2024). Table 

3 presents the detailed list of the tested models, along with the corresponding shortened 

5 ​h​t​t​p​s​:​​/​/​g​i​t​​h​u​b​.​c​o​​m​/​k​a​​j​a​l​n​e​​g​i​/​c​o​​m​p​l​e​x​_​​m​a​t​h​​_​e​v​a​l​u​a​t​i​o​n.

Table 2  Examples of GSM8K questions modified with mathematical complexity which resolve to the same 
numeric value
Question type Example
Original GSM8K James decides to run 3 sprints 3 times a week. He runs 60 m each sprint. 

How many total meters does he run a week?
BODMAS complex James decides to run 3 sprints(3.0 ∗ (0.5 ∗ 2))times a week. He runs 60 m 

each sprint. How many total meters does he run a week?
Inverse complex James decides to run 3 sprints log(exponential(3)) times a week. He runs 

60 m each sprint. How many total meters does he run a week?
Trigonometry complex James decides to run 3 sprints(2 + (sec2(74) − tan2(74)))times a week. 

He runs 60 m each sprint. How many total meters does he run a week?

1 3
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identifiers that will be utilized throughout the paper.6 We have chosen models from different 
model families to make the results of our work more robust. In Sect. 4.5 we focus on under-
standing the impact of model size by studying the performance of qwen2.5-math models 
with varying parameter counts.

We indicate the model parameters count as a number followed by the letter B e.g., 7B 
indicates a model with approximately 7 billion parameters, as this has become standard 
practice when naming models.

4.2  Prompts

We compare the use of four different prompts, to investigate how a different prompt affects 
the mathematical reasoning capabilities of the models.

	● Generic: This prompt simply presents the question and asks the model to solve it (see 
Fig. 1a). This is the least informed prompt, which does not give any hint about the even-
tual presence of mathematical identities in the questions.

	● Notice: This prompt warns the model that the question has mathematical identities and 
trivialities, by adding an extra line to the Generic prompt: “Remember, this question 
contains mathematical identities and trivialities; therefore, resolve them before calcu-
lating the answer.". This prompt still does not contain explicit information about what 
to expect.

	● 5-CoT: This prompt contains five examples of questions with their answers, including 
a Chain of Thought (CoT) (Wei et al., 2022) in the answer of each example. The five 
examples are sampled from the training part of GSM8K. The CoT reasoning process is 
available from GSM8K, which consists of a text with step-by-step computation of the 

6 We run all the tested models except qwen2.5-math-1.5B, qwen2.5-math-7B and qwen2.5-math-72B using 
the vLLM package (Kwon et al., 2023), available at https://vllm.ai/ which increased by an order of mag-
nitude the inference speed with respect to the commonly used Hugging Face’s transformer package (Wolf 
et al., 2020),https://huggingface.co/transformers. with minimal variations in the output. For the qwen2.5-
math-1.5B, qwen2.5-math-7B and ​q​w​e​n​2​.​5​-​m​a​t​h​-​7​2​B model, we used Hugging Face’s transformer pack-
age, because of an unresolved bug in vLLM at the time of writing this paper, which caused vLLM to 
produce nearly random text when doing inference with these specific model.

Table 3  Summary of tested models
Identifier Number of 

parameters
Trans-
former 
layers

Con-
text 
length

HuggingFace name

deepseek-llama-8B 8B 32 128k deepseek-ai/DeepSeek-R1-Distill-Llama-8B
deepseek-math-7B 7B 32 4k deepseek-ai/deepseekmath-7b-instruct
gemma-2-9B 9B 42 8k google/gemma-2-9b-it
mistral-nemo 12B 40 128k mistral-ai/Mistral-Nemo-Instruct-2407
llama-3.1-8B 8B 32 128k meta-llama/Llama-3.1-8B-Instruct
llama-3.3-70B 70B 80 128k meta-llama/Llama-3.3-70B-Instruct
qwen2.5-7B 7B 28 4k Qwen/Qwen2.5-7B-Instruct
qwen2.5-math-1.5B 1.5B 28 4k Qwen/Qwen2.5-Math-1.5B-Instruct
qwen2.5-math-7B 7B 28 4k Qwen/Qwen2.5-Math-7B-Instruct
qwen2.5-math-72B 72B 80 4k Qwen/Qwen2.5-Math-72B-Instruct
The letter “B” indicates billions of parameters

1 3
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answer for each question. In 5-CoT prompts the examples do not contain the mathemati-
cal complexities the actual question may contain. The template of the prompt is shown 
in Fig. 1b. This prompt is informative with respect to the type of question the model will 
be asked, yet it does not provide any example with mathematical complexities.

	● Complex 5-CoT:  This prompt follows the same template as 5-CoT shown in Fig. 1b, 
but the examples contain mathematical complexities from Table 1. For each example, 
we expand its CoT reasoning process to include the solution of the mathematical com-
plexity in the first step. This is the most informative prompt, giving explicit information 
about the types of question and the mathematical complexities.

4.3  Datasets

As already mentioned, we experiment with the GSM8K dataset (Cobbe et al., 2021), specifi-
cally its test set. The test set contains 1319 samples of high school math questions, along 

Fig. 1  Prompting strategies

 

1 3
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with their answers and brief calculations to reach those answers. For the given examples 
and experiments, exactly one integer in each question is replaced. This collection of 1,319 
samples serves as the basis for generating the GSM-Identity dataset that incorporates math-
ematical trivialities and identities. The GSM-Identity dataset thus consists of three sets of 
1319 questions, one set for each type of complexity: BODMAS, Inverse, Trigonometry.

Of the 1319 questions in the GSM8K dataset, no new questions were created for 65 
of them. This occurs when all the digits in the question are decimal or in word form, for 
questions like Jan has three times the number of pets as Marcia. Marcia has two more pets 
than Cindy. If Cindy has four pets, how many total pets do the three have?. We kept these 
65 questions in both datasets in order to preserve the comparability with other work using 
GSM8K. Although our pipeline is capable of producing a fresh dataset in each iteration, for 
reproducibility a frozen dataset is used to generate results for all experiments reported in this 
manuscript. The frozen dataset is released on GitHub.

The examples used in CoT or Complex CoT come from GSM8K train dataset. The same 
examples are used for all the prompts. GSM8K and the datasets in Sect. 7 are composed 
of high-school math problems and are very similar in structure. GSM-Identity adds simi-
lar complexity in each dataset. Complex CoT has examples from BODMAS, Inverse and 
Trigonometry. The frozen examples given are in Tables 10 and 11. The same prompts are 
used and formatted via “Hugging Face pipeline” for all models. When using these prompt-
ing mechanisms, we have observed a reasonable accuracy and low parse error in model 
responses.

4.4  Results

We have tested all the models on both GSM8K and GSM-Identity, using all the prompts, for 
a total of 128 configurations. The answers are extracted from the model-generated output 
using a set of parsing patterns to determine the final integer answer. As requested in the 
prompt, we used “####” to parse the correct answer. We found that many models follow the 
request for the output format. To accommodate answers where the model did not accurately 
follow the requested format, the model answer is parsed using phrases like “Final Answer 
is” or “Answer”. Listing 1 gives a snippet of code used to parse the model answer. Using 
this simple policy produced a low parse error, as shown in Table 6.

