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Abstract

Machine Reading Comprehension (MRC) is an
essential task of evaluating natural language
understanding. Previous MRC datasets focus
on the specific skill of reading comprehension,
lacking the requirements of a comprehensive
MRC benchmark to assess Large Language
Models (LLMs) thoroughly. To fill this gap,
we first introduce a novel taxonomy to clas-
sify the needed capabilities for RC, then based
on the taxonomy, we automatically build an
MRC benchmark MRCEval, which employs
powerful LLMs as sample generators and se-
lection judges. MRCEval is a comprehensive,
challenging and accessible benchmark, which
consists of three main tasks and 13 sub-tasks
with a total of 2.2K high-quality multi-choice
questions. We perform an extensive evaluation
of 28 widely used open-source and proprietary
models, highlighting that MRC continues to
present significant challenges even in the era of
LLMs. Project is available at github. !

1 Introduction

With the advancement of Large Language Mod-
els (LLMs), such as 03-mini (OpenAl, 2025) and
DeepSeek-R1 (Guo et al., 2025), their remarkable
language understanding and generation capabilities
continue to impress Al communication. Machine
Reading Comprehension (MRC), which requires
machine reading and comprehending the given pas-
sage, then answering the questions correctly, is the
fundamental evaluation of natural language under-
standing (Hirschman et al., 1999).

To facilitate the reading comprehension (RC) ca-
pability of the machine, a great number of datasets
are proposed (Rajpurkar et al., 2016; Yang et al.,
2018; Trivedi et al., 2022; Yao et al., 2023; Parmar
et al., 2024). However, all these datasets only focus
on a specific RC skill, and there is a lack of a uni-
fied benchmark to evaluate the RC challenges of
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Figure 1: Performance on MRCEval Benchmark of
representative models.

LLMs. Current MRC taxonomies are fine-grained,
complicated, and not suitable for creating a com-
prehensive but accessible MRC benchmark. On the
other hand, there are many new issues appeared
with LLMs, such as hallucination (Ji et al., 2023)
and knowledge conflict (Xu et al., 2024). These
issues make LLMs unable to accurately understand
the given context and answer the question incor-
rectly, making RC more challenging for LLMs.
To address these issues, we first introduce a
novel taxonomy for MRC. Drawing inspiration
from the machine’s question-answering process of
text comprehension (Lehnert and Lehnert, 1978),
we summarize the needed RC skills for LLMs
into three levels: context comprehension, exter-
nal knowledge comprehension and reasoning. As
McCarthy (1990) said, machines first understand
the facts in the passage, then grasp the expression
of the general information about the world that
could allow getting the answers to the questions by
formal reasoning from the facts and the general in-
formation. These levels correspond to the accurate
comprehension of facts information, the acquisi-
tion of external knowledge, and the integration of
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facts and expertise for reasoning.

Based on the proposed taxonomy, we introduce
MRCEval, a comprehensive, challenging and ac-
cessible MRC benchmark designed to assess RC
capabilities of LLMs. MRCEval comprises three
main tasks with 13 sub-tasks, and a total of 2.2K
high-quality multi-choice questions. It is built em-
ploying GPT-40 (Hurst et al., 2024) as the gener-
ator, and three light-weight models as judges to
generate the high-quality and challenging samples.

We conduct an extensive evaluation on 28 rep-
resentative open-source and closed-source models.
Figure 1 summarizes the performance of popular
competitive models on the 13 sub-tasks in MRCE-
val. It reveals that MRC still remains challenging,
even the most competitive models like o1-mini and
Gemini-2.0-flash still perform badly on MRCEval,
despite their strong performance on standard bench-
marks. As far as we know, MRCEval is the first
comprehensive, challenging and accessible bench-
mark tailored for MRC, contributing to the advance-
ment of natural language understanding in LLMs.

2 Related Work

MRC datasets. Numerous datasets have been
proposed in the past decade. Cloze-test format
(SQuAD (Rajpurkar et al., 2016)), free-answer for-
mat (NarrativeQA (Kocisky et al., 2018)), arith-
metic (DROP (Dua et al., 2019)), commonsense
(OpenBookQA (Mihaylov et al., 2018)), world
knowledge (Natural Questions (Kwiatkowski et al.,
2019)), reasoning (HotpotQA (Yang et al., 2018)),
logical reasoning (ReClor (Yu et al., 2020)), multi-
hop reasoning (MorehopQA (Schnitzler et al.,
2024)), temporal reasoning (TORQUE (Ning et al.,
2020)), medical (MedMCQA (Pal et al., 2022)) and
science (ScienceQA (Lu et al., 2022)).

