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Abstract

Overestimation in evaluating large language models (LLMs)
has become an increasing concern. Due to the contamination
of public benchmarks or imbalanced model training, LLMs
may achieve unreal evaluation results on public benchmarks,
either intentionally or unintentionally, which leads to unfair
comparisons among LLMs and undermines their realistic ca-
pability assessments. Existing benchmarks attempt to address
these issues by keeping test cases permanently secret, mitigat-
ing contamination through human evaluation, or repeatedly
collecting and constructing new samples. However, these ap-
proaches fail to ensure reproducibility, transparency, and high
efficiency simultaneously. Moreover, the extent of overestima-
tion in current LLMs remains unquantified. To address these
issues, we propose ArxivRoll, a dynamic evaluation frame-
work inspired by one-time pad encryption in cryptography.
ArxivRoll comprises two key components: i) SCP (Sequenc-
ing, Cloze, and Prediction), an automated generator for private
test cases, and ii) Rugged Scores (RS), metrics that measure the
proportion of public benchmark contamination and training
bias. Leveraging SCP, ArxivRoll constructs a new benchmark
every six months using recent articles from ArXiv and em-
ploys them for one-time evaluations of LLM performance.
Extensive experiments demonstrate the high quality of our
benchmark, and we provide a systematic evaluation of current
LLMs.

1 Introduction

With the rapid development of large language models
(LLMs), their evaluation has attracted growing atten-
tion. Numerous challenging and widely recognized bench-
marks (Hendrycks et al. 2021; Cobbe et al. 2021; White et al.
2024; Chiang et al. 2024; Jimenez et al. 2024; Team 2025)
have been introduced to assess the knowledge and reasoning
capabilities of these models. As a result, these evaluations
have become the primary, and often the only, standard for
comparing the performance of large language models.
Despite their effectiveness, recent research (Wu et al. 2024;
Dong et al. 2024; Jiang et al. 2024) increasingly highlights
the shortcomings of current evaluation mechanisms, arguing
that the capabilities of LLMs are often universally overesti-
mated. This occurs mainly due to evaluation leakage, where
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test samples, benchmark details or formatting information
can be exploited to game the benchmark. Consequently, it
may inflate the perceived performance of a model, result-
ing in unreliable evaluations and unfair comparisons among
LLMs. Malicious developers could further fool benchmarks
by incorporating test samples or benchmark-specific infor-
mation during training or fine-tuning. For instance, a previ-
ous study (Yang et al. 2023) demonstrated that a 13-billion-
parameter Llama model can easily achieve results comparable
to GPT-4 on benchmarks like MMLU (Hendrycks et al. 2021)
through post-processing-based fine-tuning. Additionally, pop-
ular open-source LLMs such as Llama-4 and Qwen-2.5 have
been reported (Tech Startups 2025; Wu et al. 2025) to expe-
rience test-data-contaminated training. Such intentional or
unintentional cheating behaviors distort the true capabilities
of LLMs, misleading subsequent training procedures and
corresponding discoveries (Wu et al. 2025).

Specifically, there are two main types of abuse involv-
ing evaluation benchmarks. The first is data contamina-
tion (Palavalli, Bertsch, and Gormley 2024; Li et al. 2024c;
Dong et al. 2024; Xu et al. 2024; Jiang et al. 2024), where test
cases from the benchmarks are included in the training set
of large language models, enabling them to become familiar
with or even memorize these samples, resulting in artificially
improved performance. The second is biased overtraining,
where models are claimed to be “comprehensive” but actu-
ally prioritize improving their performance in the evaluated
domain at the expense of undertraining in other areas. Both
scenarios significantly undermine the effectiveness, fairness,
and reliability of evaluation results.

