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Abstract

Long-context understanding has emerged as
a critical capability for large language mod-
els (LLMs). However, evaluating this ability
remains challenging. We present SCALAR,
a benchmark designed to assess citation-
grounded long-context reasoning in academic
writing. SCALAR leverages academic papers
and their citation structure to automatically gen-
erate high-quality ground-truth labels without
human annotation. It features controllable diffi-
culty levels and a dynamic updating mechanism
that mitigates data contamination. The bench-
mark includes two tasks: a multiple-choice QA
format and a cloze-style citation prediction. We
evaluate a range of state-of-the-art LLMs and
find that the multiple-choice task effectively
distinguishes model capabilities. While human
experts achieve over 90% accuracy, most mod-
els struggle. The cloze-style task is even more
challenging, with no model exceeding 50% ac-
curacy. SCALAR provides a domain-grounded,
continuously updating framework for tracking
progress in citation-based long-context under-
standing.'

1 Introduction

Large language models (LLMs) have demonstrated
impressive capabilities in processing texts of in-
creasing lengths (Achiam et al., 2023; Anthropic,
2024; Dubey et al., 2024; Yang et al., 2025). While
capable of handling contexts of hundreds of thou-
sands of tokens, evaluating their true understanding
of long documents remains challenging.

Previous evaluations of long-context understand-
ing have often relied on synthetic datasets or simple
retrieval tasks like “needle in a haystack” varia-
tions (Kamradt, 2023; Kuratov et al., 2024b; Wang
et al., 2024c; Roberts et al., 2024). While such
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tasks can test a model’s ability to locate informa-
tion in long sequences, they fail to assess genuine
comprehension and are readily solvable by current
LLMs (Team et al., 2024). Moreover, creating high-
quality benchmarks traditionally requires extensive
human annotation, which is both time-consuming
and costly. Some work transforms short-context
tasks into long context by combining them with pas-
sages or long documents, such as long-document
QA (Kamradt, 2023), summarization (Chang et al.,
2024), reasoning (Kuratov et al., 2024a) and rerank-
ing (Yen et al., 2024). However, such datasets suf-
fer from two key issues: data contamination and
shortcut exploitation, as LLMs can solve problems
using their own knowledge rather than the long
context. See more related work in Section 2.

In this work, we present SCALAR, a bench-
mark designed to evaluate large language models’
(LLMs) citation-grounded long-context reasoning
within the scientific domain (Figure 1. Our bench-
mark leverages recently published academic papers
and their citations, which are implicitly annotated
by domain experts through citation behavior, offer-
ing high-quality, unambiguous supervision without
manual labeling. By focusing on papers accepted
to top-tier venues (e.g., ICLR or ACL) and publicly
available through arXiv, SCALAR ensures data
quality, transparency, and reproducibility.

To ensure the benchmark remains relevant and
minimizes data contamination from model pretrain-
ing corpora, we perform a detailed contamination
analysis using a 4-year span of ICLR papers (Sec-
tion 4). Our findings show that papers prior to 2023
are often memorized by models, while more recent
ones (2024-2025) remain largely unseen, under-
scoring the importance of a live and continuously
updated evaluation set. SCALAR is thus designed
with a dynamic updating mechanism, allowing au-
tomatic integration of the latest high-quality publi-
cations.

SCALAR includes two complementary task for-
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Figure 1: The overall process of building SCALAR. We start with a paper list sourced from arXiv but restrict to

papers that have received high scores and been accepted at

peer-reviewed conferences. We crawl the raw markdown

data (top left). Then we parse them into structured data, sampling citations to mask and other citations as candidates
(right). Finally, questions are formulated by masking citations in selected paper sections, choosing candidate spans,
applying different sampling strategies, and assigning citation types, aligned with difficulty levels (bottom left).

mats. The first is a multiple-choice citation ques-
tion answering (MCQA) task, which evaluates a
model’s ability to identify the correct cited paper
from a set of plausible distractors. The second is
a cloze-style citation prediction task, where the
model must simultaneously predict four masked ci-
tations within a paper by selecting the appropriate
references from a shared candidate list. Both tasks
are designed to assess citation-grounded reason-
ing and long-context comprehension across entire
scientific documents

To accommodate a wide range of model capa-
bilities, we introduce a flexible difficulty control
framework that adjusts both semantic complexity
and context length. We define three levels of diffi-
culty (Easy, Medium, and Hard) by systematically
varying distractor construction and citation types.
This design ensures the benchmark remains suit-
able for both small and large models.