Benchmarking MRC. Researchers summarize
RC skills in different aspects. Chen (2018) first
defines the MRC task depending on the answer
type: cloze style, multiple choice, span prediction,
and free-form answer. Then Schlegel et al. (2020)
analyze modern MRC gold standards and propose
a qualitative annotation schema to evaluate popu-
lar MRC datasets. Sugawara et al. (2021) further
provide a theoretical basis for the design of MRC
datasets based on psychology as well as psychomet-
rics and summarize it in terms of the prerequisites
for benchmarking MRC. Based on these research,
Rogers et al. (2023) propose an alternative taxon-
omy for a wider range of RC skills.

Task Dataset instances

Context comprehension - 870

Facts understanding

-entity SQuAD 132
-relation DocRED 110
-event MAVEN 28
Context faithful

-counterfactual FaithEval 200
-unanswerable FaithEval 200
-inconsistent FaithEval 200
External knowledge comprehension - 600
Commonsense knowledge COSMOS 200
World knowledge KoRC 200
Domain knowledge PubMed 200
Reasoning - 784
Logical reasoning LogicBench 184
Arithmetic reasoning DROP 200
Multi-hop reasoning MoreHopQA 200
Temporal reasoning MenatQA 200
Overall 2254

Table 1: MRCEval tasks division.

3 MRCEval Benchmark

3.1 Taxonomy

Building on the three levels of machine text com-
prehension (McCarthy, 1990), we define three key
aspects of MRC: Context Comprehension, Exter-
nal Knowledge Comprehension, and Reasoning.

Context comprehension. Focuses on facts un-
derstanding and models’ context-faithful capability
(Ming et al., 2024). First, models should under-
stand the facts, which include entities, relations
and events related facts in the text. Then overcome
the hallucination from their parameters to be faith-
ful to the given context.

Externation knowledge comprehension. Fo-
cuses on external knowledge acquisition and ap-
plication (Wang et al., 2021). Models are supposed
to incorporate the external knowledge outside the
given text, which is from the real world, namely
the world general knowledge, commonsense knowl-
edge, and the specific domain knowledge to com-
prehend the passage and the question.

Reasoning. Focuses on deep context comprehen-
sion and inference, which is an essential capability
for complex problem-solving (Qiao et al., 2023).
In the MRC task, we classify reasoning into logical
reasoning, arithmetic reasoning, multi-hop reason-
ing and temporal reasoning.

3.2 Benchmark Construction

Based on the proposed taxonomy, we construct the
MRCEval benchmark.



Source datasets. For each sub-task, we collect
representative datasets, including SQuAD (Ra-
jpurkar et al., 2016), DocRED (Yao et al., 2019),
and MAVEN (Wang et al., 2020), FaithEval (Ming
et al., 2024), KoRC (Yao et al., 2023), COSMOS
(Huang et al., 2019), PubMed (Jin et al., 2019),
LogicBench (Parmar et al., 2024), DROP (Dua
et al., 2019), MoreHopQA (Schnitzler et al., 2024)
and MenatQA (Wei et al., 2023). Due to access
rights, we only use their development sets.

Multi-choice samples construction. For multi-
choice format datasets COSMOS, LogicBench, and
counterfactual part of FaithEval, we have retained
the original data. For some question-answering
datasets SQuAD, KoRC, DROP, MenatQA, and
unanswerable part of FaithEval, we set the answer
as the correct choice and prompt GPT-40 (Hurst
et al., 2024) to generate three incorrect choices.
For others, we use the automated method to con-
struct three incorrect choices. As for DocRED and
MAVEN, since they have no questions, we prompt
GPT-40 to generate a facts-related question and
choices for each passage as a sample.

LLMs as judges. To select challenging samples
for LLMs, we adopt a voting strategy employing
three light-weight LLMs as judges: LLama-3-8B-
Instruct (Dubey et al., 2024), Qwen-2.5-7B-Instruct
(Yang et al., 2024), and GPT-40-mini (Hurst et al.,
2024). For each sample, if at least one of the judges
answers incorrectly, we put the sample as the can-
didate. Then for each sub-task, we randomly select
200 candidates to build the final benchmark.

