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Abstract

Large Language Models (LLMs) have demon-
strated impressive capabilities in natural lan-
guage processing tasks, such as text genera-
tion and semantic understanding. However,
their performance on numerical reasoning tasks,
such as basic arithmetic, numerical retrieval,
and magnitude comparison, remains surpris-
ingly poor. This gap arises from their reliance
on surface-level statistical patterns rather than
understanding numbers as continuous magni-
tudes. Existing benchmarks primarily focus
on either linguistic competence or structured
mathematical problem-solving, neglecting fun-
damental numerical reasoning required in real-
world scenarios. To bridge this gap, we propose
NumericBench, a comprehensive benchmark
to evaluate six fundamental numerical capa-
bilities: number recognition, arithmetic oper-
ations, contextual retrieval, comparison, sum-
mary, and logic reasoning. NumericBench in-
cludes datasets ranging from synthetic number
lists to the crawled real-world data, address-
ing challenges like long contexts, noise, and
multi-step reasoning. Extensive experiments
on state-of-the-art LLMs, including GPT-4 and
DeepSeek, reveal persistent weaknesses in nu-
merical reasoning, highlighting the urgent need
to improve numerically-aware language mod-
eling. The benchmark is released in: https:
//github.com/TreeAI-Lab/NumericBench.

1 Introduction

Large language models (LLMs) (Zhao et al., 2024)
have demonstrated remarkable capabilities in text
generation, semantic understanding, and task adap-
tation across diverse domains (Ling et al., 2024).
Their success is largely attributed to pretraining on
vast text corpora using next-token prediction ob-
jectives (He and Su, 2024), which enables general-
ization to tasks requiring linguistic creativity, com-
monsense reasoning, and domain-specific knowl-
edge (Ye, 2024). However, while LLMs perform
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Figure 1: Numerical tasks answered incorrectly by GPT-
40. Details are in Figure 5, Figure 6, and Figure 7.

well in text understanding tasks and Olympic math-
ematics questions (Team et al., 2024), they surpris-
ingly struggle with simple numerical tasks such as
basic multiplication, comparison, and retrieval. As
shown in Figure 1, effective GPT-4o fails at simple
numerical tasks, even with number comparisons.
Unlike tasks that rely primarily on semantic co-
herence and linguistic structures, numerical reason-
ing requires a deeper understanding of numbers
as continuous magnitudes rather than discrete to-
kens. Current LLMs tend to prioritize surface-level
statistical patterns, such as lexical co-occurrences
and syntactic regularities, which limits their ability
to process numerical operations (Ahn et al., 2024;
Feng et al., 2024; Zhou et al.). As a result, LLMs
frequently struggle with tasks involving numeric re-
trieval, arithmetic operations, and magnitude com-
parisons. These shortcomings highlight an urgent
need to systematically evaluate and improve the
numerical reasoning capabilities of LLMs.
Current evaluation frameworks for LLMs priori-
tize either linguistic competence or formal mathe-
matical problem-solving. For instance, semantic-
oriented benchmarks (Vuli€ et al., 2020), such as
GLUE (Wang, 2018), SuperGLUE (Wang et al.,
2019), and SimpleQA (Wei et al., 2024), primarily
assess linguistic competence and semantic under-
standing, while math-oriented benchmarks, such
as MathQA (Amini et al., 2019), GSM8K (Cobbe
et al., 2021), and MathBench (Liu et al., 2024b),
focus on structured algebraic or geometric tasks.
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However, these approaches neglect the basic de-
mands of real-world numerical reasoning applica-
tions and fundamental numerical abilities, where
numbers are often embedded in unstructured and
noisy context data. For example, analyzing fluctuat-
ing stock prices or weather requires basic numeric
retrieval, comparison, and summery abilities.

To address the limitations of existing bench-
marks, we propose a comprehensive benchmark
NumericBench, which consists of six general
datasets, i.e., arithmetic numbers, mixed-number-
strings, number lists, stock, weather, and numeri-
cal sequences with patterns. Unlike prior bench-
marks, NumericBench systematically evaluate the
six fundamental numerical abilities of LLMs: (1)
Number Recognition: It evaluates the ability of
LLMs to identify numbers within dense strings.
(2) Arithmetic Operation: It tests basic arith-
metic operations, including addition, subtraction,
multiplication, and division. (3) Contextual Re-
trieval: It evaluates LLMs to retrieve specific nu-
merical values from a given context or a number
list. (4) Comparison: It determine relationships
between values, such as comparing price differ-
ences. (5) Summary: It target to summarize trends
(e.g., determining the number of consecutive days
a stock price increases) and data aggregation. (6)
Logic Reasoning: It tests whether LLMs can un-
derstand numerical patterns and predict the next
value, which is widely used in time-series forecast-
ing, such as weather and traffic prediction.

By integrating six datasets, ranging from syn-
thetic numerical lists to crawled real-world data,
NumericBench evaluates six fundamental numer-
ical abilities of LLLMs across various scenarios,
such as noisy contexts. Our experimental anal-
ysis over various effective series of LLMs, includ-
ing GPT-4 (Achiam et al., 2023), DeepSeek (Liu
et al., 2024a), and Llama (Touvron et al., 2023),
reveals persistent weaknesses in handling these fun-
damental numerical tasks. We further analyze five
potential reasons behind these numerical reasoning
gaps, including tokenizer, training corpora, training
paradigms, positional embeddings, and architec-
tural constraints. These findings offer actionable
insights to guide future numerical ability improve-
ments for LLMs. Given that numerical reasoning
is critical for real-world problem-solving, it repre-
sents a cornerstone for the development of Artifi-
cial General Intelligence (AGI). This emphasizes
the urgent need to advance numerically-aware lan-
guage modeling. The contributes of this paper are

summarized as follows:

* We propose a comprehensive NumericBench,
which integrates diverse datasets and reflects
real-world challenges, such as handling noisy
or domain-specific data (e.g., stock and weather).
NumericBench evaluates six fundamental numer-
ical reasoning abilities, including number recog-
nition, arithmetic operations, contextual retrieval,
comparison, summary, and logic reasoning.

» Extensive experiments on effective LLMs (e.g.,
GPT-4, DeepSeek, Llama) reveal persistent weak-
nesses in numerical reasoning tasks, including ba-
sic arithmetic, comparison, and logic reasoning.
This highlights the need for more numerically-
aware modeling approaches.

* We identify key challenges behind the numeri-
cal reasoning gaps in LLMs, such as tokeniza-
tion practices, training paradigms, positional em-
beddings, and architectural constraints. These
insights provide actionable guidance for future
model improvements.

2 Preliminary and Related Works

In this section, we first introduce large language
models and then present existing benchmarks.

