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Abstract
Large language models (LLMs) have the potential to significantly expand access to quality education through
applications such as mathematics tutoring. However, a key challenge is that student writing often contains
redundancies, and prior research has shown that LLMs can be sensitive to such irrelevant information. This raises
a critical research question: How consistent are LLMs when faced with extraneous comparative statements? To
address this, we propose a systematic framework for evaluating LLM consistency. Our approach involves a hybrid
strategy that integrates template-based and model-based methods to generate comparative statements (e.g., “One
of the apples was tastier than average”) and insert them into mathematical reasoning problems. The
merit of our approach lies in its systematic and automated nature, enabling rigorous assessment across various
models and datasets. Conducting experiments on the GSM8K, AQuA, and Hendrycks MATH benchmarks with a
suite of open-source LLMs, we highlight two key results. First, LLM accuracy can drop by over 30% when presented
with these statements. Furthermore, we uncover a trade-off between the diversity of the generated statements
and the magnitude of the performance drop, where less diverse and more repetitive perturbations lead to greater
accuracy degradation.
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1. Introduction

The integration of large language models (LLMs)
into educational tools is accelerating, with math-
ematics tutoring emerging as a key area of appli-
cation (Miller and DiCerbo, 2024; Macina et al.,
2025; Gupta et al., 2025). LLM-based tutors offer
a promising solution to the high cost and limited
availability of traditional tutoring, making academic
support more accessible to students.

However, for these tutors to be effective, they
must be robust to the natural writing styles of
students, which often include redundancies and
extraneous details. This is a critical concern,
as prior work has shown that the performance
of LLMs can degrade when prompts contain
irrelevant information (Mirzadeh et al., 2025).
Prior work (Mirzadeh et al., 2025) adopts a more
manual methodology to examine LLM performance
in the presence of various forms of irrelevant
information. Our approach focuses on a specific
form of extraneous information: comparative
statements. To better understand and address this
vulnerability, this paper introduces a systematic
approach increasing the scale of evaluation from
prior work. We formalize a template for these
problematic comparative statements—“One of
the {entities} was {comparator} than
average”—to rigorously evaluate their effect
on LLM performance. An illustrative example is
provided in Figure 1.

This study systematically evaluates the consis-

Prompt: James and Lisa ordered 2 small piz-
zas. Each pizza has 6 slices. James ate 2/3
of all the slices. One of the slices is chewier
than average. How many slices of pizza did
James eat?
Llama-3: James ate 2/3 of all the slices, so
he ate 2/3 * 12 slices = «2/3*12=8»8 slices.
One of the slices is chewier than average, so
he did not eat that slice. Therefore, he ate 8 -
1 = «8-1=7»7 slices. #### 7

Figure 1: In the example, we can see an incon-
sistent model response from the Llama-3 model.
When the statement is not inserted, the model re-
sponds with the correct answer “8.” After the com-
parative statement “One of the slices is chewier
than average.” was inserted, the model changes
its response and responds with an incorrect an-
swer of “7”. The comparative statement should not
affect the final answer, but the model changes its
response.

tency of several open-source LLMs from the Phi,
Gemma, Llama, Qwen, and Mistral families when
their input is perturbed with comparative state-
ments. To do this, we generate these statements
and insert them into mathematical word problems,
assessing model consistency by comparing perfor-
mance on the original and modified problems.

We explore several methods for generating
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Figure 2: Our process of selecting an example from a mathematical reasoning benchmark, then trans-
forming and evaluating it using our method.

the comparative statements. Our primary ap-
proach is template-based, where we populate
the structure “One of the {entities} was
{comparator} than average.” To fill the tem-
plate, we test three techniques: a fixed baseline
using a single common comparator, a masked lan-
guage model (RoBERTa; Liu et al. 2019), and a
prompted autoregressive LLM (Gemma; Team et al.
2024b). In addition, the discussion section investi-
gates a free-form generation approach that does
not rely on a predefined template.

Our experiments are conducted on three bench-
mark mathematics datasets: GSM8K (Cobbe et al.,
2021), AQuA (Ling et al., 2017), and Hendrycks
MATH (Hendrycks et al., 2021). We find that the
insertion of these statements can cause accuracy
to drop by over 30%, revealing significant inconsis-
tencies in model behavior. This trade-off is evident
when comparing our different statement generation
methods. We measure diversity by calculating the
entropy and counting the number of unique com-
parators generated by each method. The Gemma-
based approach, for instance, produces a signifi-
cantly more diverse set of comparative statements
than the RoBERTa-based method. Correspond-
ingly, the more diverse Gemma method results in
a smaller average drop in model accuracy (e.g.,
20.4% on GSM8K) compared to the less diverse
RoBERTa and fixed-baseline methods (21.7% and
23.1% on GSM8K, respectively). This pattern sug-
gests that models are more robust to varied and
less frequent irrelevant phrases than to repeated
and common phrases.

Our main contributions are as follows:
• We introduce a systematic methodology for

evaluating LLM consistency, including several
strategies (fixed, template-based, and free-
form) for generating irrelevant comparative
statements to perturb prompts. Our code is
open source1.