Unfortunately, existing benchmarks designed to mitigate
cheating behaviors have notable limitations. Private bench-
marks maintained by trusted third-party platforms, such as
SEAL!, and Arena-like benchmarks (Chiang et al. 2024;
Huang et al. 2024; Li et al. 2024b,a), such as Chatbot
Arena (Chiang et al. 2024), lack transparency and repro-
ducibility in their evaluation processes. Symbolic formatting
benchmarks for specific domains (Zhu et al. 2024a; Zhang,
Chen, and Yang 2024; Zhu et al. 2024b), such as GSM-
Symbolic (Mirzadeh et al. 2024) and LiveBench (White et al.
2024), are restricted to narrow fields and therefore fail to
provide a comprehensive evaluation of LLMs. Furthermore,
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the above benchmarks primarily focus on assessing the realis-
tic abilities of LLMs, without offering a clear quantification
of the extent of overestimation. As a result, a stable, trans-
parent, reproducible, and human-effort-free framework and
benchmark for evaluating LLMs has yet to be developed.

To address these issues, we propose ArxivRoll, a robust
and dynamic framework designed to evaluate both the real-
istic performance and the overestimation of large language
models. ArxivRoll consists of two key components: /) SCP
(Sequencing, Cloze, and Prediction), a novel method that au-
tomatically generates test cases from newly published articles
on ArXiv to construct private benchmarks; and 2) Rugged
Scores (RS), indicators that quantify the performance dif-
ference between public and private benchmarks, providing
a clear measure of overestimation. Inspired by the security
guarantee of One-Time Pad (Miller 1882; Shannon 1949)
in cryptography, which uses a unique secret key for each
use, ArxivRoll divides benchmarks into public benchmarks
(existing ones) and private ArxivRollBenches (generated by
SCP), and regard the private benchmarks as the one-time-
used secrets to mitigate the overestimation. After evalua-
tion, the private benchmarks are publicly released to ensure
reproducibility of evaluation but are marked as expired to
prevent future use or reference. Extensive meta-evaluations
on ArxivRollBench demonstrate that SCP consistently pro-
duces high-quality test samples. Besides, the private bench-
marks exhibit a strong correlation with existing private yet
non-transparent benchmarks, confirming their reliability and
relevance.

Our contributions are summarized as follows:

* We devise a novel private benchmark construction strat-
egy, SCP (Sequencing, Cloze, and Prediction) based on
Arxiv, which automatically generates high-quality, chal-
lenging, and fresh test cases tailored for assessing the
capabilities of LLMs. Extensive experiments have proved
the high quality of our generated private benchmarks.

* We design rugged scores (RS) to quantify the proportion
of cheating behavior in a given LLM when tasked with
specific challenges. To the best of our knowledge, this is
the first study to measure the proportion of overestimation
and the biased overtraining.

» Leveraging RS and SCP, we present a novel and one-time-
pad-based evaluation framework, namely ArxivRoll. This
framework not only evaluates the performance of current
LLMs but also considers their overestimation situations.
Through ArxivRoll, we conduct a systematic evaluation
and establish a leaderboard? for popular LLMs, providing
a comprehensive evaluation of their capabilities.

The source code is available at https://github.com/liangzid/
ArxivRoll/.

2 ArxivRoll

In this section, we will introduce the implementation of Arx-
ivRoll and explain why it can address limitations that existed
in previous benchmarks. Specifically, we first introduce our

2https://arxivroll.moreoverai.com
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dynamic evaluation framework in Section 2.1, and then re-
spectively detail our test cases generator technique as well as
the metrics in Section 2.2 and 2.3.

2.1 Overview

As illustrated in Figure 1, ArxivRoll encompasses two cate-
gories of benchmarks: public and private. Public benchmarks
refer to those publicly available on the Internet, which may
be susceptible to contamination or hacking during the pre-
training of LLMs. Conversely, private benchmarks, namely
ArxivRollBench, are created by ArxivRoll and remain confi-
dential until the evaluation period, thereby ensuring that they
are unseen by LLMs. In addition to assessing performance,
ArxivRoll also computes two key values:

* The difference in performance for an LLM between the
public and private benchmarks within the same domain
(e.g., mathematics reasoning). This metric reflects the
proportion of contamination in the model’s performance
on public benchmarks;

* The difference in performance for an LLM among various
private benchmarks. This metric indicates the degree of
biased overtraining in the model.

We propose the rugged score to quantify these two differ-
ences, as shown in Section 2.3.

After evaluation, we can compile the performances and
rugged scores for all LLMs into a leaderboard and make
our constructed private benchmarks publicly available on the
Internet to ensure the reproducibility and transparency of the
evaluation process. These benchmarks will be regarded as
public benchmarks in future evaluations.