2.1 Large Language Models

Large language models (LLMs), such as GPT-
4 (Achiam et al., 2023), DeepSeek (Liu et al.,
2024a), PaLM (Anil et al., 2023), and Llama (Tou-
vron et al., 2023), have revolutionized natural lan-
guage processing (NLP) through their ability to
generate coherent text (Cho et al., 2019), answer
questions (Chen et al., 2024), and adapt to diverse
tasks (Wang et al., 2025; Jiang et al., 2024). Their
success stems from pretraining on vast text cor-
pora using next-token prediction objectives, which
enable generalization on tasks requiring semantic
understanding, commonsense reasoning, and lin-
guistic creativity. However, this training paradigm
encourages LLMs to prioritize surface-level statis-
tical patterns (e.g., lexical co-occurrences, syntac-
tic regularities) rather than numerically grounded
reasoning (Bachmann and Nagarajan, 2024). Con-
sequently, LLLMs treat numbers as discrete tokens
rather than continuous magnitudes, inherently lim-
iting their ability to understand exact numerical
semantics. This leads to errors in numeric re-
trieval, arithmetic operations, and magnitude com-
parisons (Qiu et al., 2024).
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2.2 Benchmarks on Large Language Models

Existing benchmarks (Li et al., 2024a; Chang et al.,
2024; Zhao et al., 2023) for evaluating LLMs
primarily fall into two categories, i.e., semantic-
oriented and math-oriented benchmarks. Specif-
ically, semantic-oriented benchmarks, such as
GLUE (Wang, 2018), SuperGLUE (Wang et al.,
2019), SimpleQA (Wei et al., 2024), and Long-
Bench (Bai et al., 2023), focus on semantic under-
standing and linguistic competence, testing skills
like textual entailment, commonsense reasoning,
and domain-specific knowledge (e.g., science and
law). While effective for assessing linguistic profi-
ciency, these benchmarks largely overlook numer-
ical reasoning. On the other hand, math-oriented
benchmarks (Gao et al., 2025; Li et al., 2024b;
Cobbe et al., 2021), such as MathQA (Amini et al.,
2019), GSM8K (Cobbe et al., 2021), and Math-
Bench (Liu et al., 2024b), target mathematical
problem-solving (e.g., algebra, calculus) or extrac-
tive question-answering with numerical answers.
However, these datasets emphasize well-formed
mathematical problems in controlled and clean set-
tings. Consequently, math-oriented benchmarks
poorly evaluate numerical retrieval and reasoning
in real-world conditions, where noise, and contex-
tual complexity (e.g., multi-step financial work-
flows or long stock sequences) are common.
Considering that numeric retrieval and reason-
ing are critical for real-world applications (Yang
etal., 2025), such as finance (Islam et al., 2023) and
weather forecasting (Zhang et al., 2024), we pro-
pose NumericBench to systematically evaluate the
fundamental numerical abilities of LLMs on inten-
sive tasks, such as precise value retrieval, dynamic
comparisons, and arithmetic-logic reasoning.

3 NumericBench

In this section, we present our created Numer-
icBench, which is specifically designed to evaluate
fundamental numerical capabilities of LLMs. Nu-
mericBench consists of diverse datasets and tasks,
enabling a systematic and comprehensive evalu-
ation. We discuss the datasets included in Nu-
mericBench, the key abilities it evaluates, and the
methodology for benchmark generation.

3.1 Numeric Dataset Collection

NumericBench offers a diverse collection of numer-
ical datasets and questions designed to reflect real-
world scenarios. This variety ensures that LLMs

are thoroughly tested on their fundamental abilities
on numerical data.

Number List Dataset. The synthetic number list
dataset consists of randomly generated numerical
values, including both integers and floating-point
numbers. presented as ordered or unordered lists.
Numbers in lists are one of the simplest and most
fundamental data representations encountered in
real-world scenarios. Despite their simplicity, re-
trieving, indexing, comparison, and summary on
numbers can verify the fundamental numerical abil-
ity of LLMs. This dataset serves as a fundamental
dataset of how well LLMs understand numerical
values as discrete entities.

Stock Dataset. The time-series stock dataset is
crawled from Eastmoney website (Eastmoney Web-
site, 2025), which has eighteen attributes, such as
stock close prices, open prices, trading volumes,
and price-earnings ratios, over time. Stock data
reflects dynamic, real-world numerical reasoning
challenges that involve trend analysis, comparison,
and decision-making under uncertainty, represent-
ing real-world financial workflows.

Weather Dataset. The weather dataset is crawled
from Open-Meteo python API (Open-Meteo),
which includes data related to weather metrics,
such as temperature, precipitation, humidity, and
wind speed. The data is presented across various
longitude and latitude.

Numeric Sequence Dataset. The synthetic nu-
meric sequence dataset comprises sequences of
numbers generated by arithmetic or geometric se-
quence with various patterns, such as Fibonacci Se-
quence. Tasks require identifying patterns, predict-
ing the next number, or reasoning about relation-
ships between numbers. Numerical sequences test
the logic reasoning capabilities of LLMs, requiring
pattern recognition and multi-step reasoning. We
introduce structured challenges that are common
in mathematics and algorithmic reasoning.
Arithmetic Operation Dataset. The dataset com-
prises 12,000 pairs of simple numbers, each un-
dergoing addition, subtraction, multiplication, and
division operations. Each pair of numbers, a and
b, consists of k-digit integers with three decimal
places, where k € {1,2,--- ,6}. For each value of
k, there are 2,000 pairs, evenly distributed across
the four basic operations (i.e, +, —, %, /), with 500
pairs per operation. This dataset is to evaluate the
fundamental mathematical operation capabilities
of LLMs, simulating the majority of mathematical
calculation requirements in real-world scenarios.
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Table 1: NumericBench statistics. R: contextual retrieval, C: comparison, S: summary, L: logic reasoning. The
token count is calculated based on tiktoken, which is the tokenizer used by Llama3 (Grattafiori et al., 2024). The
sentences used for token calculation include both the context and the question.

Data ‘ Format ‘ Questions ‘# Instance‘Avg Token
R: What i i
at is the index of the.ﬁrst 0(fcurrence 500 3704.23
of the number -3095 in the list?
Nun'lber [69,-1,6.1,....5.7] C Whi?h index holds tl.le s.,mallest number 500 1685.57
List in the list between the indices 20 and 80?
S: What is th f the index of
at is the average o . e in 'exo 500 3654.78
top 30 largest numbers in the list?
R: On which date did the cl i
{date: 2024-06-19, 1 Whiell dafe thd the close price 500 | 2758535
. of stock firstly reach 61.76 yuan?
close_price: 9.79, CA the top-45 tradi e d Hich
Stock open_price: 9.4, - Armong the top=to trading vatue days, whic 500 | 27595.40
date did the stock have the lowest close price?
S: H days had the cl ice higher th
PE_ratio: 4.5416) OW many days fiac fie c-ose price ughet fan 500 | 27561.29
the open price from 2024-07-31 to 2024-12-13?
R: On which date did the d int t t
{date: 2024-07-21, ‘ztw ¢ ta el ! | Z ewbp;"“ ;gecrj ure 500 | 27359.26
pressure_msl: 999.96, o Oa VLO r:llzetrs de,l(sl ti; ;}I;Le ow 7. .h ”
Weather dew_point_2m: 26.25, | -~ Which cate GG The ST PIEssUre reach 1t 500 | 27368.19
highest value when the cloud cover was below 9%?
- : Wh h S
cloud_cover: 61.5) S at was the .average .te.mperature at two meters 500 2733191
when the relative humidity exceeded 78.56%?
Sequence ‘ [0.34,3,6,...,111] ‘ L: What is the next number in the sequence? 500 677.57
Arithmf)tic 0 6755 b - —1.9295 Qoper: What i.s the result of a + b? 19000 112.00
Operation ’ Qcontext: What is the result of a plus b?
Mixed-number-string fFV2.. . 29807Lo How many nu'mbers are there in the stfing? Note 2000 196.53
Sequence that a sequence like *a243b’ counts as a single number.

Mixed-number-string Sequence Dataset. The
dataset consists of alphanumeric strings of varying
lengths {50, 100, 150, 200}, each containing a ran-
domized mix of letters and digits. For each string
length, 500 samples are generated, resulting in a
total of 2,000 samples. Each sample includes a
query asking for the count of contiguous numeric
sequences within the string, where sequences like
"a243b" count as a single number. This dataset is
designed to assess the ability of LLMs to identify
and count numeric sequences.