Statistic. As Table 1, MRCEval is an English
benchmark, which consists of general topics with
three main tasks: context comprehension, exter-
nal knowledge comprehension, reasoning, and 13
sub-tasks. Context comprehension includes facts
understanding (entity, relation and event facts) and
context-faithful (counterfactual, unanswerable and
inconsistent). External knowledge comprehension
includes world knowledge, commonsense knowl-
edge and domain knowledge. Reasoning includes
logical reasoning, arithmetic reasoning, multi-hop
reasoning and temporal reasoning. In sum, MRCE-
val has 2254 multi-choice samples, and each sub-
task has nearly 200 samples.

4 Evaluation

Models. We evaluate extensive popular open-
source and closed-source models. For open-source

models, we consider their instruction-tuned mod-
els, including LLama-3.1-8B-Instruct, LLama-3.3-
70B-Instruct (Dubey et al., 2024), Qwen-2.5-14B-
Instruct (Yang et al., 2024), Mistral-7B-Instruct-
v0.3, Mistral-Nemo-Instruct-2407, Mistral-8x7B-
Instruct-v0.1 (Jiang et al., 2023), Gemma-2-
9B-it, Gemma-2-27B-it (Team et al., 2024),
Phi-3-mini-4k-Instruct, Phi-3-medium-4k-Instruct,
Phi-4 (Abdin et al., 2024), Command-R-7B-
12-2024 (Cohere, 2024), DeepSeek-R1-Distll-
LLama-8B, DeepSeek-R1-Distll-Qwen-14B (Guo
et al., 2025), DeepSeek-v3 (Liu et al., 2024).
For closed-source models, we access them
through their official API, including GPT-3.5-
turbo, GPT-4-turbo, GPT-40, ol-mini, 03-mini,
Gemini-1.5-flash, Gemini-1.5-pro, Gemini-2.0-
flash, Gemini-2.0-flash-lite-preview-02-05, Claude-
3.5-haiku-20241022, Claude-3.5-sonnet-20241022,
Mistral-large and Qwen-max-2025-01-25.

Settings. All models use greedy sampling or tem-
perature of 0.0, except for DeepSeek series, which
follows their official settings with temperature of
0.60 and top-p of 0.95. For all tasks, we append
the instruction to the beginning of each sample:
You are an expert in reading comprehension. Read
the passage and select one of the most appropriate
options to answer the question. We report accuracy
as the metric from a single run result.

S Results and Analysis

5.1 Overall Performance

LLMs are good at facts extraction, while bad at
context-faithful. LLMs have great performance
at entity-facts understanding, which demonstrates
that they can comprehend simple entity facts and
are good at extracting entity answers directly from
the passage. Stronger models can recognize which
questions cannot be answered, they know to an-
swer the question based on the given text, rather
than their trained parameters. These two aspects
confirm that LLMs have a good capability for sim-
ple information extraction. As for more compli-
cated relation or event facts, models perform worse.
Even the most competitive models, like Gemini-
2.0-flash or Qwen-max, are still struggling with
them. Large commercial models are better at in-
consistent tasks but worse at counterfactual tasks,
smaller open-source models do the opposite. This
is because models with more parameters remember
more facts and can easily fit them into memory,
while smaller models are better at reasoning itself.
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Open-source Models
Mistral-7B-Instruct-v0.3 575 309 500 520 275 3.0 455 305 365 369 315 225 315 332 375 304 334
Mistral-8x7B-Instruct-v0. 1 59.0 31.8 571 450 395 85 540 280 395 461 415 315 43.0 362 405 404 388
Mistral-Nemo-Instruct-2407 68.1 336 392 395 425 55 485 320 400 440 370 310 579 359 40.1 424 393
Phi-3-mini-4k-Instruct 712 318 571 295 335 85 475 415 255 478 43.0 635 420 331 381 49.1 400
Phi-3-medium-4k-Instruct 76.5 400 464 135 450 95 545 245 315 434 620 530 455 337 368 511 406
LLama-3.1-8B-Instruct 62.1 31.8 464 470 380 335 59.0 37.0 385 424 345 370 43.0 422 448 392 418
Gemma-2-9B-it 772 327 392 320 569 160 535 355 305 516 525 500 525 412 398 516 444
Phi4 765 372 571 245 700 144 555 360 380 559 545 695 525 432 431 581 484
Command-R-7B-12-2024 79.5 354 535 430 700 37.0 350 435 385 619 460 340 68.0 527 390 522 489
Gemma-2-27B-it 825 363 357 305 615 260 530 390 365 478 500 695 635 454 428 579 49.0
DeepSeek-R1-Distll-LLama-8B 727 345 571 510 440 28.0 425 305 385 478 775 574 67.0 455 371 627 492
Qwen-2.5-14B-Instruct 84.8 336 500 245 765 95 580 355 340 587 670 700 660 44.1 425 656 512
LLama-3.3-70B-Instruct 833 373 500 21.0 635 210 735 370 50.0 587 710 785 715 432 535 702 553
DeepSeek-R1-Distll-Qwen-14B 795 354 464 360 695 250 450 350 400 538 855 775 745 48.0 400 732 546
DeepSeek-v3 90.9 372 50.0 9.0 805 284 515 385 360 663 855 84.0 745 472 420 778 564
Closed-source Models