This outlines the entire procedure of ArxivRoll for one
evaluation period. As a dynamic benchmark, it will regu-
larly publish new evaluations (e.g., every six months). For
each evaluation period, as shown above, ArxivRoll will in-
corporate new private benchmarks to minimize the impact of
contamination and biased overtraining, as shown in Figure 1.

Such a framework faces two primary challenges:

* How do we create confidential benchmarks for each evalu-
ation stage that are both challenging and representative of
the domain, while ensuring they remain unseen by LLMs
until the evaluation period?

* How do we formally measure the two differences to pro-
vide a rigorous and interpretable evaluation?

We will address them in the following two parts.

2.2 Sequencing, Cloze, and Prediction (SCP):
Producing Test Cases

From Section 2.1, we can discern that private benchmarks
must meet the following four criteria: i) confidentiality, en-
suring that LLMs do not encounter the test cases during their
training process; ii) difficulty, where test cases should not
adhere to fixed patterns but remain flexible and complex in
content, preventing LLMs from easily solving them through
lexical comprehension alone; iii) objectivity, to minimize
the impact of subjective evaluation metrics; and iv) com-
prehensiveness, for encompassing a wide range of fields or
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Figure 1: Framework of ArxivRoll, which categorizes benchmarks into two distinct groups: public benchmarks and private
benchmarks (i.e., ArxivRollBench). These benchmarks are utilized to estimate both the overestimation proportion and per-
formance of large language models (LLMs). Notably, ArxivRoll represents a dynamic benchmarking system, where private
benchmarks are utilized exclusively once and then expire for subsequent evaluation stages, ensuring freshness and reliability in

each assessment.

sub-fields rather than being confined to a narrow task. More-
over, given the need to introduce new private benchmarks
for each evaluation stage, we aspire to construct test cases
automatically.

To this end, we have chosen ArXiv?, a preprint platform,
as the source for our test cases. The timely papers published
on ArXiv fulfill the criteria of confidentiality and difficulty,
as they represent the latest research advancements in their
domains and are often unprecedented in academia. Conse-
quently, these papers are conceptually unseen by LLMs to
date, making them suitable for our benchmark construction.

Despite the potential of designing test samples based on
ArXiv articles, the process remains time-consuming and chal-
lenging, necessitating expert-level annotators. To tackle this
issue, we adopt the concept of symbolic formatting and pro-
pose an automated test sample generation strategy named
SCP. SCP is inspired by educational quizzes (Abraham and
Chapelle 1992; Bormuth 1968; Alderson 1979) and Gestalt
psychology (Britannica 2024; Mather 2006), which com-
prises three objective tasks:

¢ Sequencing: Given a text fragment extracted from an arti-
cle, the input of a test case consists of shuffled sentences
from this fragment. LLMs are tasked with selecting the
correct order of these sentences.

* Cloze: In this task, a text fragment is provided with cer-
tain sentences masked. LLMs are required to select the
appropriate sentences to fill in these gaps.

* Prediction: Given a text fragment, a correct subsequent
sequence, and three distractors, LLMs must identify and
select the correct next sequence.

Formally, for an article, we first sample a text fragment
containing [V, paragraphs, filtering out texts heavy with math-
ematical formulas and tables. Then, we utilize one of the
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strategies within SCP to generate the test case. Figure 2 de-
picts the construction process of SCP.

2.3 RS: Quantifying Overestimation

Given both public and private benchmarks, another challenge
arises in assessing the reliability of performance evaluations
conducted on public benchmarks. Intuitively, within the same
domain, if an LLM demonstrates significantly higher perfor-
mance on a public benchmark compared to a private one, we
may conclude that the public benchmark is being “fooled” by
the LLM. To quantify this discrepancy, we introduce a novel
metric called the rugged score (RS). This metric measures
the degree of “ruggedness” in performance between public
and private benchmarks.