3.2 Fundamental Numerical Ability

NumericBench is designed to comprehensively
evaluate six fundamental numerical reasoning abil-
ities of LLMs, which are essential for solving real-
world numeric-related tasks.

Contextual Retrieval Ability. Contextual retrieval
ability evaluates how well LLMs can locate, ex-
tract, and identify specific numerical values or their
positions within structured or unstructured data.
This includes tasks like finding a specific number

in a list, retrieving values , and indexing numbers
based on their order. For example, as shown in
Table 1, it evaluates LLMs on tasks such as retriev-
ing stock prices and identifying key values within
numerical lists or domain-specific data (e.g., stock
market and weather-related information). This abil-
ity is fundamental to numerical reasoning because
it forms the foundation for higher-order tasks, such
as comparison, aggregation, and logic reasoning.

Comparison Ability. Comparison ability evalu-
ates how well LLMs can compare numerical values
to determine relationships such as greater than, less
than, or equal to, and identify trends or differences
in datasets. Comparison is vital for logic reason-
ing and decision-making, as many real-world tasks
depend on accurate numerical evaluation. For in-
stance, as shown in Table 1, comparing prices is
essential in stock for assessing performance, while
weather forecasting requires analysis of tempera-
ture or precipitation trends over time.

Summary Ability. Summary ability assesses the
LLM’s capacity to aggregate numerical data into
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concise insights, such as calculating totals, aver-
ages, or other statistical metrics. Summarization
is critical for condensing large datasets into action-
able information, enabling decision-making based
on aggregated insights rather than raw data. This
ability is indispensable in domains like electricity
usage analysis, where summarizing hourly or daily
consumption helps forecast bills, in business re-
porting for aggregating sales and revenue data to
evaluate performance, and in healthcare analytics
to monitor trends in patient metrics over time.
Logic Reasoning Ability. Logic Reasoning Abil-
ity measures the LLM’s ability to perform multi-
step operations involving numerical data, such as
recognizing patterns, inferring rules, and applying
arithmetic or geometric reasoning to solve complex
problems. Logic reasoning extends beyond simple
numerical tasks and reflects the LLM’s capacity
for deeper, structured thinking. This ability is cru-
cial for algorithm design, where solving problems
involving numeric sequences or patterns is essen-
tial. It is also required in scientific research for
identifying relationships and correlations in data.
Arithmetic Operation Ability. It reflects the
LLM’s capacity to perform mathematical calcula-
tions accurately. Such ability is essential for tasks
involving numerical computations, such as auto-
mated machine learning through LLMs.

Number Recognition Ability. This measures the
LLM’s proficiency in identifying and interpreting
numerical information within a given context. It
represents a fundamental requirement for handling
numeric-based tasks effectively.

3.3 NumericBench Generation

We use the number list, stock, and weather datasets
to evaluate the contextual retrieval, comparison,
and summary abilities of LLMs. Specifically, for
each ability and each dataset, we prepare a set of
questions designed to assess the corresponding tar-
get ability. As shown in Table 8, Table 9, and Ta-
ble 10 in Appendix, there are nine question sets in
total, covering three abilities across three datasets.
When evaluating a specific ability (e.g., contextual
retrieval) on a specific dataset (e.g., stock data),
we randomly select one question from the corre-
sponding question set for each data instance (e.g., a
stock instance) and manually label the answer. This
approach enables us to generate question-answer
pairs for each ability on the number list, stock, and
weather datasets.

Moreover, we generate a logic reasoning dataset

with 500 long sequences using general term formu-
las. The target value of each sequence is removed
to form an inference task, as detailed in Table 1 of
our paper. For arithmetic operations and number
counting in the strings dataset, the question format
is straightforward, as illustrated in Table 1. These
questions evaluate the basic arithmetic operation
and number recognition abilities of LLMs.

4 Experiments

4.1 Experiment Setting

Benchmarks and Evaluated Protocols. The statis-
tic of NumericBench is provided in Table 1. Also,
we set the exact answer for mixed-number-string
dataset, set the computed answer to two decimal
places for arithmetic datasets, and set the answer of
each question as a single choice (e.g., A, B, or C)
for other datasets to reliably evaluate LLMs (Bai
et al., 2024). The evaluation metric is accuracy.
Evaluated Models. To comprehensively evaluate
the retrieval and reasoning abilities of state-of-the-
art and widely-used LLMs on numeric data, we
benchmark over 10 popular LLMs with our con-
structed NumericBench, as follows.

e The Llama Series (Grattafiori et al., 2024).
include Llama-3.1-8B-Instruct, Llama-3.1-70B-
Instruct, Llama-3.1-405B-Instruct, Llama-3.3-
70B-Instruct and Llama-3.1-Nemotron-70B-
Instruct.

¢ The Qwen Series (Qwen et al., 2025). include
the effective Qwen2.5-7B-Instruct and Qwen2.5-
72B-Instruct.

¢ The GLM Series (GLM et al., 2024). We use
GLM4-Long to run the benchmark, since it is the
commonly used in GLM series.

* The Deepseek Series (Liu et al., 2024a;
DeepSeek-Al et al., 2025). We use Deepseek-
V3 and Deepseek-R1 to run the benchmark.

e The GPT Series (Achiam et al., 2023). We
evaluate GPT-40 and OpenAl 03-mini on our
proposed benchmark.

We attempted to conduct experiments on var-
ious math-oriented LLMs, such as Metamath-
Llemma-7B (Yu et al., 2023), Deepseek-Math-
7B-instruct (Shao et al., 2024), InternLM2-Math-
7B (Ying et al., 2024) and MAmmoTH-7B (Xi-
ang Yue, 2023). However, these models fail during
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Table 2: Evaluation of LLMs on numerical contextual retrieval, comparison, and summary tasks across number list,
stock, and weather datasets. Also, * indicates that scores are calculated based on a short subset of outputs, as these
models cannot handle long contexts and exhibit disruption when tested on longer instances.