Claude-3.5-haiku-20241022 757 363 535 250 485 80 51.0 31.0 340 478 435 300 445 365 38.6 413 387
GPT-3.5-turbo 67.4 31.8 500 125 59.0 215 50.0 340 300 473 415 460 485 372 380 458 404
Gemini-1.5-flash 84.0 345 464 289 600 9.0 530 335 470 592 620 780 69.0 41.1 445 672 S5l.1
Gemini-2.0-flash-lite-preview-02-05  84.8 345 392 305 840 235 460 205 335 581 780 585 685 502 333 659 511
Mistral-large 825 39.0 464 225 585 205 540 405 405 603 800 680 715 422 450 701 527
Gemini-1.5-pro 88.6 363 428 235 665 95 564 435 390 652 810 89.0 695 422 463 764 552
Claude-3.5-sonnet-20241022 88.6 372 428 160 755 240 579 400 475 597 8.0 750 710 460 485 721 558
GPT-40 909 382 464 120 750 355 585 475 415 582 66.0 815 715 483 492 695 559
GPT-4-turbo 894 39.1 429 150 765 355 585 495 415 592 640 815 720 49.1 498 694 563
ol-mini 826 373 500 165 750 350 535 445 470 549 845 855 690 479 483 739 57.1
03-mini 879 384 534 280 756 295 545 480 49.0 59.6 860 835 710 494 515 758 59.0
Gemini-2.0-flash 86.3 409 500 289 850 590 505 320 39.0 657 840 690 755 59.6 405 737 593
Qwen-max-2025-01-25 87.1 363 571 19.0 645 60.0 60.0 375 415 646 815 925 69.0 526 463 771 594

Table 2: Performance of open-source and closed-source models in all tasks of MRCEval. The highest results are

denoted in bold respectively.

External knowledge still remains a challenge.
Both large and small models perform almost
equally poorly in commonsense knowledge and
world knowledge comprehension, which indicates
that increasing the parameter scales has little effect
on the understanding and application of general
knowledge. However, as for domain knowledge
acquisition and application, LLama-3.3 with 70B
parameters performs better than LLama-3.1 with
8B, which demonstrates that larger models have a
stronger ability to learn new knowledge.

Large-scale models are good reasoners in MRC.
Larger models perform well in reasoning tasks
of MRC, even in complicated, more-hop reason-
ing tasks. Due to the recent research focus on
model reasoning (Wei et al., 2022), there has been a
greater emphasis on reasoning when training large
models, so LLMs are better at reasoning in reading
comprehension than the other two aspects, espe-
cially the recently released reasoning models like
ol-mini, 03-mini, and DeepSeek-R1 series.

5.2 Error Analysis

To assess which aspects are more challenging for
all the LLLMs, we collect the proportion of sam-

ples for each sub-task in which all the models pre-
dict incorrectly. We consider six models, LLama-
3.3-70B-Instruct, Qwen-2.5-14B-Instruct, Gemini-
2.0-flash, GPT-40, o1-mini and Claude-3.5-sonnet-
20241022. As Figure 2, We find that the models
in relation and counterfactual tasks have the most
common prediction errors, which indicates that
these two aspects are the common weaknesses for
all models. While in other tasks, such as entity un-
derstanding and multi-hop reasoning, models have
different agreements, meaning that these aspects
are not common weaknesses of all the models.