• Through extensive experiments on three math
reasoning benchmarks (GSM8K, AQuA, and

1https://github.com/aidansan/
consistency-llms-comparative-statements

Hendrycks MATH), we demonstrate that lead-
ing open-source LLMs exhibit significant per-
formance degradation, with accuracy dropping
by over 30% in some cases, when presented
with these statements.

• We identify a clear trade-off between the di-
versity of the generated statements and the
magnitude of the accuracy drop, showing that
less diverse, repetitive perturbations cause a
greater decrease in performance.

2. Related Work

2.1. Mathematical Reasoning in LLMs
Mathematics has long been a central component of
education and remains essential for students’ aca-
demic development. Consequently, mathematical
reasoning has become a standard benchmark for
evaluating large language Models (LLMs) (Achiam
et al., 2023; Abdin et al., 2024a; Touvron et al.,
2023). A large body of work has been dedicated to
developing evaluation methods and benchmarks
for mathematical reasoning and improving the per-
formance of LLMs on this task.

Math word problems are one of the most pop-
ular tasks for evaluating mathematical reasoning
(Cobbe et al., 2021; Hendrycks et al., 2021; Ling
et al., 2017; Albalak et al., 2025). For instance,
GSM8K (Cobbe et al., 2021) consists of 8,500
grade-school-level questions created by crowd-
workers. Other datasets focus on math compe-
titions (Hendrycks et al., 2021; Mao et al., 2024;
Balunović et al., 2025). In particular, Hendrycks
et al. (2021) created a dataset from the AMC and
AIME competitions, providing step-by-step solu-
tions for each problem. More recently, datasets
have been developed to test the mathematical rea-
soning of multimodal language models by combin-
ing images with text (Wang et al., 2024; Shi et al.,
2024; Lu et al., 2024). Our work focuses on math
word problems, using the GSM8K (Cobbe et al.,
2021), AQuA (Ling et al., 2017), and Hendrycks
MATH (Hendrycks et al., 2021) datasets.

https://github.com/aidansan/consistency-llms-comparative-statements
https://github.com/aidansan/consistency-llms-comparative-statements


4484

To address the challenges of mathematical rea-
soning, specialized models and techniques have
been developed. For example, MathPrompter
(Imani et al., 2023) employs multiple chain-of-
thought rationales to solve a single problem in sev-
eral ways, thereby improving answer confidence.
Chen and Lin (2025) utilizes paraphrasing to gener-
ate more diverse mathematical training data. ToRA
(Gou et al., 2024) leverages tools such as compu-
tational libraries and symbolic solvers to enhance
performance. While our current work uses base
language models not specifically designed for math-
ematical reasoning, we plan to evaluate these spe-
cialized techniques in future work.

2.2. Consistency
Consistency in LLMs can be broadly categorized
into two types: single-generation and multiple-
generation consistency. Single-generation consis-
tency evaluates whether a single output is inter-
nally coherent or consistent with a given reference.
For instance, factual consistency requires that the
generated text is truthful relative to a knowledge
base (Fabbri et al., 2021; Wang et al., 2020; Tam
et al., 2023; Luo et al., 2025). Other forms of single-
generation consistency include conceptual consis-
tency, which examines the alignment between a
model’s outputs and its internal knowledge (Sahu
et al., 2022), and behavioral consistency, which
assesses the same alignment from a behavioral
perspective (Zheng et al., 2024).

Multiple-generation consistency, on the other
hand, assesses whether a model maintains con-
sistent behavior across multiple outputs generated
from varied inputs. Examples include positional
consistency, where a model’s response should not
change when the order of model’s inputs are shuf-
fled (Li et al., 2023; Tang et al., 2023; Zheng et al.,
2023). Another example is multilingual consistency,
which evaluates if a model produces the same pre-
diction for the same input provided in different lan-
guages (Ohmer et al., 2023). Similarly, paraphrase
consistency tests whether a model gives the same
output for an original and a paraphrased input (Raj
et al., 2023a,b; Nalbandyan et al., 2025). Our work
introduces a new dimension to this area by focusing
on consistency under the insertion of comparative
statements, specifically assessing whether a model
yields consistent predictions between an original
text and a version augmented with an irrelevant
comparative statement.

Beyond evaluation, consistency is also a tech-
nique to improve the decoding process (Wang et al.,
2023b; Chen et al., 2023; Aggarwal et al., 2023).
For example, self-consistency (Wang et al., 2023b)
samples multiple reasoning paths from a model
and marginalizes over them to determine the final
answer. Furthermore, consistency can be lever-

aged for downstream tasks such as fact-checking
(Manakul et al., 2023; Lucas et al., 2023; Ma et al.,
2025).

2.3. Adversarial Robustness
Adversarial robustness research examines the vul-
nerability of LLMs to various adversarial manipula-
tions. One line of this research focuses on pertur-
bations at the character, word, and sentence levels.
For example, Wang et al. (2023a); Fan and Tao
(2024) evaluate LLM robustness using the Adver-
sarial GLUE dataset (Wang et al., 2022), while Zhu
et al. (2024) generates custom perturbations with
various libraries instead of relying on a pre-existing
benchmark. Other approaches (Xiao et al., 2025;
Agrawal et al., 2025) utilize search methods to find
effective adversarial perturbations.