Listing 1: Parse logic for model answer

Table 4 presents the accuracy attained by LLMs when answering GSM8K and GSM-
Identity questions, from these results we draw the following observations:

	● Size versus performance relationship: The 70B parameter models (llama-3.3-70B 
and qwen2.5-math-72B) achieved near-saturation performance on original GSM8K 
questions (~ 95% accuracy), maintaining strong results (89–94% accuracy) even with 
mathematical complexities. Mid-sized models (7-12B parameters) showed more vari-

1 3
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ability, going from 46% to 86% accuracy on complex variants.
	● Prompting strategy efficacy: Complex 5-CoT prompt emerged as the top performer 

in 19 out of 32 evaluations. It also provided the most consistent improvements, with 
accuracy gain ranging from 3.5% (qwen2.5-72B) to 23% (mistral-nemo), and an aver-

Table 4  Accuracy of the models with different prompting for GSM8K questions and GSM-Identity questions
Model Prompt GSM8K BODMAS Inverse Trigonometry Avg
llama-3.1-8B Generic 71.6 63.8 33.6 42.2 46.5

Notice 67.5 62.2 42.3 51.3 51.9
5-CoT 71.6 63.6 41.4 54.3 53.1
Complex 5-CoT 74.6 65.4 59.1 55.1 59.9

mistral-nemo Generic 73.1 61.9 33.2 50.2 48.4
Notice 74.5 63.1 35.3 56.6 51.7
5-CoT 80.7 70.0 38.7 60.7 56.5
Complex 5-CoT 83.0 73.4 71.9 68.8 71.4

deepseek-llama-8B Generic 66.6 57.6 29.2 47.5 44.8
Notice 69.7 56.9 33.0 61.6 50.5
5-CoT 72.9 61.3 33.7 61.9 52.3
Complex 5-CoT 70.1 61.8 59.1 58.8 59.9

deepseek-math-7B Generic 75.3 64.6 54.6 44.1 54.4
Notice 75.7 65.4 58.1 53.3 58.9
5-CoT 71.2 60.0 52.5 48.3 53.6
Complex 5-CoT 73.7 63.6 64.5 59.5 62.5

gemma-2-9B Generic 85.8 79.0 35.6 58.0 57.5
Notice 84.8 78.1 54.4 76.8 69.8
5-CoT 85.0 76.4 51.2 71.9 66.5
Complex 5-CoT 86.4 79.8 72.8 77.0 76.5

qwen2.5-math-1.5B Generic 85.2 81.2 76.2 78.8 78.7
Notice 84.7 80.7 76.5 77.4 78.2
5-CoT 80.5 75.6 74.8 74.1 74.8
Complex 5-CoT 82.0 77.0 56.7 75.3 69.7

qwen2.5-7B Generic 90.8 88.2 72.6 87.8 82.9
Notice 91.4 89.2 80.4 87.1 85.6
5-CoT 91.6 88.2 78.4 86.8 84.5
Complex 5-CoT 91.0 86.1 87.0 86.1 86.4

qwen2.5-math-7B Generic 94.6 91.8 89.5 91.2 90.8
Notice 94.0 92.4 88.6 90.9 90.6
5-CoT 94.2 89.2 87.1 88.9 88.4
Complex 5-CoT 93.9 90.0 91.0 89.1 90.0

llama-3.3-70B Generic 95.8 94.1 89.8 90.8 91.6
Notice 95.4 94.4 93.9 94.0 94.1
5-CoT 95.6 94.7 93.8 93.6 94.0
Complex 5-CoT 95.2 93.9 94.7 93.9 94.2

qwen2.5-math-72B Generic 95.7 95.1 93.9 94.2 94.4
Notice 95.8 95.1 94.2 93.8 94.4
5-CoT 95.5 94.7 94.3 93.5 94.2
Complex 5-CoT 95.7 94.9 94.4 93.4 94.2

The average is calculated only on GSM-Identity questions. Boldface values are best accuracy and 
underlined values are worst accuracy across prompts and datasets for each model

1 3
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age gain of 13.6% for 7B models. On 70B models, llama3.3-70B had gain of 2.6%. 
Although qwen2.5-math-72B did not show improvement, it is the only model that dem-
onstrates almost constant accuracy across the various prompts.

	● Architecture differences: Math-specialized models (deepseek-math-7B, qwen2.5-
math-72B) showed a lower weakness on Inverse compared to the other type of com-
plexity. Other models frequently performed worse on Inverse, and had the best benefit 
from the Complex 5-CoT prompt in solving this type of questions.

	● Performance plateaus: 70B models appeared near the ceiling effect for original 
GSM8K questions. However, on complex variants, even top models showed consistent 
error patterns, with lower accuracy on Inverse and Trigonometry. Moreover, less than 
half of the errors made by the two models are shared between them, which is a pattern 
that is replicated also by the 7B models (see Tables 17, 18 and 19 in Appendix), indi-
cating that there is still a substantial set of solvable questions answered incorrectly by 
either of the models due to their respective limitations.

Figure 2 shows the accuracy trends associated with each model, question type, and prompt 
type. The figures visualize the superior performance of the 70B models, the difficulties of 
some models with Inverse, and the trends of 7B models to improve their accuracy as they 
have more information from the prompt.

We conducted an additional study to assess the effects of adding increasing levels of 
complexity to math problems, by repeatedly applying GSM-Identity. We have described this 
process in detail in Appendix A. By applying GSM-Identity up to five times, we observed 
an additional reduction of 5% in average accuracy as compared to GSM8K for any type of 

Fig. 2  Accuracy of the tested models with respect to question type and prompt format: a mistral-nemo, in 
b deepseek-llama-8B, in c deepseek-math-7B, in d gemma-2-9B, in e qwen2.5-math-1.5B, in f qwen2.5-
7B, in g qwen2.5-math-7B, h llama-3.1-8B, in i llama-3.3-70B and in j qwen2.5-math-72B
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prompt using the model llama-3.3-70B. The possibility to apply GSM-Identity repeatedly 
is also part of the GSM-Identity pipeline implementation, so as to allow the generation of 
datasets of increasing difficulty.

4.5  Model Size Ablation

We studied the impact of model size within the same family of Qwen models. For this pur-
pose we used qwen2.5-math-1.5B, qwen2.5-math-7B and qwen2.5-math-72B, as they share 
the same architecture but vary in size. Figure 3 shows the trends of accuracy of the different 
prompt with respect to model size and question types. As expected, we observe an increase 
in accuracy with increasing model size in both GSM8K and GSM-Identity datasets.

A comparison can also be made with the qwen2.5-7B model, which shares the architec-
ture with the qwen2.5-math models but has a different training, as it is not fine tuned with 
math corpus. As expected, qwen2.5-7B shows lower accuracy in all prompts with GSM8K 
and GSM-Identity dataset when compared to qwen2.5-math-7B (see Table 4). In a case, i.e., 
Inverse questions with Generic prompt, qwen2.5-7B (72.6) performs even worse than the 
qwen2.5-math-1.5B (76.2) model despite its larger size.

5  Error Analysis

In this section, we describe the manual annotation we conducted to understand the errors in 
model answers on the GSM-Identity dataset and to examine whether there are differences 
between the errors made by mid-scale and large-scale models.

The manual annotation is performed to obtain qualitative and quantitative insights into 
the model’s behavior on the GSM-Identity dataset. We identify four properties that must be 
satisfied when a model answers the modified questions we propose. As we use mathemati-
cal identities to introduce complex expressions in each question, models must identify these 
expressions, resolve them, determine the correct answer, and output it in the correct format. 
More in detail: 

Fig. 3  Accuracy trends within qwen2.5-math architecture for GSM8K and GSM-Identity with different 
prompts, Generic in (a), Notice in (b), 5-CoT in (c), Complex 5-CoT in (d)
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(a)	 Identification of complexity: When answering the question, the model should identify 
the complex expression we introduced in the GSM8K question.

(b)	 Resolution of complexity: The model should resolve the identified complex expres-
sion in order to recover the original numerical value.

(c)	 Correctness of the final answer: The model should correctly answer the question and 
match the final numeric answer.

(d)	 Correctness of the answer pattern: The model should adhere to the answer pattern 
requested even if the question has the additional expression introduced in GSM-Identity.

To determine whether a model’s answer exhibits each desired property, we manually anno-
tated each property independently:

(a)	 We check whether the model identifies the presence of a complex expression by explic-
itly mentioning the complete complex expression in its answer; otherwise, we assign an 
error under the “Identification of complexity” label.