Model | Retrieval | Comparison | Summary | Logic
|Number Stock Weather |Number Stock Weather|Number Stock Weather |Sequence
Random ‘ 12.5 12.5 12.5 ‘ 12.5 12.5 12.5 ‘ 12.5 12.5 12.5 ‘ 12.5
Llama-3.1-8B-Inst 22.8 144 12.5 19.5 11.7 13.7 18.1 13.8  13.9* 18.2
Llama-3.1-7@0B-Inst 37.3 17.4 33.0 28.3 15.0 28.7 24.7 16.4 15.2 17.8
Llama-3.3-70B-Inst 44 .4 194 32.6 31.5 13.8 35.8 26.3 16.8 18.0 18.6
Llama-3.1-405B-Inst 446  26.8 23.8 25.1 14.8 29.8 329 17.0 16.1 16.6
Llama-3.1-Nemotron-70B-Inst| 41.6 19.3 33.5 26.6 13.7 33.6 29.4 16.5 17.0 16.4
Qwen2.5-7B-Inst 20.2 17.3 22.8 24.8 17.8 18.8 18.5 11.7 13.8 14.4
Qwen2.5-72B-Inst 28.8 41.4* 14.0% 28.0 26.0* 31.0*% 319 18.8* 164* 19.0
GLM-4-Long 26.5 19.5 19.4 18.9 14.8 21.6 20.8 10.8 10.5 17.6
Deepseek-V3 47.2 47.5 27.6 27.0 22.5 35.8 21.8 13.0 15.1 15.8
GPT-40 41.7 37.5 48.8 30.6 330 64.2 11.6 17.4 16.5 14.6
03-mini 96.8 68.6 78.1 84.5 69.9 83.9 68.6 68.5 72.8 66.4
Deepseek-R1 73.6 81.3 93.6 64.5 85.3 98.8 62.1 64.3 61.7 65.4
Human Evaluation ‘ 100 100 100 ‘ 100 100 100 ‘ 100 100 100 ‘ 52.6
Short gq Short ‘f}. 100 Short o
100 Long O‘g\' < 1004 Long o : Long S g
E < 80 ®
— 80 . 80y Y ~
? 60 g g o oo 9 8 é 607 é 80 E <
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a0l BAEAR e R Do) MEhegedy WS 20, 2L TRE e e
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ol & N 0l 22 % 201 °'q pa P H;ﬂ
- ol 0l—
Oyi;ﬁo‘b A&,@“‘b Ao‘t},«‘z;%g,\u;@;,\,? /@’;c)f?'\’ %'Nfzé"&oiﬁ& VQ%%Q«“%\%@,«“;:;“%@\\;’\’? '(('\\‘;‘)93’ B SE /«0‘2,« ’-”AZ:;\%@\:S/\'“; «@2%5?/
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Figure 2: Evaluation on short and long context on number list.

experiments for various reasons such as overly long
output sequence length and limited input sequence
length. Fail cases are demonstrated in the Figure 11,
Figure 12, Figure 13, and Figure 14 in Appendix.

4.2 Main Experiments

Evaluation on Contextual Retrieval, Compari-
son, Summary, and Logic Reasoning Abilities.
As shown in Table 2, current popular and effective
LLMs perform poorly on basic numerical tasks, in-
cluding retrieval, comparison, summarization, and
logic reasoning. The random baseline for each task
is 12.5%, as there are 8 choices, and the proba-
bility of randomly selecting the correct answer is
1/8. Human evaluation was conducted by three
undergraduate students.

Firstly, LLMs particularly struggle with accu-
rately retrieving numerical data. This limitation
arises from LLMs treating numbers as discrete to-
kens rather than continuous ones, coupled with in-
sufficient exposure to structured numerical datasets
during training, which restricts their ability to han-

dle simple numeric retrieval tasks. Most LLMs rely
on surface-level patterns, treating numbers as sym-
bols without understanding their true magnitudes.
Studies like MATH-Perturb (Huang et al., 2025)
and GSM-Symbolic (Mirzadeh et al., 2024) show
that simple changes to numbers or variable names
in math problems significantly reduce LLM accu-
racy, revealing their reliance on learned string pat-
terns rather than genuine numerical understanding.
Secondly, LLMs demonstrate weaknesses in recog-
nizing numerical relationships, such as greater-than
or less-than comparisons, due to a lack of numeri-
cal semantics and underdeveloped arithmetic rea-
soning capabilities. Thirdly, LLMs also perform
poorly in summarizing numerical data (e.g., calcu-
lating sums or means), reflecting their inability to
execute multi-step numerical operations. Similarly,
logic reasoning tasks, especially those involving
patterns or sequences, are particularly challenging,
which are important for real-world applications.
These tasks require multi-step reasoning, pattern
recognition, and arithmetic operations, which ex-
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Figure 3: Evaluation on noisy stock dataset. Due to the input sequence length limit of Qwen2.5-72B-Inst on the API
platform, the data containing 6 irrelevant attributes cannot be evaluated using this model.
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Figure 4: Evaluation on arithmetic operation.

pose the architectural limitations of current LLMs.
Evaluation on Different Context Length. We
evaluate LLMs on varying context lengths. Specif-
ically, we categorize the contexts of number lists,
stock, and weather into short and long contexts.
The average token numbers for the short and long
contexts across the three datasets are listed in Ta-
ble 11. As illustrated in Figure 2, Figure 8, and
Figure 9, LLMs generally achieve lower accuracy
on long contexts compared to short contexts. This
is because long contexts require the model to have
a stronger ability to capture long-range dependen-
cies. Furthermore, if an LLM fails to perform well
on short contexts, it is unlikely to achieve good re-
sults on long contexts. It highlights the importance
of LLMs in understanding numeric data.

Evaluation on Noisy Context. To evaluate the
numerical abilities of LLMs in noisy context, we
augmented the structured data with unrelated at-
tributes while preserving the original relevant data.
For instance, in the stock dataset, we added at-
tributes such as Stock Price-to-Earnings, Dividend
Per Share (DPS), and 52-Week High/Low to each
instance. These attributes are unrelated to the user
queries, and the amount of noise corresponds to the
number of irrelevant attributes added. Specifically,
we introduced k € {2,4,6} irrelevant attributes

to each instance in both the stock and weather
datasets. As shown in Figure 3 and Figure 10 in
the Appendix, as k increases, most LL.Ms exhibit
degraded performance. This demonstrates that irrel-
evant context can negatively impact the numerical
retrieval and reasoning abilities of LLMs.
Evaluation on Arithmetic Operations Similarly,
we evaluate five strong LLMs on arithmetic oper-
ations. Specifically, as illustrated in Figure 4 (a),
even for simple arithmetic operations involving
two numbers, LLMs fail to achieve 100% accu-
racy. Moreover, as the number of digits increases
shown in Figure 4 (b), the accuracy of LLMs de-
creases, highlighting their limited ability to handle
arithmetic tasks effectively, which is also observed
in (Qiu et al., 2024). This poor performance stems
from how LLMs generate responses. LLMs pre-
dict the highest-order digit before the lower-order
digit (Zhang-Li et al., 2024), contradicting the stan-
dard arithmetic logic of progressing from lower- to
higher-order digits. In particular, Figure 4 (a) and
(c) shows that LLMs perform similarly on addition,
subtraction, and division operations but achieve
extremely low accuracy on multiplication tasks.
Evaluation on Number Recognition via Mixed-
number-string Dataset. We evaluate the number
recognition ability of effective LLLMs by identify-
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Table 3: Evaluation on mixed-number-string data with
lengths ranging from 50 (i.e., 50 L) to 200.

Model | SOL 100L 150L 200L

LLama3.1-405B | 10.8 9.2 3.2 2.2
Qwen2.5-72B 3.0 1.2 0.6 0.2
GLM4-Long 6.6 4.8 3.0 24
GPT-40 18.2 6.4 4.0 4.2
DeepSeek-V3 13.2 4.0 3.2 2.0

| 100 100 100 100

Human Eval

ing numbers from mixed-number-string sequences.
For this evaluation, we select five effective LLMs
based on Table 2, including DeepSeek-v3, GLM-
4-Long, Llama3.1-405B, and Qwen2.5-72B. As
shown in Table 3, all LLMs achieve extremely low
accuracy in counting numbers within strings. More-
over, as the length of the string increases from 50
to 100, the accuracy of the LLMs decreases fur-
ther. These results highlight that LLMs are signifi-
cantly weak at distinguishing numbers from strings.
The underlying reason is that current LLMs treat
numbers as strings during training. This training
paradigm inherently limits their ability to under-
stand and process numbers effectively. Also, the
Tokenizer can split a single number into multiple
tokens, which can negatively affect the numeric
meaning of each number.

Table 4: Chain of Thought Evaluations.

Table 5: Few-shot Learning Evaluations.