Extensive experiments across state-of-the-art
LLMs reveal substantial performance gaps, espe-
cially under longer contexts and harder reasoning
settings. To validate task difficulty, we conduct hu-
man evaluation on the MCQA task, demonstrating
that while humans perform near-perfectly, models
still struggle, highlighting critical deficiencies in
current long-context modeling.

2 Related Work

Long-context Evaluation Many approaches
have been proposed to evaluate the ability of lan-
guage models to utilize a longer context (Zhang
et al., 2024b; Li et al., 2023; Dong et al., 2023;
Wang et al., 2024b; Song et al., 2024). Real-world
evaluations cover long-document QA and summa-
rization (Shaham et al., 2023; Laban et al., 2024),
mathematics and code understanding (An et al.,
2024; Zhao et al., 2024; Wang et al., 2024a), do-
main specific analysis (Reddy et al., 2024), and
retrieval tasks (Yen et al., 2024), in various lan-
guages (Qiu et al., 2024), formats (Zhang et al.,
2024a). However, most of these benchmarks repur-
pose existing corpora, which introduces potential
data contamination and limits their ability to mea-
sure genuine contextual reasoning.

Meanwhile, benchmarks using synthetic data fo-
cus on atomic abilities such as retrieval (Kamradt,
2023), state tracking (Kuratov et al., 2024a), data
aggregation (Hsieh et al., 2024), multi-hop rea-
soning (Bai et al., 2023) like code understanding.
Although such datasets provide controllable diffi-
culty, they often diverge from realistic long-context
usage.

SCALAR complements these efforts by focus-
ing on citation-grounded reasoning within authen-
tic scientific papers. Unlike prior benchmarks, it
(i) derives supervision from expert-authored cita-
tion links instead of synthetic prompts, (ii) up-
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Timely

w/o Potential Issues

Difficulty Expert

Benchmark Length Domain
Update Contaminate Shortcut Control Created

Needle-in-haystack (Kamradt, 2023) X X X X Static N/A
BABILong (Kuratov et al., 2024a) X X X Dynamic Reasoning
RULER (Hsieh et al., 2024) X X X Dynamic General
LongBench (Bai et al., 2023) X X X X X Dynamic General
LongBench-v2 (Bai et al., 2025) X Dynamic (<2M) General
HELMET (Yen et al., 2024) X Dynamic Multi
SCALAR (ours) Dynamic (<1M) Academic

Table 1: Comparison of long-context benchmarks regarding update frequency, potential data contamination, shortcut
susceptibility, difficulty control, expert involvement, length properties, and domain coverage.

dates dynamically to reduce data contamination,
and (iii) provides explicit difficulty control through
citation type, sampling strategy, and context length.
This design bridges the controllability of synthetic
datasets with the realism of document-based tasks,
enabling a more faithful evaluation of long-context
understanding in academic reasoning. For a de-
tailed comparison, see Table 1.

Citation-based Benchmarking Although
scholar literature corpus has been extensively used
in language model pretraining (Lo et al., 2020;
Gao et al., 2020), its potential to evaluate long
context utilization is not fully explored. A number
of datasets focus on generating and recommending
citations (Funkquist et al., 2023; Firber and Jatowt,
2020; Gu et al., 2022). Ajith et al. (2024) creates
a retrieval benchmark by constructing questions
for inline citations using GPT-4 and manually
creating questions. There are benchmarks testing
models’ abilities to answer questions based on
papers. QASPER (Dasigi et al., 2021) focuses on
answering questions about NLP papers, and LitQA
(Lala et al., 2023) examines models’ knowledge of
biology works.

These benchmarks capture valuable aspects of
academic understanding but are largely confined
to local reasoning or single-document contexts.
SCALAR extends this line of work to the long-
context setting by treating citations as implicit
supervision signals for multi-document reasoning.
Rather than introducing new annotation pipelines
or synthetic prompts, SCALAR systematically
repurposes citation structures from recent peer-
reviewed papers to assess whether models can link
claims in one work to supporting evidence in oth-
ers. This approach situates citation analysis within
a realistic, scalable framework for measuring long-
context comprehension.

3 SCALAR

This section describes our benchmark construction
pipeline. We begin with data collection and pre-
processing, including structural parsing and cita-
tion filtering. We then detail task formulation and
introduce configurable dimensions for difficulty
control—covering question scope, citation types,
candidate sampling, and candidate representation.
We define three difficulty levels, outline the final
dataset, and conclude with a data contamination
analysis to assess potential training overlap.