(b)	 We check whether the model can simplify the identified complex expression to the 
original numerical value by explicitly stating or evaluating the equality of the two in its 
answer; otherwise, we assign an error under the “Resolution of complexity” label.

(c)	 We check the final answer and verify its equality with the original answer; if the model 
fails to provide the correct result, we assign an error under the “Correctness of the final 
answer” label.

(d)	 We check whether the answering pattern is correct and whether the numeric answer can 
be extracted by our parsing logic. If our parser fails to capture it, we assign an error 
under the “Correctness of the answer pattern” label.

An answer can be annotated with errors in one, or more than one of the properties, making 
the annotation process a multi-label classification task. To improve clarity of the annota-
tion procedure, Table 5 provides insights into how the manual evaluation has been carried 
out and it illustrates an example for each label assigned, possible multiple ones for each 
example, highlighting the incorrect segments in the model’s response. In Appendix C, we 
present additional examples.

To perform comprehensive manual testing while limiting the annotation costs, we anno-
tate the answers of two mid-size and two large-size models. For mid-size, we manually 
annotate the outcomes of deepseek-llama-8B and gemma-2-9B, the first because it has the 
lowest accuracy among all the models we tested and the second because it performed low 
only in Inverse. For large-size models, we annotate llama-3.3-70B and qwen2.5-math-72B, 
the only models with more than seventy billions parameters among those we studied. To 
select the answers to annotate, we collected a set of 100 incorrect answers for each of the 
four models.

This analysis is conducted for the “Notice” prompt within the GSM-Identity dataset. 
Given the available human annotation resources we had, we chose to examine the model’s 
behavior using the “Notice” prompt, as it gives the models the minimal instruction spe-
cific for the GSM-Identity dataset. We prefer “Notice” over both CoT prompts because we 
observed that CoT and Complex CoT prompts yield improved accuracy (see Table 4). The 
choice of “Notice” prompt provides insight into the model’s behavior in a basic setting for 
complex math problems. We leave the analysis of more complex prompts to future work. 
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Table 5  Examples of the possible type of errors made by a model when prompted as in Fig. 1 with a question 
(top of the table) that includes a math complex problem

a) Identification of complexity b) Resolution of complexity

Question:Elise has been selling her Dad’s collection

of 250 books for three years. Each book sells at 20$,

and she sold twice as many books in the first year as

she has sold in the current year. There are currently

(51 (sec2(19) tan2(19))) unsold books, and
her sales number this year is 45. What’s the total

amount of money she earned in the second year?

Answer[gemma-2-9B]:

1. * Calculate the number of books sold in the first

year: 45 books * 2 = 90 books * Calculate the

number of books sold in the second year: 90 books

- 45 books = 45 books * Calculate the total earnings

in the second year: 45 books * $20/book = $900

#### 900

Annotation:

Recognised complexity

Resolved complexity

Arrived at correct answer

Correct answer pattern

Question: There are 220 castles in Scotland.

exponential(log(40)) percent of them are ruins, and

half of the ruined castles are unmanned. How many

unmanned ruined castles are there in Scotland?

Answer[gemma-2-9B]:

1. * Calculate log(40)

* Calculate exponential(log(40))

* Multiply the result from step 2 by 220 to find the

number of ruined castles.

* Divide the result from step 3 by 2 to find the

number of unmanned ruined castles.

#### 110

Annotation:

Recognised complexity

Resolved complexity

Arrived at correct answer

Correct answer pattern

c) Correctness of the final answer d) Correctness of the answer pattern

Question:Mico and Marco wanted to get to know

each other. They realized that the sum of their ages

is 20. What will be the sum of their ages in

(10.0*(15/15)) years?

Answer[gemma-2-9B]:

1. 10.0 * (15/15) = 10.0 * 1 = 10

2. 20 + 10 = 30

#### 30

Annotation:

Recognised complexity

Resolved complexity

Arrived at correct answer

Correct answer pattern

Question: Adrian’s age is three times the age of

Harriet, and Harriet is half the age of Zack.

Calculate the average age of the three in three years

if Harriet is log(exponential(21)) years old now.

Answer[gemma-2-9B]:

1. Harriet’s age now = log(exponential(21)) = 21

years (Since log and exponential are inverse

functions) Adrian’s age now = 3 * Harriet’s age = 3

* 21 = 63 years Zack’s age now = 2 * Harriet’s age

= 2 * 21 = 42 years Harriet’s age in three years = 21

+ 3 = 24 years Adrian’s age in three years = 63 + 3

= 66 years Zack’s age in three years = 42 + 3 = 45

years Average age in three years = (Harriet’s age +

Adrian’s age + Zack’s age) / 3 = (24 + 66 + 45) / 3

2. 45

Annotation:

Recognised complexity

Resolved complexity

Arrived at correct answer

Correct answer pattern

Text in the Annotation section gives a step by step evaluation of the stages passed and the 
error. Text in orange in theAnsweris the failed stageof evaluationText in green in theAnswer
is the intended final answer by the model.
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The annotation was performed by two annotators, both holding an MSc degree in Math-
ematics, yielding an average inter-annotator agreement of 0.69 as measured by Cohen’s 
kappa coefficient (McHugh, 2012). The expected agreement when both annotators assign 
labels randomly is estimated using a per-annotator empirical prior over the class labels. We 
compute Cohen's Kappa coefficient in the multilabel setup, computing a separate score for 
each error category. The resulting kappa values are 0.12 for ``Identification of complexity'', 
0.84 for ``Resolution of complexity'', 1.0 for ``Correctness of the final answer'', and 0.79 for 
``Correctness of the answer pattern''. The kappa value is significantly low for ``Identifica-
tion of complexity'' and above 0.79 for other categories.

Across all four models and for every dataset type, the most occurring error category 
is “Correctness of the final answer”, where the final computed result does not match the 
correct numeric answer, as shown in Fig. 4. “Identification of complexity” has a very low 
count, indicating that all four models acknowledge the presence of the added complexity. 
“Resolution of complexity” is the second most common error type for deepseek-llama-8B 
and gemma-2-9B for Inverse, which is a key difference between small and large models, as 
larger models make very few errors of this type.

The Inverse complexity is the one that caused more errors for two models deepseek-
llama-8B and gemma-2-9B, as shown in Table 6. For llama-3.3-70B and qwen2.5-math-
72B, Trigonometry has the highest count of errors in the category “Correctness of the final 
answer”.

Interestingly, we find that in 13 out of the 31 errors of this type for gemma-2-9B, the 
returned answer was correct if simplified to an integer value. Overall, large models exhibit 
a significantly lower count of “Resolution of complexity” errors compared to mid-sized 
models. Only gemma-2-9B exhibited a relatively high count for “Correctness of the answer 
pattern” for Inverse dataset. We adopt a multi-label classification setup, allowing each sam-
ple to belong to multiple classes; consequently, the error counts for all models exceed the 
annotated sample size (100). Out of 400 annotated samples, 360 were annotated under the 
class “Correctness of the answer pattern”.

Large-size models show different patterns in the type of errors. They have no “Identi-
fication of complexity” for BODMAS and low errors of type “Resolution of complexity”. 
Overall, most of the errors committed by large-size models are “Correctness of the final 

Fig. 4  Error count for 4 types of annotation class by models: in a deepseek-math-7B, in b gemma-2-9B, 
in c llama-3.3-70B and in d qwen2.5-math-72B
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answer”, indicating that the added complexity is recognized and resolved, but it still makes 
it harder for the model to produce the correct answer.

6  Comparing with Humans

We conducted three human evaluations using the Prolific crowdsourcing platform. The pur-
pose of our human study is to understand how challenging GSM-Identity is for humans and 
if there are similarities between humans and models when resolving the complexities in our 
dataset.