Model | Number List | Stock
/R C S| R C s
Base ‘ 444 315 263 ‘ 194 138 16.8
One-shot | 433 260 21.3 233 138 185
Two-shot | 43.6 260 213|214 150 14.8

reasoning steps may introduce noise. This high-
lights the need to develop LLMs with stronger in-
herent numerical reasoning abilities.

Few-shot Learning. We evaluate the impact of
few-shot demonstrations on improving the numeric
reasoning abilities of LLMs. Specifically, we use
Llama-3.3-70B-Instruct as the backbone and em-
ploy one-shot and two-shot setups. As shown in
Table 5, the base model performs best on simpler
tasks, such as Number List Retrieval, Compari-
son, and Summary. Few-shot learning (one-shot
and two-shot setups) shows potential for improv-
ing performance in more complex tasks, such as
Stock Retrieval and Summary. However, the perfor-
mance gains from few-shot learning are inconsis-
tent, suggesting that task complexity and the type
of few-shot setup significantly influence the results.

Table 6: Supervised Fine-tuning.

| Number List |  Stock | Weather
N Model
Model ‘ Number List ‘ Stock ‘ R C S ‘ R C S ‘ R C S
| R C S |R C 58 Base [24.4 21.1 29.5/14.0 9.3 16.8/17.0 10.8 11.1
Base | 444 315 263|194 138 168 QLoRA |62.8 52.3 59.1|14.0 9.3 15.0/ 9.3 14.5 9.1
Plain-CoT | 65.2 394 294|248 277 166
PS-CoT 654 40.0 264|243 16.7 158
Table-CoT | 65.8 384 29.0 | 276 29.1 9.6

4.3 LLMs with Advanced Techniques

Chain of Thoughts. We evaluate the impact of
Chain of Thought (CoT) on improving the numeric
reasoning abilities of LLMs. We use Llama-3.3-
70B-Instruct as the backbone LLM for evaluations.
Specifically, we incorporate representative CoT ap-
proaches, including Plain CoT (Wei et al., 2023),
Plan-and-Solve (PS)-CoT (Wang et al., 2023), and
Table-CoT (Jin and Lu, 2023), to enhance the rea-
soning capabilities of Llama-3.3-70B-Instruct. As
shown in the Table 4, these CoT techniques slightly
improve LLLM performance on NumericBench for
simple tasks by refining outputs, but they signifi-
cantly increase processing time due to longer out-
puts. However, CoT fails to enhance performance
on complex stock summary tasks, where additional

Supervised Fine-tuning. @ We use QLoRA
(Dettmers et al., 2023) to fine-tune Llama-3.1-8B-
Instruct on our number list, weather, and stock
datasets with shorter lengths. Each dataset is di-
vided into 70% for training, 10% for evaluation,
and 20% for testing. Table 6 summarizes our re-
sults on the test sets of the split datasets. As shown
in Table 6, the fine-tuned model achieves improve-
ments in retrieval, comparison, and summary tasks
on the simple Number List dataset. However, for
more complex real-world datasets, such as com-
parison and summary tasks on stock and weather
data, the fine-tuning process does not yield im-
provements. This highlights the limitations of fine-
tuning in enhancing LLM performance on complex,
real-world data and underscores the necessity of
developing LLMs with inherent numerical reason-
ing and understanding capabilities to handle such
scenarios effectively.
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4.4 Discussions on Numeracy Gaps of LLMs

In summary, extensive experimental results show
that current state-of-the-art LLMs perform poorly
on six fundamental numerical abilities. Here we
discuss five potential reasons behind their poor per-
formance on numerical tasks.

Tokenizer Limitation. LLMs use tokenizers to
split input text into smaller units (tokens). Thus,
Numbers are split into chunks as strings, based on
statistical patterns in the training data. For exam-
ple, 10000 is split into 100 and 00 tokens'. These
tokenizers do not consider the real meaning of num-
bers and continuous magnitude of numbers (Wal-
lace et al., 2019; Singh and Strouse, 2024). Thus,
LLMs do not perform well on simple number re-
trieval and comparison tasks. Recent studies (Sathe
et al., 2024; Shen et al., 2023; Yang et al., 2025)
demonstrate that diverse tokenization methods can
enhance LLMs’ numerical understanding.
Training Corpora Limitation. LLMs are trained
on extensive corpora, which also limits their ability
to understand numerical-related symbols, such as .
For example, the multiplication of 246 and 369 can
be denoted as 246+369. However, 246x369 may be
interpreted as a password or encrypted text, since
* in text strings is often associated with encryp-
tion. Consequently, enabling LL.Ms to accurately
interpret arithmetic symbols and perform numeri-
cal reasoning remains an open problem, as their un-
derstanding of these symbols is heavily influenced
by the statistical patterns and contexts encountered
during training (Razeghi et al., 2022).

Training Paradigm Limitation. The training of
LLMs relies on the next-token prediction paradigm,
which is inherently misaligned with the logic of nu-
merical computation. For example, when solving
16 + 56 with the result being 72, an LLM will first
predict the highest-order digit of the answer (i.e.,
7) before predicting the lower-order digit (i.e., 2).
This approach contradicts the fundamental logic of
arithmetic computation, which typically proceeds
from the lower-order digit to the higher-order digit.
This discrepancy implies that LL.Ms effectively
need to know the entire result upfront to gener-
ate digits sequentially in the correct order. As a
result, LLMs struggle to perform well even on sim-
ple arithmetic operations.

Positional Embedding Limitation. Note that
LLMs incorporate positional embeddings for to-
kens in sequence inputs. In arithmetic operations

"https://gptforwork.com/tools/tokenizer

like 12 + 26 and 26 + 12, the order of the num-
bers does not affect the result. However, LLMs
assign different positional embeddings to the num-
ber 12 in each equation, as its position in the se-
quence differs. This lack of invariance in positional
embeddings for numbers can influence the results.
Therefore, how to design the positional embedding
that improves numerical ability of LLMs without
affecting the text understanding of LLMs is criti-
cal (McLeish et al., 2024; Golovneva et al., 2024).

Transformer Architecture Limitation. LLMs use
Transformer to process input sequence, which rely
on pattern recognition rather than explicit algorith-
mic reasoning. The computational power of trans-
formers has upper bounds (Merrill and Sabharwal,
2023). Considering the complexity of arithmetic
operations in real-world applications, it still needs
to be theoretically investigated whether transform-
ers can perform well on numerical operations.

5 Conclusion and Future Directions

In this paper, we propose a comprehensive bench-
mark NumericBench to evaluate the six fundamen-
tal numerical abilities of LLMs, including num-
ber recognition, arithmetic operations, contextual
retrieval, comparison, summary, and logical rea-
soning. Our experiments reveal significant gaps in
LLMs’ numerical reasoning, as even state-of-the-
art models like GPT-40 and DeepSeek-V3 struggle
with simple arithmetic, number retrieval, and multi-
step reasoning tasks. These shortcomings arise
from tokenization issues, training paradigms, and
architectural limitations, underscoring the need for
more numerically-aware modeling approaches.