Formally, given IV,, public-private benchmark pairs 7 =
{(T},T!)}i=1,2,...n, in which the public benchmark T
and the private benchmark T comes from the same do-
main, and given Nx’, unmatchable public benchmarks 7, =

{Tg bi=t2,..., ~; and N, unmatchable private benchmarks
T. = {Tf}kzl,g,,,,7Nc, we can define the rugged score of a
model m as:

RSt(m, T, Tp, Te)

(m,T}) — M(m,T?)
N, Z[ (m, T3) + M(m, 73y | T 2% "
S ”M(m»Tﬁ)—*ZkL (m, T)
N 2 N M(m,T3) + & 2k M(m, T¥)

where M (m, T') denotes the performance evaluation metric
for the model m on task 7. It can either be an absolute metric
such as the accuracy, or a relative metric like the rank of m
among all evaluated models M.

In intuition, the higher the RSy, the rugger the m, demon-
strating that the evaluated results of m on public benchmarks
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A. That is. the output of each sub-layer is $\mathrm{LayerNorm}(x + \mathrm{Sublayer}(x))$. where $\mathrm{Sublayer}(x)$ is the function
implemented by the sub-layer itself. B. The encoder is composed of a stack of $N=6$ identical layers. Each layer has two sub-layers. C. The first is
a multi-head self-attention mechanism. and the second is a simple. position-wise fully connected feed-forward network. We employ a residual
connection \citep{he2016deep} around each of the two sub-layers, followed by layer normalization \cite{layernorm2016}. D. To facilitate these
residual connections, all sub-layers in the model, as well as the embedding layers, produce outputs of dimension $\dmodel=512%.
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The first is a multi-head self-attention mechanism, and the second is a
simple, position-wise fully connected feed-forward network. We employ a residual connection \citep{he2016deep} around each of the two sub-layers,
To facilitate these residual connections, all sub-layers in the model, as well as the

A That is the outnut of each sub-layer is $\mathrm{LayerNorm}(x + \mathrm{Sublayer}(x))$, where $\mathrm{Sublayer}(x)$ is the function implemented
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applied to each position separately and identically.

implemented by the sub-layer itself.

.

(The encoder is composed of a stack of $N=6% identical layers. Each layer has two sub-layers. The first is a multi-head self-attention mechanism, and
the second is a simple, position-wise fully connected feed-forward network. We employ a residual connection \citep{he2016deep} around each of the
two sub-layers, followed by layer normalization \cite{layernorm2016}. __B

Selection A. In addition to attention sub-layers, each of the layers in our encoder and decoder contains a fully connected feed-forward network, which is

Selection B. That is, the output of each sub-layer is $\mathrm{LayerNorm}(x + \mathrm{Sublayer}(x))$, where $\mathrm{Sublayer}(x)$ is the function

Selection C. In addition to the two sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head attention over the
output of the encoder stack. Similar to the encoder, we employ residual connections around each of the sub-layers, followed by layer normalizati |
Prediction

Figure 2: An illustrative example of symbolic formatting for test samples, encompassing three formats: sequencing, cloze,

and prediction (SCP).

{Ti}n, U {Tg}N}g may be less reliable, and model m may
be overfitted to the specific characteristics of them.

Unfortunately, RSy is not a normalized metric and is un-
avoidably coupled with models and benchmarks used for
evaluation. This means that RSy obtained for different sets
of models M on different benchmark triples (77, 7,, 7.) are
incomparable, and we can only decouple one factor between
M and benchmarks triples from RSjy. Specifically, RSy be-
comes model-independent when an absolute metric is adopted
as M, allowing the free addition of new models under the
same triple (7, 7,, 7.) without affecting the score’s compara-
bility. Conversely, it becomes benchmark-independent when
a relative metric is used, meaning that it is comparable across
different evaluation periods for the same model set M. In our
evaluation, we will use both types of rugged scores.

To investigate the proportion of unbalanced overtraining
on LLMs, we propose RSy, which can be measured by the
standard variance on private benchmarks, i.e.,

RSy = Z

where 7P = {T,|i = 1,2,...,N,} represents the set of
private benchmarks in 7, M = >0 (7 7y M(m, T¢)
is the average performance on private benchmarks. We also
propose a normalized version:

RSY = RSy;/ M.