For all experiments, participants were required to have English as their native language 
and to possess an educational qualification of at least a high-school diploma. It facilitates a 
comprehension of both questioning techniques and mathematical terminology. In any study 
reported in this section, a participant was presented with a batch of 5 questions and was paid 
9£/hour for the participation in the study. Participants took a median time of 5 min to answer 
the questions in a batch.

6.1  Humans Compare GSM-Identity to GSM8K for Equivalence

Our first human study evaluates the ability of the annotators to assess the equivalence of 
mathematical expressions. In particular, we want to answer the question: Can humans 
resolve the complexities added in GSM-Identity? That is, we want to understand if annota-
tors can tell if a question modified by GSM-Identity is equivalent to the original one. We 
perform the test by displaying two questions to users. In half of the questions, one of the 
numerical values in the question is replaced with a GSM-Identity expression equivalent to 
the original value, in the other half the GSM-Identity expression evaluates to a different 
value. Users are expected to answer whether the two questions are mathematically equiva-
lent or not, as shown in Fig. 5a.

The human study consisted of 100 equivalent and non-equivalent pairs of questions (cre-
ated from the same 100 original questions). Overall, prolific users had an accuracy of 73% . 
This confirms that prolific users answered questions without randomly selecting an answer, 
and provides us with a reference for the study in which we ask humans to solve the questions 
giving a numerical answer (see Sect. 6.3).

With respect to the human accuracy for each type of complexity, on BODMAS humans 
have the highest accuracy, 77.4%, then Inverse, 72.7%, and Trigonometry is the lowest, 
68.0%.

Therefore, humans can resolve the complexities added in GSM-Identity, as the annota-
tors perform above random chance and with an accuracy of more than 70% in both BOD-
MAS and Inverse.

6.2  Human and Model Errors

We are also interested in understanding if humans and models face similar difficulties 
when exposed to GSM-Identity questions. In particular, we want to answer the question: 
Do humans and models fail to recognize the same mathematical complexities? To measure 
this, we replicate the equivalence study using Fig. 5a, but we select examples where models 
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failed to give the correct answer. We use GSM8K and GSM-Identity questions contributing 
to positive values in Table 6 and provide them to the annotators to assess the equivalence 
between the original questions and their corresponding GSM-Identity questions. Table 7 
shows the output of this equivalence test.

Human accuracy
deepseek-llama-8B Errors
BODMAS 82.4
Inverse 88.0
Trigonometry 66.6
gemma-2-9B Errors
BODMAS 91.6
Inverse 90.6
Trigonometry 60.7

Table 7  Accuracy of humans 
on the equivalence test for the 
samples of the manual error 
analysis

 

Fig. 5  Human Study Questions
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Interestingly, we find that for BODMAS and Inverse the accuracy of humans in spotting 
the equivalence of the questions is higher in samples that models could not answer correctly. 
For Trigonometry, the accuracy was poorer in both studies. Therefore we infer that humans 
do not show the same level of accuracy in resolving the questions where model failed to 
answer. Humans are less affected by sample selection and find Trigonometry hardest to 
resolve consecutively.

6.3  Humans Answer the GSM8K and GSM-Identity Questions

In this last human evaluation, we are interested in evaluating how hard are the questions 
in GSM-Identity for humans, specifically we want to answer the following question: Can 
humans answer the questions in GSM-Identity? To measure this, we ask annotators to 
answer the four versions of the questions we have, i.e.: the original version of the GSM8K 
dataset and three versions from GSM-Identity . We randomly sampled 50 GSM8K ques-
tions and made the corresponding versions of BODMAS, Inverse and Trigonometry. The 
instructions given to human evaluators are presented in Fig. 5b. This study allows us to 
directly compare the performances of all the models with those of humans. Table 8 shows 
the accuracy of humans and models on the same set of questions.

Compared to the equivalent test, in the answer test there is an observable drop of 22%, 
24% and 38% in accuracy from GSM8K to BODMAS, Inverse and Trigonometry respec-
tively. The trends seen in Sects. 6.1 and 6.2 of humans for the different complexity types are 
confirmed by this test: Trigonometry is the hardest while BODMAS and Inverse are similar 
in difficulty. Humans have an accuracy close to the smaller models, and lower than larger 
models, both on GSM8K and GSM-Identity. A relevant difference is the worst performance, 
which is in Inverse questions for smaller models and Trigonometry questions for humans.

Human experiment shows that on average there is a drop of 28% in accuracy compared 
to the original GSM8K, which may be in part ascribed to the uncommon, less familiar 
aspect of the questions with the added complexity. Yet, it is important to note that the added 
complexity by GSM-Identity is within high school mathematics knowledge, and limited to 
a single instance of a number in the question. We also acknowledge that llama-3.3-70B and 
qwen2.5-math-72B as shown in Table 4, exhibit a negligible or low drop in the accuracy 
from the GSM8K to GSM-Identity datasets, which justifies their ability to perform well for 
unseen data. Therefore, models including those intended for educational or tutoring pur-
poses, can benefit from our benchmark as a means of testing their reasoning capabilities and 
their ability to resolve unseen questions at scale, thereby reducing the risk of mathematical 
errors while sharing knowledge.

7  Additional Datasets

We tested on additional datasets the two top-performing models for both the 7B and 70B 
sizes, i.e., gemma-2-9B, qwen2.5-7B, llama-3.3-70B, and qwen2.5-math-72B. The addi-
tional datasets are part of the Platinum Benchmark (Vendrow et al., 2025), a collection of 
benchmarks that are are carefully curated to minimize label errors and ambiguity, improving 
the reliability of the evaluation of models.

We selected three datasets from the Platinum Benchmark collection, specifically:
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	● multiarith-platinum: This dataset is composed of questions that are high school level 
arithmetic problems. It contains 174 questions, which were transformed into math com-
plex questions using GSM-Identity.

	● singleq-platinum: This dataset is composed of 100 questions which contain high school 
math problems.

	● svamp-platinum: Svamp is a dataset of 268 high school math questions which have a 
body and question field. We prompted models after concatenating the two fields.

Table 8  Accuracy of humans in solving the math problems and of the models with different prompting for 
GSM8K questions and GSM-Identity questions, on a random sample of 50 questions
Model Prompt GSM8K BODMAS Inverse Trigonometry Avg.
humans Notice with 

example (see Fig. 
5b)

84.0 62.0 60.0 46.0 56.0

llama-3.1-8B Generic 84.0 82.0 26.0 36.0 48.0
Notice 78.0 78.0 42.0 54.0 58.0
5-CoT 86.0 72.0 52.0 56.0 60.0
Complex 5-CoT 86.0 74.0 72.0 56.0 67.3

mistral-nemo Generic 80.0 66.0 34.0 58.0 52.7
Notice 88.0 76.0 26.0 60.0 54.0
5-CoT 94.0 70.0 44.0 74.0 62.7
Complex 5-CoT 96.0 80.0 78.0 74.0 77.3

deepseek-llama-8B Generic 72.0 56.0 32.0 58.0 48.7
Notice 72.0 66.0 44.0 48.0 52.7
5-CoT 82.0 72.0 34.0 54.0 53.3
Complex 5-CoT 82.0 76.0 70.0 58.0 68.0

deepseek-math-7B Generic 86.0 74.0 48.0 46.0 56.0
Notice 82.0 72.0 60.0 56.0 62.7
5-CoT 82.0 64.0 62.0 52.0 59.3
Complex 5-CoT 78.0 66.0 62.0 58.0 62.0

gemma-2-9B Generic 96.0 86.0 30.0 54.0 56.7
Notice 98.0 82.0 54.0 86.0 74.0
5-CoT 96.0 76.0 74.0 80.0 76.7
Complex 5-CoT 98.0 88.0 82.0 84.0 84.7

qwen2.5-7B Generic 96.0 94.0 74.0 94.0 87.3
Notice 98.0 96.0 90.0 92.0 92.7
5-CoT 96.0 98.0 84.0 94.0 92.0
Complex 5-CoT 98.0 92.0 94.0 94.0 93.3

llama-3.3-70B Generic 98.0 96.0 80.0 88.0 88.0
Notice 98.0 96.0 94.0 98.0 96.0
5-CoT 98.0 96.0 94.0 98.0 96.0
Complex 5-CoT 98.0 96.0 96.0 96.0 96.0

qwen2.5-math-72B Generic 100.0 96.0 98.0 96.0 96.7
Notice 100.0 98.0 98.0 96.0 97.3
5-CoT 96.0 92.0 96.0 96.0 94.7
Complex 5-CoT 98.0 94.0 94.0 92.0 93.3

The average is calculated only on GSM-Identity questions. Boldface values are best accuracy and 
underlined values are worst accuracy across prompts and datasets for each model
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In the formulation of CoT-based prompts we sampled the five examples from the same 
GSM8K training set used for the GSM8K questions.