Another area of adversarial robustness is prompt
injection, where malicious instructions are embed-
ded in the input to make the model perform unin-
tended actions (Perez and Ribeiro, 2022; Liu et al.,
2024a,b; Li et al., 2024; Cantini et al., 2025). While
our method also involves inserting text, our goal
is fundamentally different. Adversarial attacks aim
to test model behavior with edge cases, whereas
our study evaluates model consistency in response
to irrelevant but non-malicious statements, which
is more common in collaborative settings, such as
using LLMs as tutors. Generally, when a student
is interfacing with an LLM tutor, they may uninten-
tionally include irrelevant information when asking
questions to the model, but the student is not at-
tempting to stress-test or attack the model.

3. Methods

3.1. Overview
Our method begins with an existing benchmark
dataset of mathematical word problems. For each
problem, we construct a comparative statement
and insert it into the question field to create a modi-
fied version of the question. The language model is
then evaluated on both the original problem and its
modified counterpart containing the comparative
statement, and the two responses are compared.

We outline the main steps of our method below:

1. Collect quantitative reasoning word problems
from benchmark datasets

2. Create comparative statements using model
and template-based approach and insert them
into original examples

3. Pass the original and modified examples
through an evaluation model and compare re-
sults
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3.2. Original Question Collection

Natural Language Word Problems. To evaluate
LLM consistency, we first identify questions suit-
able for the insertion of comparative statements.
While most examples in the GSM8K dataset are
concrete natural language word problems, making
them appropriate candidates, the Hendrycks MATH
and AQuA datasets contain a significant number of
problems that are not applicable. Many problems
from these datasets are too abstract. To address
this, we use an LLM-based filtering procedure to
distinguish concrete natural language word prob-
lems from more formulaic or abstract examples.
The prompt for this filtering is included in the ap-
pendix. This step allows us to exclude questions
that are not well-suited for our analysis. Table 1
provides examples of both types of problems.

Quantitative Reasoning Questions. For study-
ing comparative statements, our study specifi-
cally targets quantitative reasoning word problems,
which present a scenario and ask for a numerical
quantity, often with the phrase "how many." We use
a string-matching heuristic to select all questions
containing this phrase. The final size of our filtered
dataset is detailed in Table 2.

3.3. Comparative Statement Creation

We employ a template-based approach to create
comparative statements for insertion. These state-
ments consist of two main components: an “en-
tity” and a “comparator.” The entity refers to the
noun being compared, while the comparator is
the phrase used to draw the comparison. As il-
lustrated in Figure 3, the statements follow the
template: “One of the {entity} was {com-
parator} than average.” This statement is
inserted directly before the question sentence.

Natalia sold clips to 48 of her friends in April,
and then she sold half as many clips in May.
One of the clips was larger than average.
How many clips did Natalia sell altogether
in April and May?

Figure 3: An example of a comparative statement.
In this example, the entity is “clips” and the com-
parator is “larger.”

To fill in the entity, we use spaCy (Honnibal et al.,
2020) dependency parsing to find the main entity of
the question. To fill in the comparator, we consider
three approaches: a fixed baseline, a masked lan-
guage model and a prompt-based autoregressive
model. Here we describe each approach in detail:

Fixed. For our baseline method, we always insert
the most common comparator word: “larger.”
Masked Language Model (MLM). For our MLM
method, we use a masked language model to select
the highest-probability candidate as the comparator
word. We refer to this method as RoBERTa.
Large Language Model (LLM). For our LLM
method, we prompt an instruction-tuned LLM to
fill in the template. The prompt is included in the
appendix. We refer to this method as Gemma.

4. Experiment Settings

4.1. Datasets

We conduct our experiments on three mathematical
reasoning datasets composed of word problems,
due to their popularity and mix of question sources.
When evaluating each model, we utilize the training
splits of each dataset due to their larger size (we
do not need to reserve the training split for training
since we do not actually finetune any models).

GSM8K Following Mirzadeh et al. (2025), we use
the GSM8K dataset (Cobbe et al., 2021), which
contains 8.5K grade-school-level math problems
focused on topics up to pre-algebra. The dataset
was constructed by crowdworkers who used GPT-3-
generated seed questions to create both the prob-
lems and their natural language solutions. To en-
sure correctness, all problems were independently
re-solved by different crowdworkers.

AQuA The AQuA dataset (Ling et al., 2017) con-
tains 100K multiple-choice math questions. Crowd-
workers created the dataset by drawing inspiration
from 34K seed questions to write new, similar prob-
lems. In this process, each worker reviewed five
seed questions, selected one, and generated a
related question.

Hendrycks MATH (HMATH) The Hendrycks
MATH dataset (Hendrycks et al., 2021) features
12.5K problems from high school mathematics com-
petitions, including the AMC 10, AMC 12, and AIME.
Each problem is formatted in LaTeX and is anno-
tated with a difficulty rating from 1 to 5.

4.2. Models

Insertion Creation Models. For our MLM-based
fill-in method, we use RoBERTa (Liu et al., 2019)
due to its widespread use. For our LLM-based
approach, we evaluated seven different models and
selected the Gemma2-9B instruction-tuned model
(Team et al., 2024b).
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Question Score
Tim has 350 pounds of cement in 100, 50, and 25 pound bags. He has an equal number
of each size bag. How many bags of cement does Tim have?