[M(m7T0) - M]Qa 2)

3 Meta Evaluation

In this section, we conduct a meta-evaluation of ArxivRoll.
Specifically, Section 3.1 examines and assesses the quality
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Figure 3: Performance of Llama3 (8B) across 32-time-
generated ArxivRollBench benchmarks. The benchmarks
were generated 32 times from the same raw article set using
SCP. The small standard variance in evaluation results indi-
cates that SCP produces stable test cases.

of the generated test cases, while Section 3.2 investigates the
potential correlation between ArxivRollBench’s evaluation
outcomes and those from other private benchmarks.

3.1 The Generation Of SCP Is Stable

Our benchmark construction strategy (SCP) relies heavily on
randomness, raising whether the evaluation results adequately
reflect an LLM’s understanding of the articles. To address this,
we examine if the performance of an LLM varies significantly
when evaluated on the same set of raw articles but generated



Benchmarks Spear. Corr.  Pearson Co.  Kendall Corr.
A.R.Bench (S) - ChatbotArena 0.76 0.71 0.6
A.R.Bench (C) - ChatbotArena 0.61 0.51 0.55
A.R.Bench (P) - ChatbotArena 0.73 0.69 0.55
AR.Bench (S) - A.R.Bench (C) 0.86 0.92 0.77
A.R.Bench (S) - A.R.Bench (P) 0.86 0.86 0.69
A.R.Bench (C) - AR.Bench (P) 0.86 0.86 0.69

Table 1: Correlation Experiments among ArxivRollBench
(A.R.Bench) and ChatbotArena, where Spear. Corr., Pearson
Co., and Kendall Corr. denote the Spearman Correlation,
Pearson Coefficient, and Kendall Correlation, respectively.

with different random seeds.

Specifically, we repeated the generation process for
ArxivRollBench2024b-CS 32 times using different seeds and
collected the evaluation results of the Llama3-8B model. We
calculated the performance variations across our three test
case generation strategies: sequencing, cloze, and prediction,
as illustrated in Figure 3.

Although the accuracy variations across all three bench-
marks appear noticeable (~ 2.5 points), the standard devi-
ation of the evaluation results is minimal, remaining below
1 point. This demonstrates that our generation strategy is
reliable and that the evaluation results are consistently re-
producible, even with benchmarks generated under varying
random seeds.

3.2 ArxivRollBench Exhibits High Correlations
With Popular Benchmarks

In this section, we address the second concern of ArxivRoll:
whether the evaluation results from ArxivRollBench mean-
ingfully reflect the knowledge and reasoning abilities of
LLMs within these domains. To explore this, we compute the
correlation between the performance rankings of ArxivRoll-
Bench2024b’s private benchmarks and those of widely used
benchmarks which are relatively harder to fool.

As a reference, we select ChatbotArena (Chiang et al.
2024), a crowdsourced and voting-based benchmark. De-
spite its limitations in interpretability, transparency, and re-
producibility, ChatbotArena remains one of the most widely
regarded benchmarks for LLM performance evaluation. We
employ three standard correlation metrics: Pearson’s coeffi-
cient, Spearman’s rank correlation, and Kendall’s rank corre-
lation, all of which are commonly used to assess linear and
rank-based relationships.

We first compute the correlations between our benchmark
construction strategy, SCP, and the reference benchmark. Ad-
ditionally, we analyze the internal correlations among the
three test case generation strategies of SCP. The results of
these analyses are presented in Table 1.

As shown in Table 1, ArxivRollBench constructed with
the S (equencing) and P (rediction) strategies achieves up to
a 0.70 Spearman correlation with ChatbotArena, while Arx-
ivRollBench with the C (loze) strategy also exhibits a notable
correlation with the reference benchmark. This demonstrates
that ArxivRollBench’s private benchmarks effectively cap-
ture the realistic capabilities of LLMs. Moreover, the strong
correlations among the three SCP construction strategies in-
dicate their internal consistency. The Pearson coefficients
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further suggest that their evaluation results exhibit linear
relationships, reinforcing the robustness of our proposed ap-
proach.

Having established the utility of ArxivRollBench, we pro-
ceed to provide an in-depth analysis of the overestimation
behavior of current LLMs under ArxivRoll in Section 4.