3.1 Data Collection

We begin by collecting research papers and their
corresponding citations from arXiv,? a widely-used
open-access repository for scientific papers across
various domains. However, due to its open submis-
sion policy, it may include preliminary or non-peer-
reviewed low-quality articles. To ensure the quality
and reliability of our dataset, we filter for papers
that have been accepted by a top-tier venue. More
specifically, we select ICLR 2024 and ICLR 2025
accepted papers as original paper list, and search
them in arXiv.> We crawl the markdown version as
the raw data for further processing.

3.2 Preprocessing

Structuralization We then extract structured
data from raw markdown texts. This includes iden-
tifying the title, abstract, and sections of the paper,
cleaning links, and extract citations. Each citation
is marked with its position and mapped to its corre-
sponding reference in the bibliography. After that,
we use the same data collection process to gather
information about the cited papers. We separate
papers into top-level sections, finding that papers in

2https: //arxiv.org/
3Note that our methods can be generally applied to papers
from other venues as well.
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our dataset contain an average of 6.1 sections. For
all papers, we remove references and appendices,
leaving out the main content for task formulation.

Citation Filtering To ensure high-quality evalu-
ation data, we distinguish between two categories
of citations: grouped citations and individual cita-
tions. Grouped Citations refer to multiple sources
together in a single parenthetical reference, typi-
cally used when summarizing general information,
such as “prior works (Liu et al., 2024; Hsieh et al.,
2024a; Zhang et al., 2024)”. Individual Citations,
in contrast, are used to refer to single source sep-
arately, usually when discussing specific methods
or results, for instance “needle in a haystack’ test
(Kamradt, 2023)”. Since grouped citations may
have multiple correct answers when masked one
of them, during the processing in Section 3.3, we
exclusively sample and mask individual citations
to maintain clear ground truth labels.

3.3 Task Formulation

We define two citation resolution tasks designed
to evaluate a language model’s ability to identify
masked references in scientific papers: Multiple-
choice QA (MCQA) and Cloze Test. Both tasks
involve replacing in-text citations with placehold-
ers and require the model to recover the correct
references using the surrounding context. While
Multiple-choice QA focuses on identifying a single
masked citation from a set of options, the Cloze
Test requires resolving multiple masked citations
jointly.

For both tasks, each test case comprises three
distinct parts:

* Instruction provides task-specific guidance,
including how the LLLM should complete the
task, the expected answer format, and the roles
of other components.

* Question Paper contains either the full text
or a specific section of a paper, with one or
more citations replaced by placeholders such
as xx[MASKED_CITATION]xx*,

* Candidates list four reference options. In the
case of Multiple-choice QA, this includes one
correct answer and three distractors.

To ensure high annotation quality, we draw all can-
didate references from the reference list of the ques-
tion paper. This design leverages the expertise of
the original authors, who have carefully selected
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Figure 2: Token length distribution of the three subsets
of our dataset. Samples are tokenized using GPT-40
tokenizer from tiktoken (OpenAl, 2023).

relevant prior work for citation. By restricting can-
didates to this curated list, we avoid introducing
external papers that, while potentially topically sim-
ilar, may not align with the author’s intent and
could be more suitable for the citation than the
actual ground truth.

In our prompt implementation, we define sev-
eral XML elements to separate different elements.
The details of prompt templates are shown in Ap-
pendix C.

3.4 Difficulty Configuration Dimensions

We define four core configuration dimensions that
govern each benchmark instance: question paper
scope, citation type, distractor sampling strategy,
and candidate representation. These dimensions
allow fine-grained control over both semantic com-
plexity and context length. A visual summary is
shown in Appendix A.

Question Paper Scope. We use two modes for
presenting the source paper to the model. In the
Single Section setting, we provide only the section
that contains the masked citation, thereby limiting
contextual cues. In the Full Paper setting, the en-
tire paper is included as context, offering broader
information for reasoning.

Citation Type. We distinguish between two
types of citations based on how they are presented
in the text. Attributional Citations explicitly men-
tion a specific model, method, or dataset (e.g.,
BERT (Devlin et al., [2018]) is used for embed-
ding texts...). In contrast, Descriptive Citations
embed the reference in a more narrative form with-
out explicitly naming it (e.g., Pretraining a bidirec-
tional transformer (Devlin et al., [2018]) is time-
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consuming...).