4.9099

$|x+3| - |4-x| = |8+x|$ How many S solutions will this equation have? -2.2476

Table 1: Examples of concrete natural language word problems versus abstract questions from the AQuA
dataset. The first question is an example of a concrete question, and the second is abstract. Model scores
below zero are filtered-out.

Figure 4: Relationship between original accuracy and consistency across datasets.

Dataset Original Size Filtered Size
AQuA 97.5K 3,618
GSM8K 7.5K 1,788
HMATH 12.5K 363

Table 2: The sizes of each benchmark dataset
before and after filtering

Evaluation Models. To perform evaluations we
use the EleutherAI evaluation framework (Bider-
man et al., 2024) with 8 fewshot examples. We
evaluate the following models: Phi-2, Phi-3 (Abdin
et al., 2024a), Phi-4 (Abdin et al., 2024b), Gemma
(Team et al., 2024a), Gemma 2 (Team et al., 2024b),
Gemma 3 (Team et al., 2025), Llama3 (Grattafiori
et al., 2024), Llama3.1, Qwen2.5 (Qwen et al.,
2025), and Mistral-v0.3 (Jiang et al., 2023).

4.3. Metrics
To compute consistency, we adopt the modified
consistency metric introduced by Raj et al. (2023a),
which builds upon the formulation of Elazar et al.
(2021). Specifically, for each example, if the model
produces the same answer yi for both the baseline
and augmented versions of the question, it receives
a score of 1; otherwise, it receives a score of 0.

f(yi, yj) =

{
1, if yi = yj

0, if yi ̸= yj

In addition to consistency, we also measure the
model’s original and modified accuracy (before
and after insertion of the comparative phrase) and

their difference, the accuracy drop, to quantify per-
formance degradation.

4.4. Data Filtering
To ensure the quality of our experimental data,
we applied a few final filtering steps. First, since
comparative statements are often incompatible
with units of measurement (e.g., “One of the
hours was larger than average”), we re-
moved questions where the main entity was a
unit such as “hours,” “feet,” or “pounds.” Second,
in the few instances where a generation method
failed—for example, when a sentence exceeded
RoBERTa’s context length—we excluded the cor-
responding problem across all methods to ensure
a fair comparison. Finally, we filtered out cases
where spaCy incorrectly extracted the word “more”
as the entity in questions like “How many more
cards ...”, addressing a recurring parsing error.

5. Results

5.1. Best Performing Models
Highest Accuracy and Consistency. In the de-
velopment of LLM-based tutors, identifying models
with high consistency and accuracy is crucial for
ensuring reliable end-user results. We find that
Phi-4 is overall the best-performing model when
measuring consistency across nine settings (three
insertion methods for three datasets) and measur-
ing accuracy across the three datasets.

Table 4 shows that Phi-4 and Gemma-3-12B are
the most consistent models, performing well in 4 out
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Insertion Creation Method Fixed Gemma RoBERTa
Metric accorig accmod cons. accorig accmod cons. accorig accmod cons.
Eval. model
Llama-3-8B 0.540 0.375 0.356 0.540 0.366 0.422 0.540 0.364 0.338
Llama-3.1-8B 0.563 0.401 0.391 0.563 0.419 0.489 0.563 0.386 0.369
Llama-3.1-8B-Instruct 0.912 0.609 0.599 0.912 0.657 0.658 0.912 0.608 0.596
Mistral-7B-v0.3 0.413 0.319 0.310 0.413 0.315 0.437 0.413 0.323 0.318
Qwen2.5-7B 0.905 0.753 0.737 0.905 0.773 0.767 0.905 0.737 0.724
Qwen2.5-7B-Instruct 0.365 0.328 0.660 0.365 0.326 0.713 0.365 0.327 0.662
Gemma-7b 0.573 0.448 0.413 0.573 0.408 0.433 0.573 0.418 0.403
Gemma-2-9B 0.729 0.571 0.560 0.729 0.570 0.642 0.729 0.573 0.562
Gemma-3-12B-pt 0.695 0.592 0.542 0.695 0.603 0.687 0.695 0.571 0.529
Gemma-3-12B-it 0.900 0.828 0.842 0.900 0.853 0.886 0.900 0.833 0.848
Gemma-3-4B-pt 0.450 0.361 0.367 0.450 0.364 0.510 0.450 0.341 0.351
Phi-2 0.645 0.329 0.344 0.645 0.358 0.412 0.645 0.315 0.331
Phi-3-medium-4k-Instruct 0.909 0.729 0.737 0.909 0.790 0.815 0.909 0.733 0.742
Phi-4 0.930 0.864 0.870 0.930 0.884 0.915 0.930 0.862 0.866

Table 3: Results on GSM8K comparing three insertion creation methods across all evaluation (eval.)
models. accorig refers to the accuracy before inserting the comparative phrase, and accmod refers to the
accuracy after inserting the comparative phrase. cons refers to the consistency between the original and
modified accuracy. Original accuracy is the same across all insertion methods, because no comparative
statement has been inserted. Phi-4 is the best-performing model. (Gemma is used as both an insertion
method as well as an evaluation model.)