To address these gaps, several future directions
deserve exploration. First, developing numerically-
aware tokenizers that treat numbers as continuous
magnitudes can enable LLMs to better understand
numerical concepts. Second, designing pretraining
objectives specifically tailored to numerical rea-
soning, rather than relying solely on next-token
prediction, can help models become more profi-
cient at solving numerical problems. Third, in-
corporating structured numerical datasets during
training can enhance real-world applicability by
grounding models in accurate and practical numer-
ical contexts. Finally, exploring suitable positional
embeddings and hybrid symbolic-numeric architec-
tures shows significant promise for improving the
numerical capabilities of LLMs.
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Limitations

There are two main limitations of this paper. Firstly,
the numerical tasks encountered in real-world sce-
narios are often far more complex and diverse
compared to the six datasets proposed in Numer-
icBench. Expanding the scope to include a broader
range of numerical reasoning categories, such as
traffic, would provide a more comprehensive as-
sessment. Nevertheless, our work can serve as a
meaningful point, highlighting the current limita-
tions of LLMs in numerical tasks. We also analyze
the potential reasons why LLMs struggle with nu-
merical reasoning tasks, which can be attributed to
the inherent limitations of transformer architectures
and the next-token prediction objective. We hope it
inspires further efforts to address these challenges
and develop more advanced LL.Ms with enhanced
numerical capabilities.

Secondly, although we evaluate twelve state-of-
the-art LLMs, several newer LLMs and their vari-
ants, such as Claude and OpenAl ol from major
companies, are not included in our experiments.
The reason for this exclusion is the expensive cost
of accessing these model APIs. In brief, evaluating
additional LLM variants across Claude, OpenAl,
Mistral and GLM, typically requires a budget of
nearly $15,000 US dollars. Specifically, experi-
ments on the datasets in Table 2 require approxi-
mately 180 million tokens as inputs, while all left
experiments (e.g., noisy contexts) require about 84
million tokens as inputs. For 1 million input tokens,
Claude 3 Opus costs $152, Claude 3.5 Sonnet costs
$33, OpenAl ol costs $15%, Gemini 1.5 Pro costs
$12.5%, GLM4-Plus costs $6.89°, Mistral Large
24.11 costs $2 7, and Mixtral 8x22B costs $2 8.

If we conduct experiments above with these top-
tier models from major companies, it would cost
at least 3960 dollars for Claude 3 Opus, 3960 dol-
lars for OpenAl o1, 3300 dollars for Gemini 1.5
Pro, 1819 dollars for GLM4-Plus, 792 dollars for
Claude Sonnet 3.5, 528 dollars for Mistral Large
24.11 and 528 dollars for Mixtral 8x22B, which is
beyond our expected total experiment cost.

2https://www.anthropic.com/pricing#
anthropic-api
3https://www.anthropic.com/pricing#
anthropic-api
4https://openai.com/api/pricing/
Shttps://ai.google.dev/pricing#1_5pro
°https://bigmodel.cn/pricing
"https://mistral.ai/en/products/la-plateforme
8https://mistral.ai/en/products/la-plateforme

Also, for models such as OpenAl o1, which re-
quire generating really longer outputs for reasoning
purposes, the output length is often unpredictable,
while the model charges for $60 per million out-
put tokens, making the experiments even more ex-
pensive and difficult to control. Considering that
GPT-40, OpenAl 03-mini and DeepSeek-R1 rep-
resent the most state-of-the-art LLM models, we
believe our evaluation can reflect the current nu-
merical abilities of leading-edge LLMs. Therefore,
our evaluation highlights the weaknesses of LLMs
in numerical abilities and serves as a bridge to in-
spire further research focused on improving the
numerical capabilities of these models.
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A Appendix

In this appendix, we provide additional details

about the design of NumericBench, along with 5.

supplementary experimental results and case stud-
ies. The organization of the supplementary materi-
als in this appendix is as follows:

1. Input format examples. We transformed the
structured JSON data into a string and appended
it to the natural language question. The com-
bined string, comprising the question and the

structured data, was then used as the model’s 0.

input. In Table 7, we provide two examples.

2. Question formats for contextual retrieval,
comparison, and summary abilities. As
shown in Table 8, Table 9, and Table 10, we
designed diverse question types tailored to each
dataset to evaluate the three fundamental numer-
ical abilities of LLMs: contextual retrieval, com-
parison, and summary. Contextual retrieval as-
sesses the model’s capacity to accurately extract
relevant numerical information from complex
contexts; comparison tests the ability to analyze
and compare numerical values; summary evalu-
ates the synthesis of numerical information into
concise and meaningful insights for tasks like
reporting or trend analysis.

3. Basic numerical questions answered incor-
rectly by GPT-40. As illustrated in Figure 5,
Figure 6, and Figure 7, GPT-4o failed to answer
three basic numerical questions correctly. This
result is surprising, considering GPT-40’s im-
pressive performance in real-world applications.
However, these findings highlight the weak fun-
damental numerical abilities of LLMs.

two type length can more comprehensively eval-
uate LLMs.

Additional experimental results on noisy and
varying-length contexts. As shown in Figure 8§
and Figure 9, existing LLMs perform poorly on
the stock and weather datasets, although they
achieve better performance compared to their
results on short contexts. Similarly, as shown
in Figure 10, LLMs perform poorly on noisy
weather data.

Output Token Statistics. The number of tokens
generated by LLMs is closely tied to their perfor-
mance on NumericBench. Models augmented
with CoT, as well as those inherently designed
for reasoning, exhibit exceptional performance
on our benchmark. However, this improvement
comes with an increase in the number of output
tokens. Table 12 provides a detailed analysis of
the token counts for the outputs of these high-
performing models.

. Real failure cases of math-oriented LLMs. In

this paper, we do not compare existing math-
oriented LLMs, such as Metamath-Llemma-
7B (Yu et al.,, 2023), Deepseek-Math-7B-
Instruct (Shao et al., 2024), InternLM2-Math-
7B (Ying et al., 2024), and MAmmoTH-7B (Xi-
ang Yue, 2023). This is primarily because
these math-oriented LLMs are designed for spe-
cialized geometric and structured mathematical
problems. They are unable to understand the
tasks in NumericBench, fail to follow a correct
reasoning process, and directly produce mean-
ingless outputs. These failure cases are illus-
trated in Figure 11, Figure 12, Figure 13, and
Figure 14.

4. Token counts for short and long contexts. As  1he Use of Al Tools. When writing this paper, we

shown in Table 11, the token counts of long
and short contexts differ significantly. This dis-
tinction enables a more thorough evaluation of
LLM performance across scenarios involving
varying context lengths. Short contexts are de-
signed to test the model’s ability to process and
understand concise information, focusing on im-
mediate comprehension and reasoning. In con-
trast, long contexts present a more complex chal-
lenge, requiring the model to handle extended
sequences of information, maintain coherence
over a larger context window, and retrieve rele-
vant details from earlier parts of the input. Such
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Table 7: NumericBench Input Format. Due to the excessive length of the dataset input, the input examples provided
in the table use ... to indicate the omission of certain parts.

Dataset Input Example

You’re an assistant designed to answer multiple choice questions, You’ll be given some context
and multiple choice questions about the context. For each question, you will only output the
answer with the following format, without additional information such as how you solve the
problem: The answer is (correct option). Option refers to capital letters like A, B, C, D, etc.
Note that there is only one correct option.

Number List
The data you receive will contain a list of numbers.

Question: Which index holds the greatest number in the list between the indices 3 and 14?
Options: A: 3,B:4,C:6,D: 7,E: 9, F: 10, G: 12, H: 13

Data: [—778.124, —384366.23, —856, —243, —961279, —10, . . ]

You’re an assistant designed to answer multiple choice questions, You’ll be given some context
and multiple choice questions about the context. For each question, you will only output the
answer with the following format, without additional information such as how you solve the
problem: The answer is (correct option). Option refers to capital letters like A, B, C, D, etc.
Note that there is only one correct option.