Candidate Sampling. To construct challenging
MCQA and cloze test options, we consider two
candidate sampling strategies. In the Random Sam-
pling setting, candidates are randomly drawn from
the reference list of the question paper. In the Near-
est Sampling setting, we sample four references
that are cited at the same section. For MCQA, we
then randomly mask one citation corresponding to
one reference, and take other references as distrac-
tors. For cloze test, we mask four citations in the
question paper, each corresponding to one of the
references.

Candidate Representation. Each candidate ref-
erence can be presented in one of three formats.
The Concise format includes only the title and
abstract. The Full format includes the complete
content of the cited paper. The Body format re-
moves the title, abstract, introduction, and conclu-
sion, leaving only the main body text to test the
model’s reasoning under limited cues.

3.5 Difficulty Levels and Final Dataset

Building on these dimensions, we define three stan-
dard difficulty levels to facilitate controlled bench-
marking. These levels progressively increase in
complexity by varying citation types, candidate se-
lection strategies, and input lengths: (I) Easy level
samples candidates randomly, and only mask attri-
butional citations. (II) Medium level also samples
candidates randomly while only masks descriptive
citations. Both easy and medium level use the full
paper for the question paper and candidates. (III)
Hard level masks descriptive citations, but candi-
dates are sampled from nearest references. Addi-
tionally, we use only the body of the paper for can-
didates, to avoid the model easily get answer from
titles, abstracts, introductions, and conclusions.

The final dataset (per year) consists of 600 ques-
tions evenly distributed across two tasks and three
difficulty levels, with each question containing four
candidates. To ensure diversity, we limit at most
five questions per paper. All papers, including ques-
tion paper and candidates, are limited to 100,000
characters to accommodate model context limita-
tions, with questions formatted using the template
in Appendix C.

We collect data from papers published between
2022 and 2025; while data from 2022 and 2023
are primarily used for retrospective analysis, our
benchmark focuses on 2024 and 2025 to emphasize
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Figure 3: Distribution of cited papers’ publication years
across ICLR submission years used in SCALAR.

40 Submission Year
35 B 2022
w7z 2023
=30
B
225 ]
© HH
c200 B
] +H
© 150 I
= HH
100 HHZ O 0K
1]
T
LI/ /s e N XXXX 1/ e N N\
.
LTV /s e NeXXXXXe 1/ e e &N
[1T1]

0

\. B B
Llama-3.1-70B-Instruct gpt-40-2024-08-06

Figure 4: Data contamination prediction across submis-
sion years. We report the match rate (%), defined as the
proportion of ground-truth citations successfully pre-
dicted by the model when prompted with the citation
context. Higher match rates suggest a greater likelihood
of data contamination.

its live and forward-looking nature. The length dis-
tribution is shown in Figure 2. Most samples have
tokens between 60k and 80k. Hard set are slightly
shorter than Easy and Medium set, since we only
use the body content of the candidate papers. Fig-
ure 3 shows the submission or publication years
of cited papers for specific venues. As shown in
figure, most papers tend to cite more recent papers.

4 Data Contamination Analysis

To evaluate potential data contamination, we con-
duct a targeted analysis using a subset of hard-level
questions drawn from our benchmark. For each
question, we input the full context from the ques-
tion paper up to, but not including, the masked
citation. We then prompt two language models to
generate 20 tokens and assess whether the ground
truth author name is explicitly predicted within the
generated sequence.

The models we evaluate include LLaMA-3.1-
70B-Instruct (training cutoff: December 2023) and
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ICLR 2024