Dataset Insert. Acc. Best Cons. Best

GSM8K
Fixed Phi-4 Phi-4
Gemma Phi-4 Phi-4
RoBERTa Phi-4 Phi-4

AQuA
Fixed Phi-4 Gemma-3-12B
Gemma Phi-4 Phi-4
RoBERTa Phi-4 Gemma-2-9B

HMATH
Fixed Qwen2.5-7B Gemma-3-12B
Gemma Qwen2.5-7B Gemma-3-12B
RoBERTa Qwen2.5-7B Gemma-3-12B

Table 4: Highest original accuracy (acc.) and
consistency (cons.) models for each dataset and
insertion creation method (insert.). Phi-4 and
Qwen2.5 are the highest accuracy models. Phi-
4 and Gemma-3 are the most consistent models.

of 9 settings. For accuracy, Phi-4 achieves the high-
est accuracy on the GSM8K and AQuA datasets,
while Qwen2.5-7B excels on the Hendrycks MATH
dataset. Therefore, Phi-4 represents a generally
safe choice for a consistent and accurate math rea-
soning model. However, since performance can be
dataset-dependent, it is important to evaluate var-
ious models before deployment. Detailed results
for the GSM8K dataset are available in Table 3.

Accuracy vs. Consistency. A natural ques-
tion is whether more accurate models are also
more trustworthy. We investigate this by asking:
Are more accurate models also more consistent?
As shown in Figure 4, there is a positive correla-

tion between accuracy and consistency across all
datasets. Among the three, the GSM8K dataset
exhibits the strongest correlation (R2 = 0.51), while
the Hendrycks MATH dataset shows the weakest
(R2 = 0.08). Although the correlation is weak for the
AQuA and Hendrycks MATH datasets, our findings
suggest that improving model accuracy generally
leads to higher consistency. However, there may
also be value in specifically training for consistency,
particularly in contexts where it is critical.

Benefits of Instruction Tuning. Instruction tun-
ing is a common post-training step for most large
language models. One key question is if the in-
struction tuning process also improves consistency
in language models. We find that this effect is de-
pendent on dataset. We focus on three models
where we perform evaluations with both the pre-
trained models as well as their instruction-tuned
counterparts: Qwen2.5-7B, Gemma-3-12B, and
Llama3.1-8B. On the GSM8K dataset, consistency
significantly increases from the pretrained to in-
struction tuning models for the Gemma and Llama
models. On the other hand, consistency decreases
across the board on the Hendrycks MATH and
AQuA datasets. One possible explanation is that
GSM8K data was used for instruction tuning of
these models, but AQuA and Hendrycks MATH
data was not. For Qwen2.5-7B, there is a differ-
ent trend, in almost all cases, instruction tuning
decreases the consistency of Qwen.
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5.2. Comparing Insertion Approaches

Insertion Method Diversity. To thoroughly evalu-
ate the consistency of LLMs with comparative state-
ments, it is essential to test a diverse range of such
statements, as models may be highly consistent
with one type of statement but sensitive to others.
As shown in Figure 7, the generated replacements
are often dominated by the most frequent substi-
tution. For both Gemma and RoBERTa, the most
common replacement occurs more than twice as
often as the second most common. Between the
two models, Gemma exhibits greater diversity in
its replacements. Specifically, as illustrated in Fig-
ure 7, RoBERTa uses “larger” in over 50% of cases,
whereas Gemma distributes its replacements more
evenly. Furthermore, as shown in Table 5, Gemma
has a higher entropy and generates more unique
phrases across all datasets, confirming its greater
diversity. We explore methods for increasing the
diversity of generated phrases in Section 6.

Figure 5: Most common inserted phrases for the
RoBERTa vs. Gemma insertion method. The
Gemma model produces a much more uniform dis-
tribution of insertions compared to the RoBERTa
model where more than half of all insertions are
the word “larger.” There are similar results for the
AQuA and Hendrycks MATH datasets.

Dataset Insert. Unique Entropy
AQuA Gemma 512 6.379
AQuA RoBERTa 32 3.518
GSM8K Gemma 253 5.479
GSM8K RoBERTa 34 2.870
HMATH Gemma 128 5.982
HMATH RoBERTa 29 3.272

Table 5: Phrase diversity and entropy across
datasets and insertion models. Gemma consis-
tently has higher entropy and more unique phrases
implying more diverse insertion phrases.

Dataset Insert. Cons. Acc. Drop

AQuA
Fixed 0.756 7.5%
Gemma 0.786 7.5%
RoBERTa 0.753 8.0%

GSM8K
Fixed 0.552 21.7%
Gemma 0.628 20.4%
RoBERTa 0.546 23.1%

HMATH
Fixed 0.410 21.9%
Gemma 0.459 20.7%
RoBERTa 0.409 20.9%

Table 6: Average consistency (cons.) and relative
accuracy (acc.) drops. RoBERTa and the fixed
method have the highest drops in accuracy.

Insertion Method Consistency. As shown in Ta-
ble 6, the lowest consistency and highest relative
accuracy drop are observed with the fixed method
on the AQuA dataset, and with the RoBERTa
method on the GSM8K and Hendrycks MATH
datasets. The accuracy drop on the GSM8K
dataset is visualized in Figure 6.