4 Evaluation

In this section, we evaluate current popular LLMs with Arx-
ivRollBench and correspondingly quantify the proportions
of the overestimation. Specifically, we first detail the settings
of our evaluation in Section 4.1, then introduce the perfor-
mances of models on our private benchmarks as well as their
RS scores in Section 4.2 and Section 4.3, respectively.

4.1 Settings

Evaluated Models We categorize the models benchmarked
into two groups: open-source LLMs and close Al models.

e Open-source LLMs: This category includes open-source
LLMs. We evaluate GPT-J-6B (Wang and Komatsuzaki
2021), Phi-1 (Gunasekar et al. 2023), Phi-1.5 (Li et al. 2023),
Phi-2 (Javaheripi et al. 2023), Phi-3-Mini-4K-Instruct (Mi-
crosoft 2024), Phi-3.5-Mini-Instruct (Microsoft 2024),Phi-
4-Reasoning, Phi-4-Reasoning-Plus, Llama-2-7B-Chat-
HF (Touvron et al. 2023), Llama-3-8B-Instruct (AI@Meta
2024), Llama-3.1-8B, Llama-3.1-8B-Instruct (AI@Meta
2024), Llama-3.1-70B-Instruct (Al@Meta 2024), Llama-3.1-
Nemotron-70B-Instruct-HF (Wang et al. 2024), Llama-3.2-
3B, Llama-3.3-70B-Instruct, Qwen2-7B-Instruct (qwe 2024),
Qwen2.5-7B (gwe 2024), Qwen2.5-7B-Instruct, Qwen2.5-
Math-7B, Qwen2.5-Math-7B-Instruct, Qwen2.5-72B-
Instruct (qwe 2024), Qwen3-8B, Qwen3-14B, Qwen3-32B,
Yi-1.5-34B-Chat, Kimi-K2, and Deepseek-Chat-V3.

e Close Als: This group consists of LLMs available as com-
mercial services, providing API access for integration into
various applications. Our experiments cover GPT-3.5-turbo,
GPT-4 (OpenAl 2024a), GPT-40 (OpenAl 2024b), Claude-
3.5-Sonnet, Claude-3.7-Sonnet, Claude-4-Sonnet, Gemini-
2.0-Flash-001, and Gemini-2.5-Flash.

Implementation Details We assess the performance of the
aforementioned LLMs with LM Evaluation Harness (Gao
et al. 2024). Following previous studies (Shang et al. 2025;
Bai et al. 2025; Liang et al. 2025a; Wang 2024; Xiao et al.
2025; Liang et al. 2025b), we use greedy search in the gen-
eration, with the maximized token length of 50. We use the
“exact matching” for seeking answers and compute the ac-
curacy among all samples. While the dataset covers eight
different domains, the generation process remains consistent
across them. All open-source LLMs are executed with 4 x
Nvidia H100 GPUs.

4.2 Evaluating The Performances

We conduct experiments on our private benchmarks, Arx-
ivRollBench2024b with Sequencing (S), Cloze (C), and Pre-
diction (P) among 8 domains, where the results on sequencing
are shown in Table 2. We identify several key findings:

e Open-source LLLMs show performance comparable
to closeAls. Open-source LLMs have shown remarkable