ICLR 2025

Model Average
Easy Medium Hard Easy Medium Hard
Llama-3.1-8B 0.21 0.22 0.23  0.30 0.28 0.24 0.25
Llama-3.1-70B 0.37 0.25 0.30 0.37 0.29 0.16 0.29
Llama-3.3-70B 0.43 0.28 0.29 0.37 0.36 0.23 0.33
Qwen2.5-7B-1M 0.31 0.34 022 049 0.38 0.28 0.34
Phi-3-Mini 0.19 0.21 0.26 0.39 0.21 0.20 0.24
Phi-3-Medium 0.12 0.17 0.12  0.20 0.12 0.08 0.14
Claude-3.5-Haiku 0.71 0.56 044  0.77 0.61 0.42 0.58
GPT-40-Mini 0.75 0.51 0.38  0.81 0.56 0.48 0.58
GPT-40 0.92 0.66 0.56 095 0.72 0.50 0.72
QwQ-32B 0.50 0.42 045 047 0.46 0.46 0.46
DeepSeek-R1-0528 0.93 0.78 0.71  0.96 0.89 0.66 0.82
Kimi-k2-Thinking 0.95 0.87 0.82 0.99 0.91 0.76 0.88
Gemini-2.5-Flash 0.95 0.73 0.74 094 0.77 0.61 0.79
Gemini-2.5-Pro 0.98 0.92 093 0.99 0.92 0.85 0.93
GPT-5-mini-medium  0.99 0.85 0.90 0.99 0.92 0.82 0.91
GPT-5-mini-high 0.99 0.87 0.90 0.99 0.92 0.81 0.91
GPT-5-high 0.99 0.95 094 0.99 0.95 0.92 0.96
04-mini-medium 0.98 0.88 0.81  0.99 0.88 0.72 0.88
04-mini-high 0.97 0.87 0.86  0.99 0.88 0.74 0.89

Table 2: Multiple-choice question answering accuracy on ICLR 2024 and ICLR 2025 datasets, evaluated across

three difficulty levels. Cell colors indicate performance from

GPT-4o (training cutoff: June 2024). We record the
proportion of questions where the correct author
name is successfully predicted by each model.

Figure 4 illustrates the results across publica-
tion years. All models demonstrate a high success
rate in predicting citations from papers in earlier
years, with markedly reduced accuracy for papers
published in 2025. This temporal trend strongly
suggests that earlier papers are more likely to have
been part of the models’ training corpora. These
findings highlight the persistent risk of data con-
tamination in static benchmarks and reinforce the
importance of using a live, dynamically updated
benchmark to ensure fair and forward-looking eval-
uation.

5 Experiments

We benchmark a set of open-source and proprietary
models with long-context capabilities (> 128k to-
kens) on SCALAR.

Open-source models (1) Llama-3.1-8B-Instruct,
Llama-3.1-70B-Instruct, and Llama-3.3-70B-
Instruct are variants from Meta’s Llama
series (Touvron et al., 2023; Dubey et al,
2024), each supporting 128K-token contexts. (2)

Owen2.5-7B-1M (Yang et al., 2025) is a model

to high (green).

from Alibaba with long context support. (3)
Phi-3-Mini-128K-Instruct and Phi-3-Medium-
128K-Instruct (Abdin et al., 2024) are lightweight
models from Microsoft designed for efficiency,
both supporting 128K tokens.

Proprietary models (4) Claude-3.5-Haiku
(Claude, 2023) is Anthropic’s high-speed long-
context model with a 200K-token context window.
(5) GPT-40-Mini and GPT-40 (Achiam et al., 2023)
are proprietary models from OpenAl, each with
128K-token context limits. GPT-4o0 represents
OpenAlI’s most advanced model to date.

Recently, a new class of reasoning-focused mod-
els has emerged, such as DeepSeek-R1 (Guo et al.,
2025) and others (Yu et al., 2025; Face, 2025),
which emphasize reasoning capabilities through
reinforcement learning. These models are designed
specifically to enhance logical inference, multi-hop
question answering, and mathematical reasoning.
Although some of them were released within three
months of our benchmark creation, we also include
their performance for reference.

5.1 Main Results

Multiple-choice QA  Table 2 presents model per-
formance across difficulty levels. Generally, all
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ICLR 2024 ICLR 2025

Model Average
Easy Medium Hard Easy Medium Hard
Llama-3.1-8B 0.24 0.24 025 0.24 0.20 0.20 0.23
Llama-3.1-70B 0.28 0.19 021 023 0.23 0.19 0.22
Llama-3.3-70B 0.27 0.18 022 0.22 0.22 0.18 0.22
Qwen2.5-7B-1M 0.30 0.21 024 0.25 0.28 0.24 0.25
Phi-3-Mini 0.20 0.19 0.16 0.18 0.16 0.21 0.18
Phi-3-Medium 0.14 0.11 0.12  0.12 0.12 0.13 0.12
Claude-3.5-Haiku 0.37 0.26 026 0.31 0.30 0.31 0.30
GPT-40-Mini 0.35 0.22 028 0.35 0.28 0.28 0.29
GPT-40 0.45 0.30 0.35 042 0.36 0.32 0.37
QwQ-32B 0.40 0.29 0.34 0.34 0.29 0.34 0.33
DeepSeek-R1-0528 0.35 0.21 025 0.28 0.25 0.22 0.26
Gemini-2.5-Flash 0.42 0.37 0.38 0.35 0.44 0.40 0.39
Gemini-2.5-Pro 0.44 0.43 0.39 0.35 0.49 0.48 0.43
GPT-5-mini-medium  0.43 0.34 032 034 0.40 0.35 0.36
GPT-5-mini-high 0.43 0.35 032 0.35 0.41 0.37 0.37
GPT-5-high 0.44 0.34 0.38 0.35 0.43 0.42 0.39
04-mini-medium 0.43 0.35 026 0.34 0.45 0.36 0.37
04-mini-high 0.42 0.36 0.31 0.34 0.40 0.36 0.37