6 Conclusion

In this work, we propose a novel MRC taxonomy
and build a comprehensive, challenging and acces-
sible MRC benchmark based on it. In construct-
ing MRCEval, we employ LLMs as generators for
multi-choice sample construction, and judges for
challenging samples selection. Extensive studies
demonstrate that MRC is still a challenging task
for almost all LLMs, especially in relation or event
facts understanding and context-faithful. We aim
for this work to inspire further advancements in
natural language understanding of LLMs.



Limitations

MRCEval is an automated construction comprehen-
sive benchmark, it covers a great number of data
from other datasets. While we have taken various
factors into account, there are a few limitations.
First, since we’re building on existing datasets, we
do not perform refined manual de-noising, but we
did perform automated quality detection filtering
on the origin data. Secondly, the process of parsing
the answers is not completely rigorous. On the one
hand, models will output some non-standard re-
sponses to a small number of samples, on the other
hand, the business models will refuse to answer
some questions due to security, ethics and other
factors. We do our best to parse the answers from
all the responses, but inevitably a small percentage
of the sample fails to parse the answers. After anal-
ysis, we found that it only accounted for a small
part, so it would not have a great impact on the
experimental results.

Ethical Considerations

We address several potential ethical considerations
in relation to this work: (1) Intellectual property:
This work utilizes several widely adopted MRC
datasets, and we fully adhere to their respective
licensing agreements. MRCEval will be shared
under the CC BY-SA 4.0 license. (2) Intended
Use and risk mitigation: The purpose of this work
is to present MRCEval, a benchmark designed to
evaluate the capabilities of LLMs on MRC tasks.
During the sample selection process, we performed
sensitive information filtering on the samples that
were rejected by GPT-40-mini. While we cannot
completely rule out the possibility of omissions,
we trust in the sensitive information filtering capa-
bilities of GPT-40-mini. (3) Al assistance: GPT-40
was employed to assist in verifying the grammar of
the writing.
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Figure 2: The proportion of incorrect samples for each
sub-task.

Appendices
A Experiment Details

Experimental setup. During our experiment, we
use 8 NVIDIA RTX 3090 to run open-source mod-
els and We access closed-source models by calling
their official API. The cost of calling the API dur-
ing the evaluation is approximately $800 - 1000.
All these takes around one month GPU hours in
total to complete all experiments.

Model sizes. In this work, we evaluate a total
of 31 popular and latest models, including open-
source and proprietary models. A summary of
model sizes from different model families is shown
in Table 3.

B Error Study

As Figure 2, the results of proportion of samples
for each sub-task in which all the models predict
incorrectly.

Model Name Size

LLama Family(Dubey et al., 2024)

LLama-3-8B-Instruct 8B
LLama-3.1-8B-Instruct 8B
LLama-3.3-70B-Instruct 70B
Qwen Family(Yang et al., 2024)
Qwen-2.5-7B-Instruct 7B
Qwen-2.5-14B-Instruct 14B

Qwen-max-2025-01-25 unknown

Mistral Family(Jiang et al., 2023)

Mistral-7B-Instruct-v0.3 7B
Mistral-Nemo-Instruct-2407 12B
Mistral-8x7B-Instruct-v0.1 47B

Mistral-large unknown

Gemma Family(Team et al., 2024)

Gemma-2-9B-it 9B
Gemma-2-27B-it 27B
Phi Family(Abdin et al., 2024)
Phi-3-mini-4k-Instruct 3.8B
Phi-3-medium-4k-Instruct 14B
Phi-4 14B
Cohere(Cohere, 2024)
Command-R-7B-12-2024 7B
DeepSeek(Guo et al., 2025)
DeepSeek-R1-Distll-LLama-8B 8B
DeepSeek-R1-Distll-Qwen-14B 14B
DDeepSeek-v3 671B
OpenAl
GPT-3.5-turbo unknown
GPT-4-turbo unknown
GPT-40 unknown
GPT-40-mini unknown
ol-mini (low reasoning effort) unknown
03-mini (low reasoning effort) unknown
Gemini
Gemini-1.5-flash unknown
Gemini-1.5-pro unknown
Gemini-2.0-flash unknown

Gemini-2.0-flash-lite-preview-02-05  unknown

Anthropic
Claude-3.5-haiku-20241022 unknown
Claude-3.5-sonnet-20241022 unknown

Table 3: Model size across different model families.
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