Model name ArxivRollBench-2024b (S)
CS Q-Fin. Math Phy. Stat. Bio. Econ. EESS
GPT-J-6B 103+£06 122+1.1 80+£0.6 11.7+07 97+£05 120+0.8 9.7+1.0 125+£05
Phi-1 56+04 69+09 72+£06 75+06 76+£04 51+06 68+£09 63+04
Phi-1.5 227+08 209+14 252+09 239+1.0 225+07 236+1.1 245+15 214+0.7
Phi-2 232+08 228+14 248+09 244+10 23.6+07 242+11 248+15 231+0.7
Phi-3-Mini-4K-Instruct 63+04 48+07 53405 34+04 67+04 53+£06 51407 64+04
Phi-3.5-Mini-Instruct 198+07 203+14 192+£09 179+09 191+£07 186+1.0 193+13 194+0.6
Phi4-Reasoning 20+03 22405 34+04 1.3+£03 1.9+£0.2 1.9+£04 25+£05 14+02
Phi4-Reasoning-Plus 11.1+£06 13.1+12 109+0.7 90+06 98+05 106+08 13.0+1.1 9.24+0.5
Qwen2-7B-Instruct 266+08 279+15 257+10 264+10 283+08 270+12 279+15 27.6+0.7
Qwen2.5-7B 237+08 248415 221+09 239+1.0 234+07 268+1.1 253+15 243+0.7
Qwen2.5-7B-Instruct 276 +£08 265+15 286+10 283+1.0 267+07 282+12 283+15 274+0.7
Qwen2.5-Math-7B 16.7+£0.7 184+13 188+09 17.7+09 17.54+06 170+1.0 172+13 156=+0.6
Qwen2.5-Math-7B-Instruct 50+£04 47+07 3.7+04 3604 67+04 49+06 744+09 60+04
Qwen2.5-72B-Instruct 2054+0.7 21.8+14 178408 18.6+09 188+0.7 22.1+1.1 183+13 21.8+0.7
Qwen3-8B 31,009 313+£1.6 290+1.0 287+10 303+08 285+12 275+15 292+07
Qwen3-14B 47+04 60=£0.8 6.3+0.5 50405 54+04 51+£06 514+£07 49+04
Qwen3-32B 2024+07 222+14 2074+09 178+£09 2024+0.7 199+1.0 183+13 20.1+07
Llama2-7B-Chat-HF 7.5+0.5 85+ 1.0 10.0+0.7 6.3+0.5 7.8+0.5 73+07 104+£10 68+04
Llama3-8B 2294+0.8 228+14 21.7+09 23.0+09 223+0.7 236+1.1 205+14 214+0.7
Llama3.1-8B 260+08 242415 244+09 253+1.0 247+07 253+11 213+14 230+07
Llama3.1-8B-Instruct 285+08 252415 286+10 274+10 268+08 261+11 249+15 255+£0.7
Llama3.1-70B-Instruct 3144+09 340+1.6 293+10 309+10 303+08 33.7+12 319+1.6 322+038
Llama3.1-Nemotron-70B | 33.3+09 358+1.6 30.1+10 328+ 1.1 3214+08 344+12 332+16 344+038
Llama3.2-1B 240+08 236+15 258+10 253+1.0 238+07 250+1.1 262+15 241407
Llama3.2-3B 23.1+08 21.1+£14 192+09 220+09 21.6+0.7 230+1.1 243+14 214+07
Llama3.3-70B-Instruct 37.3+£09 390+17 349+10 364+1.1 360+08 37.7+13 37.1+1.6 374+0.8
Yil.5-34B 28.1+£08 281415 259+10 265+1.0 298+08 27.1+12 257+15 279407
Kimi-K2 357+75 408+7.1 500+87 400+74 444475 419+76 41.7+72 438+72
Deepseek-Chat-V3 452+78 388+70 500+87 444475 422474 442477 417+72 500+73
GPT-3.5-turbo 38176 286+65 500+87 200+60 267+67 349+74 146+51 313+68
GPT-4 429+77 429+71 324+81 378+73 400+74 349+74 375+7.1 41.7+72
GPT-40 429+77 490+72 353+83 31.1+£70 467+75 419+76 39.6+7.1 41.7+72
Claude-3.5-Sonnet 381+76 367+70 265+77 378+73 444475 372475 354+70 438+72
Claude-3.7-Sonnet 333+74 408+7.1 206+70 378+73 444475 302+7.1 250+63 375+7.1
Claude-4-Sonnet 571+77 510+72 353+83 31.1+£70 578+74 419+76 354+70 375+7.1
Gemini-2.0-flash-001 405+77 449+72 412+86 400+74 378+73 419+7.6 458+73 41.7+72
Gemini-2.5-flash 405+77 592471 353+83 557475 600+74 465+77 479+73 438472

Table 2: Evaluation results of current popular models on ArxivRollBench2024b for Sequencing Tasks.

progress in recent years. While the performance of many
open-source models remains relatively low, certain models
rival proprietary counterparts. For instance, Kimi-K2, the
best-performing open-source model, consistently achieves
accuracy rates exceeding 40%, closely matching Gemini and
Claude and even surpassing it in some tasks.