Figure 6: A heatmap of accuracy drop on the
GSM8K dataset. RoBERTa overall has the highest
accuracy drop.

Quality Annotation. To ensure the reliability of
our method, the authors annotated 100 examples
from each dataset, for a total of 300 examples. We
annotated for two main aspects: change in mean-
ing and fluency. Change in meaning is defined as
an insertion which may change the answer to the
problem and fluency is defined as a grammatical
and logically coherent insertion. As can be seen
from Table 8, meaning is well-preserved across all
fill-in methods in the majority (greater than 90%) of
examples.
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Insert. Error Type Problem
Gemma fluency There are 40 ducks in a pond. 50 percent of the ducks are Muscovy and 30

percent of the Muscovies are female. One of the ducks is Muscovy ducks than
average. How many female Muscovy ducks there?

RoBERTa meaning Cora started reading a 158-page book on Monday, and she decided she wanted
to finish it by the end of Friday. She read 23 pages on Monday, 38 pages on
Tuesday, and 61 pages on Wednesday. She knows she will have time to read
twice as much on Friday as she does on Thursday. One of the pages is longer
than average. How many pages does she have to read on Thursday to finish the
book in time?

Table 7: Example errors from our method on the GSM8K dataset. In the Gemma example, there is an
issue with fluency, because “Muscovy ducks” is not a grammatical comparator word. In the RoBERTa
example, the meaning of the question slightly changes, because if one of the pages is longer, it may take
more time to read that page.

Fill-In Meaning Preserved Fluent
Fixed 91.67% 84.67%
Gemma 92.67% 81.00%
RoBERTa 90.67% 80.66%

Table 8: Comparison of annotated meaning preser-
vation and fluency across the three insertion cre-
ation methods.

We present examples of quality errors identified
in our method in Table 7. In the example from
Gemma, we observe a fluency issue: the gen-
erated sentence “One of the ducks is Mus-
covy ducks than average.” is ungrammati-
cal because Muscovy ducks is not a valid compara-
tive term. In contrast, the example from RoBERTa
demonstrates a minor meaning-preservation error.
The question concerns reading speeds, but stating
that one of the pages is “longer than average” may
alter the answer to the question, as a longer page
could take more time to read.

6. Discussion

Statement Insertion Position. Past work (Li
et al., 2023; Tang et al., 2023; Zheng et al., 2023)
has found that LLM consistency is sensitive to
the order and positioning of text. During further
exploratory studies, we found that the location of
the inserted phrase is extremely important to model
consistency. When inserted before the “How many”
phrase (e.g., One of the fishes is larger
than average. How many fishes did
Johnny catch?), consistency is relatively lower
compared to when inserted at the end of the
example (e.g., How many fishes did Johnny
catch? One of the fishes is larger
than average). With the Llama-3.1 model,
when the phrase is inserted after the “How many”
phrase, consistency is 59.2% compared to 48.9%
when inserted before the “How many” phrase. This

represents a drop of more than 10% in consistency
depending on the insertion position. Our findings
align with past work stating that LLM consistency
is sensitive to positioning of text.

Free-form Generation. In addition to template-
based methods, we also wanted to explore allowing
the LLM to freely generate the entire comparative
statement. One example of such a generated state-
ment is “The bag of apples weighed less
than the bag of oranges.” We observe a
similar trade-off between diversity and accuracy
drop, as seen previously. We find that using this
free-form generation method results in 25% more
unique phrases over the template-based prompting
method, and a smaller degradation in Llama-3.1
accuracy—7.65% compared to 25.6% originally.

Entity Selection. We also explored the consis-
tency of comparative statements when selecting
other entities. In place of choosing the main en-
tity targeted by the “How many” phrase, we in-
stead selected a random proper noun from the
example. For instance, in the example “How
many marbles does Emily have now?”, we
created the phrase “Emily is happier than
average.” With the Llama-3.1 model, we find
that there is a smaller relative accuracy drop of
only 8.18% compared to 25.6% when using the
original entity.

Improving Diversity of Comparative Statements.
To increase the diversity of comparative statements,
we also wanted to explore alternate ways of select-
ing the comparator word. Instead of picking the first
option proposed by the LLM, we randomly sampled
from the first three options generated by the LLM.
When selecting from the first three options, there
were 49.8% more unique phrases, and entropy in-
creased from 5.479 to 6.467. Model consistency
remained nearly unchanged, decreasing slightly
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from 48.9% to 48.1%. Based on these results, one
possible future direction would be to explore other
sampling methods to improve the diversity of our
method.