Figure 6 shows the accuracy values obtained by the four models on those datasets (see 
Table 20 in Appendix for the detailed results on the 192 tested configurations). The accuracy 
values are all sensibly higher than those based on GSM8K, indicating that GSM8K is the 
hardest dataset. The Complex 5-CoT prompt is the one that achieves the highest accuracy 
in 45 case out of 60 (with 18 ties). The model qwen2.5-math-72B demonstrates superior 
performance in both the original and GSM-Identity datasets. A lower accuracy for Inverse 
is observed, similar to the trends found in the GSM8K dataset. The larger models, qwen2.5-
math-72B and llama-3.3-70B, outperform their mid-sized counterparts in a manner similar 
to the performance observed on GSM8K.

8  Conclusions

In this work, we introduced a novel method for creating more challenging versions of 
mathematical reasoning benchmarks while maintaining the same conceptual difficulty. By 
replacing numerical values with equivalent but more complex mathematical expressions 
in the GSM8K dataset, we developed a framework that can continuously generate new 
test instances, helping mitigate concerns about data leakage and memorization in LLM 
evaluation.

We ran experiments on models ranging from 7B to 72B parameters identifying some key 
insights. While 70B larger models generally outperformed their smaller counterparts, when 
they are compared to math-oriented 7B models the performance is limited. This suggests 
that current 7B models represent a promising balance between performance and practical 
deployability when applied to a specific use-case.

Our human evaluation results provided context for interpreting model performance, 
revealing that current 7B models achieve accuracy comparable to humans on these modi-

Fig. 6  Average accuracy of 4 models with respect prompt format: a multiarith-platinum, in b singleq-
platinum, in c svamp-platinum
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fied mathematical reasoning tasks, while larger models significantly surpass human perfor-
mance. We also found that different types of mathematical complexity affected models and 
humans differently—while LLMs struggled most with Inverse function pairs, human partic-
ipants found Trigonometry identities most challenging. This suggests that while LLMs have 
made remarkable progress in mathematical reasoning, there remains room for improvement, 
particularly in handling certain types of mathematical complexity.

The dynamic nature of our approach, where questions can be automatically regenerated 
with different complex expressions, addresses a critical limitation of static benchmarks that 
may become memorized by future models.

A promising path for future works includes extending the approach with more complex 
modifications and possibly combining with approaches proposed in other works.

The techniques and findings presented here contribute to the broader goal of developing 
more reliable methods for assessing true reasoning capabilities in language models, moving 
beyond superficial benchmarks that may be susceptible to memorization effects. As LLMs 
continue to advance, such rigorous evaluation methodologies will become increasingly 
important for understanding and steering their development.

8.1  Limitations

In this section, we highlight the major limitations of our work. GSM-Identity is limited 
to high-school arithmetic problems while introducing a level of complexity that remains 
within the scope of high-school mathematics. Mathematics is a varied discipline, widely 
studied and taught; however, only limited topics are tested in our study. We have seen a 
decrease in human accuracy from the original GSM8K to GSM-Identity in Sect. 6, making it 
potentially less useful for human use. This limits our work to research evaluation of LLMs, 
rather than for real-world purposes or those often taught in educational institutions. The 
human study was conducted on the crowdsourcing platform Prolific, the results may vary 
for different individuals or groups.

Appendix A: Increasing Complexity Level

In our experiment we found that the setup we used for GSM-Identity is a good challenge for 
7B-sized models, while models 70B parameter-range obtained very high accuracy value, 
indicating that GSM-Identity may be considered not challenging for them.

We thus explore how a simple repeated application of our method can increase the dif-
ficulty of GSM-Identity. Given a level of complexity l ∈ [1, 2, . . .], for the BODMAS and 
Trigonometry, we separate the integer into l components, then we apply the complex modi-
fication to each component. For the Inverse type, we nest the Inverse modification l times. 
Table 9 presents samples of output for the increased complexity levels.

We evaluated the output of a top-performing model, llama-3.3-70B, and analyzed the 
trend of accuracy associated with different prompting mechanisms as shown in Fig. 7. In the 
case of BODMAS and Trigonometry, the models exhibit a steady decline in accuracy as the 
complexity level increases. When the l is increased for Inverse, the models demonstrate an 
ability to recognize the pattern, resulting in either an improvement or a stabilization of accu-
racy. E.g., in a typical generated response, the llama-3.3-70B model writes “... this expres-
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sion simplifies to log(exponential(...)) repeated several times, which ultimately simplifies to 
the original number ..." (Table 16 in Appendix illustrates this behavior with examples). By 
level 5, there is a minimum reduction of 5% in average accuracy as compared to GSM8K 
for any type of prompt using the model llama-3.3-70B as shown in Table 21.

Table 9  Examples of increased complexity in GSM8K reproducing example in Table 2
Question type Level Example
Original GSM8K 0 James decides to run 3 sprints 3 times a week. He runs 60 meters each 

sprint. How many total meters does he run a week?
BODMAS 1 James decides to run 3 sprints(3.0 ∗ (0.5 ∗ 2))times a week. He runs 60 

meters each sprint. How many total meters does he run a week?
2 James decides to run 3 sprints 3 times a week. He 

runs(31 − (29/29)) + (30.0 ∗ (64/64))meters each sprint. How many 
total meters does he run a week?

Inverse 1 James decides to run 3 sprints log(exponential(3)) times a week. He runs 
60 meters each sprint. How many total meters does he run a week?

2 James decides to run 3 sprints 3 times a week. He runs exponential(log(e
xponential(log(60)))) meters each sprint. How many total meters does he 
run a week?

Trigonometry 1 James decides to run 3 sprints(2 + (sec2(74) − tan2(74)))times a week. 
He runs 60 meters each sprint. How many total meters does he run a week?

2 James decides to run 3 sprints 3 times a week. He 
runs(30.0 ∗ (cosec2(5) − cot2(5))) + (31 − (cosec2(52) − cot2(52)))
meters each sprint. How many total meters does he run a week?

Fig. 7  Accuracy trends with increasing complexity level for the model llama-3.3-70B and different 
prompts, BODMAS in a Inverse in b Trigonometry in (c)

 

1 3

Page 23 of 36     88 



Machine Learning          (2026) 115:88 

Appendix B: Examples Used in CoT and Complex CoT

This section contains example from train dataset of GSM8K used in 5-CoT and 5-Complex 
CoT prompts for all models. Table 10 contains original question and asnwer from train 
datset of GSM8K. Table 11 contains GSM-Identity question derived from train dataset of 
GSM8K and verified answers.

Table 10  CoT examples
Question 1: Natalia sold clips to 48 of her friends in April, and then she sold half as many clips in May. 

How many clips did Natalia sell altogether in April and May?
Answer 1: 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
Question 2: Weng earns $12 an hour for babysitting. Yesterday, she just did 50 min of babysitting. 