Table 3: Cloze-style citation prediction scores for non-reasoning and reasoning LLMs across two venues (ICLR
2024 and 2025). Cell colors indicate performance from to high (green).

LLMs’ performance downgrades when difficulty Annotator Easy Medium Hard

increases. Reasoning LLMs and non-reasoning

LLMs show a large gap in performance, indicating Human 1 1.00 0.90 0.90
Human2 1.00 0.80 0.80

that our benchmark requires reasoning capability

finish. .
to finis Table 4: Performance of human experts on the multiple-

choice QA task. A total of 30 questions were evaluated,
evenly drawn across three difficulty levels. Human ex-
perts achieved perfect or near-perfect accuracy.

For non-reasoning LLMs, on the easy level,
SCALAR can already differentiate their long con-
text capability, where the best model GPT-40
achieves 95% accuracy, while most models get
a score lower than 60%, compared to the random
baseline of 25%. For the hard level set, half of the
models achieve random performance, and even cur-
rent SOTA models obtain less than half the correct
results, demonstrating how challenging our dataset
is. The below-random performance of the Phi mod-
els is largely attributed to their failure to adhere to

MCQ benchmark.

Cloze-style QA As depicted in Table 3, the cloze-
style test setting presents a greater difficulty to
language models compared to multiple-choice for-
mulations, primarily because they require the pre-
diction of four citations at once. This increased

the expected output format, which leads to unsuc-
cessful answer extraction. The hard level proves
particularly challenging. Even state-of-the-art mod-
els like GPT-40 achieve only 50% accuracy, while
most other models perform near random chance.

For reasoning LLMs, most of them achieved bet-
ter performance than non-reasoning models. And
the performance drop as the difficulty level in-
creases is not as high as non-reasoning LLMs.
The best model, GPT-5 with high reasoning effort
achieved over 90% accuracy on all subsets of our

challenge is evident in performance shifts: the ac-
curacy of most open-source models degrades by ap-
proximately 10% relative to their multiple-choice
QA performance, while proprietary models can see
their scores reduced by as much as half. Overall,
even the best-performing model achieves an aver-
age accuracy of less than 40%.

Human Performance on MCQA To better un-
derstand the task difficulty from a human perspec-
tive, we evaluated expert performance on the ICLR
2025 portion of our benchmark. Specifically, two
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Question Candidate Easy Hard
GPT Qwen GPT Qwen
Section Concise 0.86 0.88 0.58 048
Full Concise 0.86 0.72 0.52 040
Section Full 0.80 040 0.64 022
Full Full 0.80 042 050 024

Table 5: Impact of context length on model perfor-
mance. Results compare GPT-40-mini and Qwen2.5-
7B-Instruct-1M across different configurations. Easy
level uses attributional citations with random candidates,
while Hard level uses descriptive citations with nearest-
neighbor candidates.

Cite Type Sampling Candidate GPT Qwen
Attributional Random Full 0.82 042
Attributional Nearest Full 0.82 0.38
Descriptive ~ Random Full 0.56 0.34
Descriptive ~ Nearest Full 052 022
Descriptive ~ Nearest Body 044 028

Table 6: Impact of semantic reasoning difficulty on
model performance. Results of GPT-40-mini and
Qwen2.5-7B-Instruct-1M.

PhD candidates in computer science were asked to
complete a multiple-choice QA task consisting of
30 questions evenly sampled across the three pre-
defined difficulty levels. As shown in Table 4, both
annotators achieved perfect accuracy on the easy
subset and high accuracy on the medium and hard
subsets. These results demonstrate that while the
task challenges current LLMs, it remains straight-
forward for human experts familiar with scientific
content.