This dataset contains key financial and trading information for stocks. The ’stock_code’
column represents the unique identifier for each stock, while ’date’ indicates the trading date.
’close_price’ and 'open_price’ provide the close and open prices of the stock on the given
trading day, respectively. ’quantity_relative_ratio’ compares the day’s trading volume to the
average volume over a prior period ...

Stock

Note that exceeding some number means greater than that number, while reaching some number
means greater than or equal to that number.

Question: How many days had a close price higher than the open price, with the quantity
relative ratio exceeding 54%?

Data: [{date : 2023.11.03, close_price : 10.87,open_price : 10.9, quantity_rel,atio :
0.63,...},...]
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Table 8: Question format on number list dataset. R: contextual retrieval, C: comparison, S: summary. In the
contextual retrieval task, a number x is randomly selected from the given number list. For the comparison task, the
k-th largest number is randomly generated within the range of one to the length of the number list. The indices z
corresponds to twenty percent of the length of the number list, while y corresponds to eighty percent of the length.
The number z is randomly chosen within the range (min(list), max(list)). For the summary task, the top & is set to
thirty percent of the length of the number list.

Ability‘ Question Format

QQo: What is the index of the first occurrence of the number x in the list?

(Q1: What is the index of the last occurrence of the number z in the list?

(Q2: What is the number after the first occurrence of the number x in the list?
(Q3: What is the number before the last occurrence of the number x in the list?
(Q4: What is the index of the first even number in the list?

(Q5: What is the index of the first odd number in the list?

(Qs: What is the index of the last even number in the list?

(Q7: What is the index of the last odd number in the list?

QQg: What is the index of the first occurrence of the k-th largest number in the given list?
Q9: Which index holds the greatest number in the list between the indices x and y?
(10: Which index holds the smallest number in the list between the indices = and y?

C @11: Which number is closest to z in the list between the indices x and y?

(Q12: Which number is furthest from z in the list between the indices x and y?

(Q13: Which number is the largest among those less than z in the list?

(Q14: Which number is the smallest among those greater than z in the list?

(Q15: What is the maximum sum of any two consecutive items in the list?

(Q16: What is the maximum sum of any three consecutive items in the list?

(17: What is the maximum absolute difference between two consecutive items in the list?
(Q1s: What is the sum of the indices of the top k largest numbers in the list?

(QQ19: What is the sum of the indices of the top & smallest numbers in the list?

(Q20: What is the average of the indices of the top k largest numbers in the list?

(Q21: What is the average of the indices of the top k& smallest numbers in the list?

(Q22: How many times do numbers consecutively increase for more than five times?

(Q23: How many times do numbers consecutively decrease for more than five times?
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Table 9: Question format on stock dataset. R: contextual retrieval, C: comparison, S: summary. z and y lie within
the minimum and maximum ranges of their respective attributes. The top k corresponds to thirty percent of the
number list. date; represents the day at the twentieth percentile of the stock history, while dates corresponds to the
day at the eightieth percentile.

Ability|

Question Format

(o: On which date did the close price of the stock first reach « yuan?
()1: On which date did the highest price of the stock first reach « yuan?
(Q2: On which date did the volume of the stock first reach x lots?

(3: On which date did the value of the stock first reach = thousand yuan?
(4: On which date did the price change rate of the stock first reach x%?
@5: On which date did the price change of the stock first reach x yuan?

Qg: On which date did the stock have the highest turnover rate when the close
price was greater than x yuan?

(7: On which date did the stock have the highest quantity relative ratio when
the open price was less than x yuan?

(@s: On which date did the stock have the highest difference between the highest
and lowest prices when the trading volume exceeded z lots?

(9: On which date did the stock record the highest daily average price, calculated
as ’value’ divided by ’volume,” when the PE ratio was less than x?

Q10: Among the top-k trading value days, on which date did the stock have the
lowest close price?

(Q11: When the quantity relative ratio exceeded x, on which date did the stock
have the highest sum of the open price and close price?

(Q12: When the absolute price change rate exceeded 2%, on which date did the
stock have the highest difference between the highest and lowest prices?

(Q13: How many days had a volume greater than x from date; to dates?
(Q14: How many days had the close price higher than the open price from
date; to dates?

(Q15: How many days had a close price higher than the open price, with the
quantity relative ratio exceeding x%?

(Q16: How many days had the close price reach = yuan with the absolute price
change rate exceeding z%?

(217: What was the average trading volume when both the turnover rate
exceeded z% and the price change rate was greater than y%?

(1s: Excluding non-trading days, how many times did the open price of
the stock rise for three or more consecutive days?

Q19: Excluding non-trading days, how many times did the close price of
the stock rise for three or more consecutive days?

(Q20: Excluding non-trading days, how many times did the open price and
close price of the stock both rise for three or more consecutive days?
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Table 10: Question format on weather dataset. R: contextual retrieval, C: comparison, S: summary. The value of =
falls within the minimum and maximum ranges of its respective attribute. date; represents the day at the twentieth
percentile of the stock history, while dates represents the day at the eightieth percentile.

Ability |

Question Format

Qo:
Q1:
Q2:
R Q32
Qa:
Qs:
Qs:

On which date did the temperature at two meters lastly reach z°C?

On which date did the relative humidity at two meters lastly exceed x%?

On which date did the dew point temperature at two meters lastly drop below z°C?
On which date did the precipitation lastly exceed £ mm?

On which date did the sea-level air pressure lastly exceed x hPa?

On which date did the cloud cover lastly reach x%?

On which date did the wind speed at 10 meters lastly exceed x m/s?

Q7: On which date did the temperature at two meters reach its highest value
when the relative humidity was below x%?

(@s: On which date did the relative humidity at two meters reach its lowest value
when the temperature at two meters was above z°C?

Q9: On which date did the difference between the temperature and dew point
at two meters reach its maximum when the cloud cover was below x%?

(Q10: On which date did the precipitation reach its highest value

when the temperature at two meters was below z°C?

(Q11: On which date did the cloud cover reach its lowest value

when the wind speed at 10 meters exceeded x m/s?

(Q12: On which date did the wind speed at 10 meters reach its highest value
when the precipitation exceeded x mm?

(13: On which date did the sea-level air pressure reach its highest value
when the cloud cover was below x%?

(214: How many days had a temperature at two meters greater than 2°C
from date; to datey?

(215: How many days had a relative humidity at two meters exceeding x%
from date; to dates?

(16: How many days had a precipitation greater than x mm from date;

to datey?

@17: What was the average temperature at two meters when the relative
humidity exceeded x%?

(1s: What was the average wind speed at 10 meters when the precipitation
exceeded  mm?

(Q19: How many times did the temperature at two meters rise for three or more
consecutive days?

(Q20: How many times did the relative humidity at two meters drop for
three or more consecutive days?
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Which is greater, -9.8 or -9.11?

To determine which number is greater between -9.8 and -9.11, remember that on the
number line, larger negative numbers are closer to zero.

® GPT-40 Poe

e -9.8 is closer to zero than -9.11.
* Therefore, -9.8 is greater than -9.11.

Figure 5: Number comparisons on GPT-40. The correct answer is -9.11.

To calculate 132.913 x 769.256

The product of 132.913 x 769.256 is calculated as follows:

@ GPT-40 Poe

Solution:
132.913 x 769.256 = 102,209.552528

So, the result is 102,209.55 (rounded to two decimal places).

Figure 6: Number multiplication on GPT-40. The correct answer is 102244.12.