How much did she earn?
Answer 2: Weng earns 12/60 = ≪$12/60 = 0.2≫0.2 per minute. Working 50 min, she earned 0.2 × 50 

= $≪0.2 * 50 = 10≫10. #### 10
Question 3: Betty is saving money for a new wallet which costs $100. Betty has only half of the money 

she needs. Her parents decided to give her $ 15 for that purpose, and her grandparents 
twice as much as her parents. How much more money does Betty need to buy the wallet?

Answer 3: In the beginning, Betty has only 100/2 = $≪100/2 = 50≫50. Betty’s grandparents 
gave her 15 * 2 = $≪15*2 = 30≫30. This means, Betty needs 100 − 50 − 30 −15 = 
$≪100 − 50 − 30 − 15 = 5≫5 more. #### 5

Question 4: Julie is reading a 120-page book. Yesterday, she was able to read 12 pages and today, she 
read twice as many pages as yesterday. If she wants to read half of the remaining pages 
tomorrow, how many pages should she read?

Answer 4: Maila read 12 × 2 = ≪12 * 2 = 24≫24 pages today. So she was able to read a 
total of 12 + 24 = ≪12 + 24 = 36≫36 pages since yesterday. There are 120 − 36 = 
≪120 − 36 = 84≫84 pages left to be read. Since she wants to read half of the remaining 
pages tomorrow, then she should read 84/2 = ≪84/2 = 42≫42 pages. #### 42

Question 5: James writes a 3-page letter to 2 different friends twice a week. How many pages does he 
write a year?

Answer 5: He writes each friend 3*2 = ≪3 * 2 = 6≫6 pages a week So he writes 6*2 = 
≪6 * 2 = 12≫12 pages every week That means he writes 12*52 = ≪12 * 52 = 624≫624 
pages a year #### 624

1 3

   88   Page 24 of 36



Machine Learning          (2026) 115:88 

Appendix C: Examples of LLMs Errors

This section reports examples annotated during the error analysis in Sect. 5. Specifically, 
Table Table 12 shows examples of errors labeled as “Identification of complexity”, Table 
13 shows examples of errors labeled as “Resolution of Complexity”, Table 14 shows errors 
labeled as “Correctness of the final answer” and finally Table 15 shows errors labeled as 
“Correctness of the Answer Pattern”.

Table 11  Complex CoT examples
Question 1: Natalia sold clips to log(exponential(48)) of her friends in April, and then she sold half as 

many clips in May. How many clips did Natalia sell altogether in April and May?
Answer 1: * Calculate log(exponential(48)): Since the exponential function and the logarithm func-

tion are inverses of each other, log(exponential(48)) = 48. * Calculate the number of clips 
sold in May: 48/2 = 24 * Calculate the total number of clips sold: 48 + 24 = 72 #### 72

Question 2: Weng earns $12 an hour for babysitting. Yesterday, she just did (50/(cos2(2) + sin2(2))) 
minutes of babysitting. How much did she earn?

Answer 2: *cos2(2) + sin2(2) = 1 (Trigonometric Identity) * 
50/(cos2(2) + sin2(2)) = 50/1 = 50min * Weng earns $12 per hour, and there are 
60 min in an hour. * Earnings = (50 min/60 min/hour) * $12/hour #### 10

Question 3: Randy has (60.0*(0.5*2)) mango trees on his farm. He also has 5 less than half as many 
coconut trees as mango trees. How many trees does Randy have in all on his farm?

Answer 3: * Calculate the number of mango trees: 60.0 * (0.5 * 2) = 60.0 * Calculate half the number 
of mango trees: 60.0/2 = 30.0 * Calculate the number of coconut trees: 30.0 − 5 = 25.0 * 
Calculate the total number of trees: 60.0 + 25.0 = 85.0 #### 85

Question 4: A deep-sea monster rises from the waters once every hundred years to feast on a ship and 
sate its hunger. Over three hundred years, it has consumed (846+(7/7)) people. Ships have 
been built larger over time, so each new ship has twice as many people as the last ship. 
How many people were on the ship the monster ate in the first hundred years?

Answer 4: Calculate the total number of people eaten: 846 + (7/7) = 846 + 1 = 847 people 2. Let ’x’ 
be the number of people on the first ship. 3. The second ship had 2*x people. 4. The third 
ship had 2*(2*x) = 4*x people. 5. The total number of people eaten is x + 2x + 4x = 847 6. 
Combine like terms: 7x = 847 7. Divide both sides by 7: x = 121 #### 121

Question 5: Joy can read 8 pages of a book in 20 min. How many hours will it take her to read 
log(exponential(120)) pages?

Answer 5: **Find Joy’s reading rate:** *Joy reads 8 pages/20 min = 0.4 pages per minute. **Cal-
culate the total number of pages: ** * log(exponential(120)) = 120 (The logarithm and 
exponential functions cancel each other out) **Calculate the total time in minutes: *** 120 
pages/0.4 pages/minute = 300 min **Convert minutes to hours: ** * 300 min/60 min/hour 
= 5 h #### 5
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Table 12  Example of error labeled during manual annotation as “Identification of complexity”
Question Janeth borrowed $2000 and promised to return it with an additional 10% of the amount. 

If she is going to pay $165 a month for (12/(0.5 * 2)) months, how much will be Ja-
neth’s remaining balance by then? [Correct Answer: 220]

deepseek-
llama-8B 
[Answered cor-
rectly in origi-
nal question 
without math 
complexity]

<think> First, I recognize that Janeth borrowed $2000 and agreed to return it with an 
additional 10% interest. This means she will pay a total of 110% of the principal amount
Next, I calculate the total amount she needs to pay by multiplying the principal by 1.10: 
$2000 * 1.10 = $2200
Then, I determine how long it will take for her to pay this amount at a rate of $165 per 
month. I set up the equation: 165 * t = 2200
Solving for t gives: t = 2200/165 = 13.333 months
Since the payment is made every month, I calculate the total payment made after 13 
months: $165 * 13 = $2145
Finally, I find the remaining balance by subtracting the total payment from the total 
amount owed: $2200 − $2145 = $55. <//think>
**Solution:**
1. **Understand the Total Amount to be Paid:**
Janeth borrowed $2000 and promises to return it with an additional 10% of the amount. 
This means she will pay **110%** of the principal
Total Amount = $2000 × 1.10 = $2200
2. **Determine the Number of Months Needed to Pay $2200 at $165 per Month:**
Let t be the number of months. The equation is: 165 × t = 2200
 Solving for t
t = 2200

165 ≈ 13.3 months
3. **Calculate the Total Payment After 13 Months:
**Since payments are made every month: Total Payment = $165 × 13 = $2145
4. **Find the Remaining Balance:**
Subtract the total payment from the total amount owed:
Remaining Balance = $ 2200 − $2145 = $55

**Final Answer:** 55
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Table 13  Examples of error labeled during manual annotation as “Resolution of complexity”
Question 1 Each person in a certain household consumes 0.2 kg of rice every meal. Sup-

posing 5 members of the household eat rice every lunch and dinner, how many 
weeks will a exponential(log(42)) kg bag of rice last? [Correct Answer:3]

gemma-2-9B [An-
swered correctly in 
original question with-
out math complexity]

1. * Rice consumption per meal per person: 0.2 kg * Number of people eating: 5 
* Total rice consumption per meal: 0.2 kg/person * 5 people = 1 kg * Meals per 
day: 2 (lunch and dinner) * Total rice consumption per day: 1 kg/meal * 2 meals 
= 2 kg * Rice consumption per week: 2 kg/day * 7 days/week = 14 kg * Bag 
size: exponential(log(42)) kg * Weeks the rice will last: exponential(log(42)) 
kg/14 kg/week = #### 1.9999999999999998

Question 2 Darrell and Allen’s ages are in the ratio of 7:11. If their total age now is 162, cal-
culate Allen’s age exponential(log(10)) years from now. [Correct Answer: 109]

deepseek-llama-8B 
[Answered correctly in 
original question with-
out math complexity]