5.2 Error Analysis

We manually examined 72 incorrect predictions
across models and difficulty levels. The analysis
reveals several consistent failure patterns: (1) Over-
reliance on semantic similarity. In over 70% of
the incorrect cases, models selected papers sharing
the same research field or similar methods, even
when they were irrelevant to the actual citation. (2)
Failure in citation-level reasoning: some cases mis-
interpret content near the citation location—over
half of the incorrect predictions had irrelevant or
weakly related citation context. (3) There are some
model-specific trends. For example, LLaMA series
frequently confused weakly related papers, even
when the correct answer had distinct content. Also
showed occasional format-following issues. GPT-

40, Claude, and Qwen are relatively more robust,
but still failed when distractors shared close topi-
cal similarity or when keywords near the citation
misled the model.

These findings suggest that while models can
capture global topical alignment, they often strug-
gle with fine-grained, context-sensitive citation un-
derstanding—underscoring the value of SCALAR
in evaluating deep reasoning over long contexts.

5.3 Difficulty Analysis

Following our discussion of difficulty control in
Section 3.5, where we established three difficulty
levels, we now conduct a detailed analysis of how
different configuration combinations affect task dif-
ficulty. We categorize these configurations into two
primary dimensions: context length and seman-
tic complexity. For each configuration setting in
our analysis, we evaluate model performance on a
sample of 50 questions.

Context Length We analyze the impact of con-
text length by varying both question and candidate
paper representations, as shown in Table 5. For
questions, we compare using either the full paper
or just the section containing the masked citation.
For candidates, we compare using either the full
paper or just the abstract. This creates four distinct
length configurations while controlling for seman-
tic difficulty.

The results show that both models generally per-
form better with more concise contexts. GPT-4o-
mini maintains relatively stable performance across
configurations, while Qwen2.5-7B shows signifi-
cant degradation when given full candidate papers
(dropping from 88% to 40-42% in the easy setting).
This pattern persists in the hard setting, though
with overall lower performance, suggesting that
focused, relevant context may be more beneficial
than comprehensive but potentially noisy full-paper
information.

Semantic Complexity Table 6 demonstrates how
different semantic factors affect model perfor-
mance on citation prediction. We analyze three
key dimensions: citation type (attributional vs. de-
scriptive), candidate sampling method (random vs.
nearest), and candidate representation (full paper
vs. body only).

The results show a clear hierarchy of difficulty.
Both models perform best with attributional cita-
tions, likely due to their more straightforward na-
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ture. Performance drops significantly with descrip-
tive citations, particularly when combined with
nearest-neighbor sampling. While GPT-40-mini
maintains above-random performance across all
configurations, Qwen’s performance on the most
challenging setting (descriptive, nearest sampling,
full paper) drops to 22%, below random chance
(25%). Interestingly, when using body-only can-
didates, Qwen’s performance improves slightly to
28%, suggesting that the previous drop might be
due to context length limitations rather than seman-
tic difficulty alone. These patterns validate our
benchmark’s difficulty levels while highlighting
the importance of considering both semantic and
context length effects.

6 Conclusion

In this work, we introduced SCALAR, a novel
benchmark designed to evaluate LLMs long-
context understanding while mitigating data con-
tamination. By leveraging citations from schol-
arly papers, we generate high-quality ground truth
labels while controlling task difficulty. Our ex-
periments with state-of-the-art LLMs reveal that
while models can effectively handle simple citation
matching, they struggle with deeper comprehen-
sion of complex, context-rich references. SCALAR
offers a sustainable and evolving benchmark to
track advancements in long-context processing,
providing insights for future model development.

Limitation

SCALAR currently focuses on citation-based QA
and cloze-style matching tasks, which capture a
narrow but meaningful dimension of long-context
understanding, identifying and reasoning over ci-
tation evidence in scholarly texts. It does not eval-
uate broader academic reasoning skills such as
summarization, synthesis, or argument tracking.
SCALAR currently focuses on MCQA and cloze-
style citation-matching tasks, which may not fully
assess broader comprehension and reasoning abili-
ties. Additionally, its scope is limited to computer
science, restricting its applicability to other aca-
demic domains. To address these limitations, we
plan to introduce diverse evaluation formats, while
also expanding SCALAR to fields like biomedi-
cal and legal research for a more comprehensive
assessment of long-context understanding.
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A Difficulty Control in SCALAR