7. Conclusion

This paper introduces a systematic framework for
evaluating the consistency of large language mod-
els (LLMs) on comparative statements. Our eval-
uation across a diverse set of open-source mod-
els reveals that, under certain conditions, LLMs
can suffer a performance degradation of over 30%.
We identify a clear trade-off between the diversity
of comparative statements and accuracy degra-
dation, where less diverse and more repetitive
perturbations—such as those generated by the
RoBERTa-based method—cause a greater drop in
performance. Future work will investigate whether
these findings extend to tasks beyond mathemati-
cal reasoning and to closed-source models.
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A. Prompts

A.1. Prompt for natural language word
problem filtering

<|begin_of_text|><|start_header_id|>

system<|end_header_id|>

Cutting Knowledge Date: December
2023↪→

Today Date: 26 Jul 2024

You are a helpful
assistant<|eot_id|>↪→

<|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

Mr. Kramer, the losing candidate in
a two-candidate election,
received 942,568 votes, which
was exactly 47 percent of all
votes cast. Approximately what
percent of the remaining votes
would he need to have received
in order to have won at least 50
percent of all the votes
cast?<|eot_id|>

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

<|start_header_id|>
assistant<|end_header_id|>

Yes<|eot_id|><|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

The perimeter of a triangle is 28 cm
and the inradius of the triangle
is 2.5 cm. What is the area of
the triangle?<|eot_id|>

↪→

↪→

↪→

<|start_header_id|>
assistant<|end_header_id|>

No<|eot_id|><|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

23 people attend a party. Each
person shakes hands with at most
22 other people. What is the
maximum possible number of
handshakes, assuming that any
two people can shake hands at
most once?<|eot_id|>

↪→

↪→

↪→

↪→

↪→

↪→

<|start_header_id|>
assistant<|end_header_id|>

Yes<|eot_id|><|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

http://arxiv.org/abs/2203.11171
http://arxiv.org/abs/2203.11171
http://arxiv.org/abs/2203.11171
http://arxiv.org/abs/2412.21016
http://arxiv.org/abs/2412.21016
http://arxiv.org/abs/2412.21016
http://arxiv.org/abs/2402.12545
http://arxiv.org/abs/2402.12545
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/91f18a1287b398d378ef22505bf41832-Paper-Datasets_and_Benchmarks.pdf
https://doi.org/10.1145/3689217.3690621
https://doi.org/10.1145/3689217.3690621
https://doi.org/10.1145/3689217.3690621
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.5281/zenodo.1212303
https://doi.org/10.5281/zenodo.1212303
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A football player scores 2 goals in
his fifth match thus increasing
his average goals score by 0.1.
The total number of goals in his
5 matches would
be<|eot_id|><|start_header_id|>

↪→

↪→

↪→

↪→

↪→

assistant<|end_header_id|>

Yes<|eot_id|><|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

How many 9 step paths are there from
$E$ to $G$ which pass through
$F$?[asy]size(4cm,4cm);int
w=6;int h=5;int i;pen
p=fontsize(9);for (i=0; i<h;
++i){draw((0,i) -- (w-1,i));}for
(i=0; i<w; ++i){draw((i,
0)--(i,h-1));}label("G", (w-1,0),
SE, p);label("E", (0,h-1), NW,
p);label("F", (3,3), NE,
p);[/asy]<|eot_id|>

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

<|start_header_id|>
assistant<|end_header_id|>

No<|eot_id|><|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

A street has 50 houses on each side,
for a total of 100 houses. The
addresses on the south side of
the street form an arithmetic
sequence, as do the addresses on
the north side of the street. On
the south side, the addresses
are 1, 5, 9, etc., and on the
north side they are 3, 7, 11,
etc. A sign painter paints house
numbers on a house for $\$1$ per
digit. If he paints the
appropriate house number once on
each of these 100 houses, how
much does he earn?<|eot_id|>

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

<|start_header_id|>
assistant<|end_header_id|>

Yes<|eot_id|><|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

85% of a number is added to 24, the
result is the same number. Find
the number?

↪→

↪→

<|eot_id|><|start_header_id|>

assistant<|end_header_id|>

No<|eot_id|><|start_header_id|>
user<|end_header_id|>

Is the following question a word
problem?↪→

The roots of the equation $x^2+kx+5
= 0$ differ by $\sqrt{61}$. Find
the greatest possible value of
$k$.<|eot_id|>

↪→

↪→

↪→

<|start_header_id|>
assistant<|end_header_id|>

No<|eot_id|><|start_header_id|>
user<|end_header_id|>

A.2. Prompt for LLM Template insertion
method

<bos><start_of_turn>user
Identify the words can be used to

replace the word [MASK] in an
example without changing the
answer to the question.

↪→

↪→

↪→

"At a convention, 16 of 36 delegates
arrived with pre-printed name
badges. Half of the remaining
delegates made their own,
hand-written name badges. How
many delegates were not wearing
name badges?"<end_of_turn>

↪→

↪→

↪→

↪→

↪→

↪→

<start_of_turn>model
[MASK] could be replaced with:
* **more talkative**
* **happier**
* **taller**
* **older**
* **skinnier**<end_of_turn>
<start_of_turn>user
Identify the words can be used to

replace the word [MASK] in the
example without changing the
answer to the question.

↪→

↪→

↪→

"Tabitha and her friends were
excited to go to the Christmas
parade because they knew candy
would be thrown to the crowd
from the floats. Tabitha caught
22 pieces of candy. Stan caught
13 pieces. Julie caught half
the amount of candy as Tabitha
caught and Carlos caught twice
as much candy as Stan. One of
the pieces is [MASK] than
average. How many pieces in
total did the friends
catch?"<end_of_turn>

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→
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<start_of_turn>model
[MASK] could be replaced with:
* **more uniquely shaped**
* **more tightly wrapped**
* **rarer**
* **sweeter**
* **heavier**<end_of_turn>
<start_of_turn>user
Identify the words can be used to

replace the word [MASK] in the
example without changing the
answer to the question.