<think> First, I recognize that the ratio of Darrell’s age to Allen’s age is 7:11. 
This means that for every 7 years of Darrell’s age, Allen is 11 years
Next, I’ll express their current ages in terms of a common variable. Let’s denote 
Darrell’s age as 7x and Allen’s age as 11x, where x is a common multiplier
The problem states that the total of their current ages is 162 years. Therefore, I 
can set up the equation: 7x + 11x = 162
Combining like terms gives: 18x = 162
Solving for x: x = 162/18 x = 9
Now that I have the value of x, I can find Allen’s current age: Allen’s age = 11x 
= 11 * 9 = 99 years
The problem asks for Allen’s age in exponential(log(10)) years from now. 
First, I need to interpret what exponential(log(10)) means. The expression 
log(10) is the common logarithm, which is approximately equal to 1. Therefore, 
exponential(log(10)) is e1, which is approximately 2.71828. Finally, to find 
Allen’s age in 2.71828 years, I add this value to his current age: Allen’s age in 
2.71828 years = 99 + 2.71828 = 101.71828 years </think>
**Solution:**
We are given that the ratio of Darrell’s age to Allen’s age is 7:11, and their 
combined ages now total 162 years. We need to determine Allen’s age in 
exponential(log(10))) years from now
**Step 1: Express Their Current Ages in Terms of a Variable
** Let’s denote: - Darrell’s current age as 7x - Allen’s current age as 11x
**Step 2: Set Up the Equation for Their Total Age**
7x + 11x = 162
**Step 3: Solve for x**
18x = 162
x = 162

18   
x = 9
**Step 4: Determine Allen’s Current Age**
Allen’s age = 11x = 11 × 9 = 99 years
**Step 5: Interpret exponential(log(10))**
– log(10) is the common logarithm (base 10), which equals approximately 1. – 
Therefore, exponential(log(10)) = e1 ≈ 2.71828
**Step 6: Calculate Allen’s Age in 2.71828 Years**
Allen’s age in 2.71828 years = 99 + 2.71828 ≈ 101.71828 years
**Final Answer:**

101.71828
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Question Adrian’s age is three times the age of Harriet, 
and Harriet is half the age of Zack. Calculate 
the average age of the three in three years if 
Harriet is log(exponential(21)) years old now. 
[Correct Answer: 45]

gemma-9B [An-
swered correctly in 
original question 
without math 
complexity]

1. Harriet’s age now = log(exponential(21)) = 
21 years (Since log and exponential are inverse 
functions)
Adrian’s age now = 3 * Harriet’s age = 3 * 21 
= 63 years
Zack’s age now = 2 * Harriet’s age = 2 * 21 = 
42 years
Harriet’s age in three years = 21 + 3 = 24 years
Adrian’s age in three years = 63 + 3 = 66 years
Zack’s age in three years = 42 + 3 = 45 years
Average age in three years = (Harriet’s age + 
Adrian’s age + Zack’s age)/3 = (24 + 66 + 45)/3
2. 45

Table 15  Example of error la-
beled during manual annotation 
as “Correctness of the answer 
pattern”

 

Question Jerry is rolling a six-sided die. How much more 
likely is it (expressed as a percentage) that he rolls 
a number greater than log(exponential(3)) than 
that he rolls two even numbers in a row? [Correct 
Answer: 25]

gemma-9B 
[Answered 
correctly 
in original 
question 
without math 
complexity]

1. * **Calculate log(exponential(3))**: Since the 
exponential function and the natural logarithm func-
tion are inverses of each other, log(exponential(3)) 
= 3. * **Probability of rolling a number greater 
than 3**: There are no numbers greater than 3 on 
a standard six-sided die, so the probability is 0. 
* **Probability of rolling two even numbers in a 
row**: * Probability of rolling an even number: 3/6 
= 1/2 * Probability of rolling another even number: 
1/2 * Probability of rolling two even numbers in a 
row: (1/2) * (1/2) = 1/4 * **Difference in probabili-
ties**: 0 − (1/4) = − 1/4 2. #### − 0.25

Table 14  Example of error 
labeled during manual annota-
tion as “Correctness of the final 
answer”
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Table 16  Examples of “Inverse" for llama-3.3-70B with complexity level equal to 2 and 4
Question 
[Level 2]

A robe takes exponential(log(exponential(log(2)))) bolts of blue fiber

and half that much white fiber. How many bolts in total does it take? [Correct Answer: 
3]
1. First, calculate the innermost function: log(2).

llama-3.3-
70B Generic 
prompt

Since the base of the logarithm is not specified, we’ll assume it’s the common logarithm 
with base 10. log(2) ≈ 0.301 

2. Next, calculate exponential(log(2)): exponential(0.301) = e0 .301 ≈ 1.349.
3. Now, calculate log(exponential(log(2))):log(1.349) ≈ 0.130.
4. Then, calculate exponential(log(exponential(log(2)))): exponential(0.130) ≈ e(0.130) 
≈ 1.139.
5. The robe takes 1.139 bolts of blue fiber and half that much white fiber, so the white 
fiber is 1.139/2 ≈ 0.5695.
6. To find the total number of bolts, add the blue and white fiber: 1.139 + 0.5695 ≈ 
1.709. ### 1.709

llama-3.3-70B 
Notice prompt

1. First, we need to simplify the expression exponential(log(exponential(log(2)))) using 
the property that exponential(log(x)) ≈ x. So,
exponential(log(exponential(log(2)))) = exponential(log(exponential(log(2))))  
= exponential(log(2)) because exponential(log(2)) = 2. 
Since exponential(log(2)) = 2, then the total bolts of blue fiber is 2.
 The total bolts of white fiber is half of the total bolts of blue fiber, so it is 2/2 = 1.
The total bolts of fiber is the sum of the bolts of blue and white fiber, which is 2 + 1 = 3. 
#### 3

Question 
[Level 4]

A robe takes exponential(log(exponential(log(exponential(log(exponential(log(2))))))))

bolts of blue fiber and half that much white fiber. How many bolts in total does it 
take?[Correct Answer: 3]

llama-3.3-
70B Generic 
prompt

1. Start with the innermost function: exponential(log(2)). Since exponential 
and logarithm are inverse operations,exponential(log(2)) = 2. 2. Now we 
haveexponential(log(exponential(log(2)))) = exponential(log(2)) = 2. 3. 
Again, exponential(log(exponential(log(exponential(log(2))))) = exponential(log(2)) = 2.
4. Continuing this pattern, exponential(log(exponential(log(
exponential(log(exponential(log(2))))))) = 2
5. The robe takes 2 bolts of blue fiber. 6. It takes half that much white fiber, so it takes 
2/2 = 1 bolt of white fiber.
7. Total bolts = bolts of blue fiber + bolts of white fiber = 2 + 1 = 3. #### 3

Appendix D: Comparison of Errors Across Models

We measured the number of errors that are shared by pairs of top-performing models on the 
GSM8K questions, for the various modification types and prompts (see Table17).
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Table 18  Number of errors shared by gemma-2-9B-it and qwen2.5-7B for GSM-Identity questions
qwen2.5-7B
Generic Notice 5-CoT Complex 5-CoT

gemma-2-9B Generic BODMAS 95 95 93 107
Inverse 261 174 203 131
Trigonometry 120 115 124 124

Notice BODMAS 99 98 100 114
Inverse 218 154 163 120
Trigonometry 96 96 110 112

5-CoT BODMAS 93 91 99 107
Inverse 229 153 193 127
Trigonometry 112 103 113 109

Complex 5-CoT BODMAS 98 97 101 103
Inverse 157 111 137 119
Trigonometry 98 102 111 105