| |

[ Multiple-Choice QA ] [ Close Test ]
{ Difficulty Level }
Easy Medium Hard
Attribution Descriptive Descriptive
Random Sample Citations Random Sample Citations Nearest Sample Citations
[ Q: Full Paper } { A: Full } [ Q: Full Paper J [ A: Full } [Q: Single Section } { A: Body }
{ Difficulty Configuration Dimensions J
Distractor Sampling Citation Type
Random Sample: Sampling Nearest Sample: Sampling Attributional Citations: These Descriptive Citations: These
from the question paper's from the nearest 4 citations to explicitly mention a specific integrate references into
reference list randomly. the masked citation. model, method, or data name. descriptions w/ explicit naming.
Question Paper Candidate Representation
Single Section: Providing only . . ) Amymp 5 Body: Paper content with
the section containing the [P Aoy el g e FUIE el CmEEEE 1iils title, abstract, introduction,
complete paper as context. paper content. and abstract only.

masked citation. and conclusion removed

Figure 5: Overview of our configurable framework for difficulty control. The benchmark supports two tasks
(Multiple-Choice QA and Cloze Test) and categorizes difficulty into three levels by varying distractor sampling
strategies, citation types, question paper context, and candidate representations. These dimensions allow for
fine-grained semantic and contextual adjustments, as illustrated in the diagram.

B Model Context Length and Price

We list the context length and price of the models in this paper as in Table 7.

C Prompt use in SCALAR

The prompt template used for the multiple choice QA and cloze test are in Figure 6 and Figure 7,
respectively.
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Model Context Price

Llama-3.1-8B 128K $0.05*
Llama-3.1-70B 128K $0.65*
Llama-3.3-70B 128K $0.65*
Qwen2.5-7B-1M IM $0.05*
QwQ-32B 128K $0.1%
Qwen3-8B 128K $0.035*
Phi-3-Mini-128K-Instruct 128K $0.03*
Phi-3-Medium-128K-Instruct 128K $0.10*
Claude-3.5-Haiku 200K  $0.80
GPT-40-Mini 128K $0.15
GPT-40 128K $2.50

Table 7: Model context length and price per 1M tokens. * denotes price estimated via third-party inference service.

You are given a paper with a placeholder “**[MASKED_CITATION]**” in its content. Your task is to select the most
appropriate reference from the provided reference list to replace the mask.

- The paper content is enclosed within <Paper> and </Paper>.

- The reference list is enclosed within <References> and </References>,

with each reference wrapped in <Candidate> and </Candidate>.

- After selecting the best-suited reference, output the index of that reference in the following format:
<answer>index</answer>.

<Paper>

... BERT (*[MASKED_CITATION]**) or ...

</Paper>

<References>

<Candidate>Candidate [0]:

... candidate content ...

</Candidate>

<Candidate>Candidate [1]:

... candidate content ...

</Candidate>

<Candidate>Candidate [2]:

... candidate content ...

</Candidate>

<Candidate>Candidate [3]:

... candidate content ...

</Candidate>

</References>

Remember to output the index of the selected reference enclosed within <answer> and </answer>.

Figure 6: The prompt template used for the multiple choice QA.
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You are given a paper with four placeholders **[MASKED_CITATION_O]**, **[MASKED_CITATION_1]**,
**[MASKED_CITATION_2]**, and **[MASKED_CITATION_3]**, each hiding a citation, plus exactly four reference
candidates.

- The paper content is enclosed within <Paper> and </Paper>.

- The reference list is enclosed within <References> and </References>, with each reference wrapped in <Candidate> and
</Candidate>.

- Return **one** <answer> tag with four separated integers giving the candidate index (0-3) for placeholders in
the order of **[MASKED_CITATION_O0]**, **[MASKED_CITATION_1]**, **[MASKED_CITATION_2]**, and
**MASKED_CITATION_3]**. For example: <answer>

2

1

3

0

</answer>.

<Paper>

... BERT (*[MASKED_CITATION_0]**) or ...

</Paper>

<References>

<Candidate>Candidate [0]:

... candidate content ...

</Candidate>

<Candidate>Candidate [1]:

... candidate content ...

</Candidate>

<Candidate>Candidate [2]:

... candidate content ...

</Candidate>

<Candidate>Candidate [3]:

... candidate content ...

</Candidate>

</References>

Remember: output four integers wrapped inside a single <answer> tag.

Figure 7: The prompt template used for Cloze-style test.
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