e Small Language Models (SLMs) are not consistently
comparable to medium-sized models. Table 2 indicates that
Phi-3-mini and Phi-3.5-mini perform poorly on Sequencing
and Prediction tasks, respectively, with accuracies not exceed-
ing 10%. This suggests that, while SLMs can achieve per-
formance comparable to or even exceeding that of 7-billion-
scale models on certain tasks, their actual capabilities may
sometimes be over-claimed.

o While newly emerged LLMs indeed achieve better per-
formance, the improvements they claim often reflect grow-
ing overestimation. As illustrated in Figure 5, it is evident
that within each series, as models evolve, there is an improve-
ment in accuracy. However, the corresponding RSy scores
also increase on some models (e.g., Phi series). This suggests
that while the performance of the models is enhanced through
evolution, the degree of overestimation also escalates.

4.3 Evaluating The Overestimation

Analysis on RSy and RSy1. We provide a detailed compar-
ison of various models in terms of their Absolute RSt and
Relative RSt in Table 3, and RSy and N RSy in Table 4.
Comparing the Absolute RSy, it is clear that the Qwen and
Phi series exhibit the highest degree of overestimation, which
are even larger than 100%. Similarly, their corresponding
rankings (Relative RSy) also show significant changes. As
for RSy, we observe that models Llama-3.1-Nemotron-70B
and Llama3.1-70B score highly on RSy, but their RS}
are relatively lower. This discrepancy is due to their high
accuracies across various domains in ArxivRollBench and
the corresponding high absolute differences. However, after
normalization, these differences are not as pronounced.

Measuring Biased Overtraining. We also select five mod-
els (GPT-J-6B, Phi2, Llama3-8B, Yil.5-34B and Llama3.1-
Nemotron-70B) as references to analyze their performance
across various domain benchmarks and their corresponding
Absolute RSy, as shown in Figure 4. Upon comparison, it is
apparent that model performance on public benchmarks is
inconsistent, with notably better performance in the domains
of Econ, Q-Fin, Bio, and Phy compared to others. However,
on ArxivRollBench, the differences in model performance
across various domains are minimal, indirectly indicating the
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Figure 5: Evolution of series models.

fairness of ArxivRollBench across these domains. Besides, it
is observed that Absolute RSy are also significantly higher
in the Econ, Q-Fin, Bio, and Phy domains, suggesting that
advantages of these models on public benchmarks in these
areas might be due to overfitting.

5 Conclusion

This paper proposes a novel dynamic evaluation framework
called ArxivRoll. It is designed to address the critical is-
sue of overestimation in evaluating LLMs. The framework
introduces SCP (Sequencing, Cloze, and Prediction), an au-
tomated generator of private test cases, and Rugged Scores
(RS), metrics that assess the degree of public benchmark
contamination and training bias. Extensive experiments con-
ducted demonstrate the high quality and reliability of the our
benchmarks.
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Models Absolute RSy Relative Rank Changes
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Yi-1.5-34B 0.81 1 0.55
Llama-3.1-Nemotron-70B 0.77 10.14
Llama2-7B 1.14 10.11
Llama3-8B 0.74 10.74
Llama3.1-8B 0.67 10.25
Llama3.1-70B 0.48 10.02

Table 3: Contamination evaluation with RSj.

Model RSH N RSH
Phi-1 022% 5.21%
Phi-1.5 0.50% 4.02%
Phi-2 0.53% 2.39%
Phi-3-mini 0.76%  5.84%
Phi-3.5-mini 057% 3.27%
Qwen2-7B 051% 1.76%
Qwen2.5-7B 0.66% 2.21%
Qwen2.5-72B 0.64% 3.84%
Yi-1.5-34B 0.78% 2.91%
Llama-3.1-Nemotron-70B | 1.30% 3.88%
Llama2-7B 051% 6.20%
Llama3-8B 045% 2.00%
Llama3.1-8B 096% 3.46%
Llama3.1-70B 1.19%  3.66%

Table 4: Biased overtraining evaluation with RSyj.
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