BODMAS (Top) Inverse (Middle) Trigonometry (Bottom)

qwen2.5-7B gemma-2-9B lla-
ma-3.3-
70B

qwen2.5-
math-
72B

qwen2.5-
7B

BOD-
MAS

183 103 52 44

In-
verse

171 111 47 46

Trigo-
nom-
etry

184 105 60 53

gemma-
2-9B

BOD-
MAS

103 266 57 43

In-
verse

111 359 53 50

Trigo-
nom-
etry

105 303 60 50

lla-
ma-3.3-
70B

BOD-
MAS

52 57 80 32

In-
verse

47 53 70 28

Trigo-
nom-
etry

60 60 81 38

qwen2.5-
math-
72B

BOD-
MAS

44 43 32 67

In-
verse

46 50 28 74

Trigo-
nom-
etry

53 50 38 87

Table 17  Number of errors 
shared by pairs of models on the 
GSM-Identity questions with 
Complex 5-CoT prompt

When the pair is composed of 
the same model, the number 
indicated the number of errors 
it made on the task. The 
count is split by type of added 
complexity: BODMAS, Inverse, 
Trigonometry
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Table 19  Number of errors shared by qwen2.5-math-72B and llama-3.3-70B for GSM-Identity questions
qwen2.5-math-72B
Generic Notice 5-CoT Complex 5-CoT

llama-3.3-70B Generic BODMAS 34 33 36 34
Inverse 31 29 32 29
Trigonometry 38 38 41 37

Notice BODMAS 33 30 33 31
Inverse 30 29 31 28
Trigonometry 37 37 37 35

5-CoT BODMAS 31 32 30 32
Inverse 32 30 31 27
Trigonometry 34 36 35 35

Complex 5-CoT BODMAS 30 30 32 32
Inverse 27 28 27 28
Trigonometry 35 38 38 38

BODMAS (Top) Inverse(Middle) Trigonometry (Bottom)
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Appendix E: Detailed Results on Additional Datasets

Table 20 show the accuracy values for the 192 configurations tested on the additional data-
sets (see Sect. 7).

Dataset Model Prompt Original BODMAS Inverse Trigonometry Avg
multiarith-platinum gemma-2-9B Generic 94.3 89.1 37.9 62.1 63.0

Notice 89.7 86.2 57.5 86.8 76.8
5-CoT 92.5 85.1 67.8 78.7 77.2
Com-
plex 
5-CoT

94.3 90.8 86.8 83.3 87.0

qwen2.5-7B Generic 97.7 96.6 74.7 94.8 88.7
Notice 97.7 92.5 86.2 94.3 91.0
5-CoT 97.1 94.8 86.2 94.8 91.9
Com-
plex 
5-CoT

97.7 94.8 90.2 92.0 92.3

llama-3.3-70B Generic 97.1 96.0 87.9 93.7 92.5
Notice 97.7 96.6 96.0 96.6 96.4
5-CoT 97.1 96.6 95.4 96.6 96.2
Com-
plex 
5-CoT

97.1 97.1 97.1 97.1 97.1

qwen2.5-math-
72B

Generic 97.7 97.7 96.0 97.7 97.1
Notice 97.7 97.7 97.1 97.7 97.5
5-CoT 97.7 97.7 97.7 97.7 97.7
Com-
plex 
5-CoT

97.7 97.1 97.7 97.7 97.5

singleq-platinum gemma-2-9B Generic 97.0 94.0 27.0 67.0 62.7
Notice 96.0 94.0 48.0 92.0 78.0
5-CoT 97.0 96.0 69.0 85.0 83.3
Com-
plex 
5-CoT

100.0 100.0 77.0 95.0 90.7

qwen2.5-7B Generic 95.0 100.0 84.0 99.0 94.3
Notice 92.0 100.0 89.0 100.0 96.3
5-CoT 100.0 99.0 92.0 100.0 97.0
Com-
plex 
5-CoT

100.0 100.0 93.0 100.0 97.7

llama-3.3-70B Generic 97.0 100.0 84.0 98.0 94.0
Notice 97.0 100.0 99.0 100.0 99.7
5-CoT 100.0 100.0 99.0 100.0 99.7
Com-
plex 
5-CoT

100.0 100.0 100.0 100.0 100.0

qwen2.5-math-
72B

Generic 100.0 100.0 100.0 100.0 100.0
Notice 100.0 100.0 99.0 100.0 99.7
5-CoT 100.0 100.0 97.0 100.0 99.0
Com-
plex 
5-CoT

100.0 100.0 100.0 100.0 100.0

Table 20  Accuracy of the models with different prompting for original questions and the respective GSM-
Identity questions on the three-platinum datasets
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Fig. 8  Difference of accuracy of the two top-performing models in their one class size, i.e., qwen2.5-
math-72B (70B) vs qwen2.5-7B (7B). GSM8K and GSM-Identity datasets, different prompts: a Generic, 
in b Notice, in c 5-CoT, in d Complex 5-CoT

 

Dataset Model Prompt Original BODMAS Inverse Trigonometry Avg
svamp-platinum gemma-2-9B Generic 88.4 84.7 36.2 64.9 61.9

Notice 87.7 82.5 53.4 85.1 73.7
5-CoT 88.8 73.5 66.4 78.7 72.9
Com-
plex 
5-CoT

88.4 86.6 80.2 85.4 84.1

qwen2.5-7B Generic 91.0 92.9 77.6 89.6 86.7
Notice 91.4 92.9 82.8 91.4 89.0
5-CoT 95.5 92.5 83.6 92.2 89.4
Com-
plex 
5-CoT

94.8 90.7 93.3 90.7 91.6

llama-3.3-70B Generic 96.3 96.3 91.4 93.7 93.8
Notice 97.4 97.0 94.4 97.0 96.1
5-CoT 97.4 96.6 94.0 97.0 95.9
Com-
plex 
5-CoT

96.6 96.6 96.6 97.0 96.7

qwen2.5-math-
72B

Generic 96.3 97.4 95.9 96.3 96.5
Notice 97.4 98.1 96.6 97.0 97.2
5-CoT 97.0 96.3 97.0 94.8 96.0
Com-
plex 
5-CoT

97.0 96.3 95.5 95.5 95.8

The average is calculated only on GSM-Identity questions

Table 20  (continued) 

Appendix F: Inference Comparison

See Tables 21, 22 and Fig. 8.
During our experiments, we switched to vLLM due to its much faster inference, as the 

Hugging Face implementation required days to complete the experiments on a single data-
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set, while vLLM required few hours. However, we observed a difference in accuracy in our 
results, even though the trends remained the same across different prompts. Table 22 shows 
the difference in the count of correct answers for the original GSM8K dataset when using 
vLLM compared to Hugging Face.
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Model Prompt 
Type

Accuracy(vLLM) Accuracy(HF) Absolute 
Accuracy % 
difference

deep-
seek-lla-
ma-8B

Generic 0.666 0.748 8.2
Notice 0.697 0.753 5.60
5-CoT 0.729 0.771 4.2
Com-
plex 
5-CoT

0.701 0.739 3.8

mistral-
nemo

Generic 0.706 0.801 9.5
Notice 0.710 0.845 13.5
5-CoT 0.809 0.845 3.6
Com-
plex 
5-CoT

0.815 0.848 3.3

gemma-
2-9B

Generic 0.858 0.867 0.9
Notice 0.848 0.873 2.5
5-CoT 0.850 0.873 2.3
Com-
plex 
5-CoT

0.864 0.867 0.3

Table 22  Comparison in model 
accuracy using vLLM and Hug-
ging Face

 

Level Generic Notice 5-CoT Complex 5-CoT
1 4.2 1.3 1.6 1.0
2 6.6 4.0 4.5 3.1
3 7.2 4.2 4.2 3.4
4 6.7 4.4 5.6 4.4
5 8.2 6.0 6.0 5.1

Table 21  Average loss in ac-
curacy compared to orignal 
GSM8K for llama-3.3-70B in 
different complexity level across 
different prompts
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