How many times does 9.12 appear in the list? [123, 454, 4, 23, 234, 32.12, 9.12, 234,

-12.452, 812, -123, -324, 193.2, 9.12, -9.12, 9.12, -132, 9.12, 213, 9.1203, 12.4]

@ GPT-40 Poe

3

Figure 7: Number counting on GPT-40, which is required directly give answer. The correct answer is 4.
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Figure 8: Evaluation on short and long context on stock dataset. Due to the input sequence length limit of Qwen2.5-
72B-Inst on the API platform, the long dataset of all three abilities cannot be evaluated using this model.
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(b) Comparison
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Figure 9: Evaluation on short and long context on weather dataset. Due to the input sequence length limit of
Qwen2.5-72B-Inst on the API platform, the long dataset of all three abilities cannot be evaluated using this model.
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Figure 10: Evaluation on noisy weather dataset. Due to the input sequence length limit of Qwen2.5-72B-Inst on the
API platform, the data containing 4 and 6 irrelevant attributes cannot be evaluated using this model.
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Table 11: The average token number on short and long instances for each data.

Short Long
Dataset Ability
# Instance | Avg Token | # Instance | Avg Token
Contextual Retrieval 500 809.12 500 6599.34
Number
Comparison 500 804.86 500 6566.27
List
Summary 500 822.49 500 6487.07
Contextual Retrieval 500 18529.07 500 36641.63
Stock Comparison 500 18539.58 500 36651.22
Summary 500 18504.51 500 36618.07
Contextual Retrieval 500 18362.38 500 36356.13
Weather Comparison 500 18371.11 500 36365.27
Summary 500 18334.15 500 36328.27

Table 12: Output Token Statistics. We utilize Llama-3.3-70B-Instruct as our base model.

‘ Number List ‘ Stock ‘ Weather

‘ Sequence

Model
‘ Short Long ‘ Short Long ‘ Short Long ‘

Base 5.00 5.00 5.00 5.00 5.00 5.09 5.00
Plain-CoT | 762.65 1386.60 | 456.45 402.18 1048.14
PS-CoT 928.01 2776.77 | 512.37 515.25 913.09
Table-CoT | 872.65 1426.27 | 495.29 478.47 981.95
03-mini 2966.66 4158.25 |3898.36 3907.98 | 2655.78 3466.44 | 4400.85

Deepseek-R1 | 5427.32 10463.43 | 4559.96 4837.71|2228.91 2482.29| 8057.13
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Example A.1: InternLM2-Math-7B

Failure:
Model repeatedly output the same number until the output sequence ends.

User:

Question: What is the maximum sum of any three consecutive items in the list? Options: A:
21501.9737231253, B: 21502.8144848529, C: 21501.9642201794, D: 21502.7354388437, E:
21502.0327435643, F: 21501.7526575621, G: 21501.7057960155, H: 21502 Data: [-5279, ....(100
numbers)]

Intern.LM2-Math-7B Model:

Step 1: To find the maximum sum of any three consecutive items in the list, we need to identify
the three largest numbers in the list and add them together. <PRM +>

Step 2: We can start by sorting the list in ascending order to make it easier to identify the largest
numbers. <PRM +>

Step 3: After sorting, the list becomes: [-8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509,
-8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509, -8509,
-8509, -8509, -8509, -8509, -8509, -8509...(output too long)

Figure 11: Failure type and conversation record of InternL.M2-Math-7B. The model constantly generate the same
"-8509" text until the output sequence was too long and truncated, leaving the problem unsolved.

Example A.2: DeepSeek-Math-7B

Failure:
Model outputs sequence without meaning, probably due to overly long input sequences.

User:

Question: What is the sum of the index of top 300 smallest numbers in the list? Options: A:
146734, B: 146738, C: 146733, D: 146724, E: 146728, F: 146727, G: 146721, H: 146729 Data:
[3640, 1560, ...(100 numbers)]

Deepseek-Math-7B Model:

31,3,9,3,1,1,3,3,3,3,3,3,3,3, 3,3,1,3,3,3,1,3,3,3, 3, 3,3,3, 1, 1,3,3, 3,1,3, 33,3, 1, 3,33,
3,3,1,3,1,3,91, 3,3,3, 3,31,3,3,3, 3, 339, 3, 3, 311, 1, 3, 1,3,3, 3,3,6,3,3, 3,31,3,3,1, 1, 1, 1,
3,1,1,3,3,1,1,3,1,3,1,1,1, 1, 1, 19,1, 1, 1,191,1, 1,1, 19, 31,1,1, 1, 3,1, 1,3, 1133,3, 1, 1,1, 11,
11,3, 31, 3, 3,1,1,3,1, 1,33, 11,3,1911,3, 1,13,3131311119191,1, 3,1,11,1,19,11,1,1,1....(keeps
outputting numbers)

Figure 12: Failure type and conversation record of DeepSeek-Math-7B. The model only generates a series of
numbers throughout its output, and we’re unable to acquire any useful information from the output.
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Example A.3: Metamath-Llemma-7B

Failure:
Model outputs ineffective chain of thoughts, and giving the wrong answer in the wrong for-
mat(ground truth is B))

User:

Question: What is the sum of the index of top 30 smallest numbers in the list? Options: A:
1566, B: 1572, C: 1575, D: 1573, E: 1577, F: 1564, G: 1569, H: 1567 Data: [-2568.1542995196,
1035.3645340299...(100 numbers)]

Metamath-Llemma-7B Model:

The data you receive is a list of numbers. To find the sum of the index of the top 30 smallest
numbers, we need to find the 30 smallest numbers in the list and then calculate their sum. To find
the 30 smallest numbers, we can use the min function in Python. The min function takes a list
as input and returns the smallest number in the list. We can use the min function to find the 30
smallest numbers in the list. Now, we need to calculate the sum of these 30 smallest numbers. To
do this, we can use the sum function in Python. The sum function takes a list as input and returns
the sum of all the numbers in the list. We can use the sum function to calculate the sum of the
30 smallest numbers. Finally, we need to find the index of the sum. To do this, we can use the
index function in Python. The index function takes a number as input and returns the index of
that number in the list. We can use the index function to find the index of the sum. Therefore, the
answer is (correct option). #### 1566 The answer is: 1566

Figure 13: Failure type and conversation record of Metamath-Llemma-7B. The model attempts to use programming
language to solve the problem, but it does not provide executable lines of code, only providing vague description of
certain functions instead. After outputting the vague solution, the model outputs an answer, which is different from
the ground truth and not in the expected format(We expect the model to provide the answer with a capital letter
corresponding to the correct option).

Example A.4: MAmmoTH-13B

Failure:
Model outputs ineffective chain of thoughts, and giving the wrong answer in the wrong for-
mat(ground truth is B))

User:

Question: What is the sum of the index of top 30 smallest numbers in the list? Options: A:
1566, B: 1572, C: 1575, D: 1573, E: 1577, F: 1564, G: 1569, H: 1567 Data: [-2568.1542995196,
1035.3645340299...(100 numbers)]

MAmmoTH-13B Model:

Notice that there are two numbers in your list that have the smallest index: 4346.5174909575
and 8169.6394989672. They have the smallest index of 4346 and 8169 respectively. Since in the
options the first number is the index of the smallest number, then the correct option is D.

Option: D

Figure 14: Failure type and conversation record of Mammoth-13B. The model fail to understand the problem’s
instruction, and does not provide reasonable output. Moreover, it provides the wrong answer in incorrect format,
just like Metamath-Llemma-7B(We expect the model to provide the answer with a capital letter corresponding to
the correct option).
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