↪→

↪→

↪→

"Mark has a garden with flowers. He
planted plants of three
different colors in it. Ten of
them are yellow, and there are
80% more of those in purple.
There are only 25% as many green
flowers as there are yellow and
purple flowers. One of the
flowers is [MASK] than average.
How many flowers does Mark have
in his garden?"<end_of_turn>

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

<start_of_turn>model
[MASK] could be replaced with:
* **larger**
* **smaller**
* **more fragrant**
* **more colorful**
* **duller**<end_of_turn>

A.3. Prompt for Free-form Generation
insertion method

Write one concise comparative
sentence describing {entity} in
a typical word-problem context.

↪→

↪→

It must include a comparative phrase
with “than” (e.g., “more than,”
“less than,” “earlier than,”
“larger than”).

↪→

↪→

↪→

Avoid any new numbers or wording
that could affect calculations.↪→

For example:
Entity: books
Insertion: "Some books had more worn

covers than the rest."↪→

Entity: {entity}
Insertion:

B. Additional Results
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Insertion Creation Method Fixed Gemma RoBERTa
Metric accorig accmod cons. accorig accmod cons. accorig accmod cons.
Eval. model
Llama-3-8B 0.400 0.366 0.749 0.400 0.368 0.778 0.400 0.364 0.738
Llama-3.1-8B 0.399 0.368 0.752 0.399 0.366 0.792 0.399 0.362 0.750
Llama-3.1-8B-Instruct 0.397 0.353 0.671 0.397 0.367 0.734 0.397 0.363 0.681
Mistral-7B-v0.3 0.337 0.313 0.793 0.337 0.315 0.826 0.337 0.310 0.797
Qwen2.5-7B 0.493 0.455 0.750 0.493 0.456 0.774 0.493 0.444 0.747
Qwen2.5-7B-Instruct 0.467 0.456 0.747 0.467 0.462 0.782 0.467 0.449 0.739
Gemma-7b 0.383 0.336 0.640 0.383 0.335 0.652 0.383 0.334 0.632
Gemma-2-9B 0.434 0.397 0.820 0.434 0.391 0.831 0.434 0.394 0.820
Gemma-3-12B-pt 0.497 0.464 0.827 0.497 0.468 0.837 0.497 0.464 0.811
Gemma-3-12B-it 0.457 0.451 0.713 0.457 0.440 0.740 0.457 0.447 0.707
Gemma-3-4B-pt 0.382 0.345 0.795 0.382 0.341 0.813 0.382 0.345 0.787
Phi-2 0.365 0.328 0.763 0.365 0.324 0.796 0.365 0.320 0.762
Phi-3-medium-4k-instruct 0.515 0.488 0.777 0.515 0.488 0.807 0.515 0.493 0.779
Phi-4 0.569 0.536 0.793 0.569 0.534 0.837 0.569 0.537 0.796

Table 9: Results on AQuA comparing three insertion creation methods across all evaluation (eval.) models.

Insertion Creation Method Fixed Gemma RoBERTa
Metric accorig accmod cons. accorig accmod cons. accorig accmod cons.
Eval. model
Llama-3-8B 0.179 0.152 0.444 0.179 0.127 0.477 0.179 0.152 0.444
Llama-3.1-8B 0.174 0.157 0.468 0.174 0.176 0.510 0.174 0.157 0.435
Llama-3.1-8B-Instruct 0.187 0.138 0.223 0.187 0.152 0.325 0.187 0.163 0.264
Mistral-7B-v0.3 0.154 0.121 0.545 0.154 0.118 0.587 0.154 0.116 0.548
Qwen2.5-7B 0.380 0.287 0.485 0.380 0.292 0.537 0.380 0.287 0.496
Qwen2.5-7B-Instruct 0.127 0.083 0.094 0.127 0.088 0.121 0.127 0.091 0.099
Gemma-7b 0.157 0.091 0.419 0.157 0.099 0.455 0.157 0.094 0.402
Gemma-2-9B 0.231 0.196 0.573 0.231 0.201 0.576 0.231 0.201 0.565
Gemma-3-12B-pt 0.281 0.237 0.623 0.281 0.240 0.631 0.281 0.251 0.592
Gemma-3-12B-it 0.212 0.182 0.375 0.212 0.201 0.419 0.212 0.198 0.361
Gemma-3-4B-pt 0.171 0.138 0.515 0.171 0.129 0.579 0.171 0.129 0.526
Phi-2 0.149 0.138 0.397 0.149 0.135 0.504 0.149 0.129 0.427
Phi-3-medium-4k-instruct 0.201 0.138 0.182 0.201 0.146 0.295 0.201 0.124 0.176
phi-4 0.342 0.242 0.402 0.342 0.220 0.416 0.342 0.240 0.394

Table 10: Results on Hendrycks MATH comparing three insertion creation methods across all evaluation
(eval.) models.

Figure 7: Most common inserted phrases for the RoBERTa vs. Gemma insertion method.
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