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Abstract

Each year, tens of millions of essays are writ-
ten and graded in college-level English courses.
Students are asked to analyze literary and cul-
tural texts through a process known as close
reading, in which they gather textual details to
formulate evidence-based arguments. Despite
being viewed as a basis for critical thinking and
widely adopted as a required element of univer-
sity coursework, close reading has never been
evaluated on large language models (LLMs),
and multi-discipline benchmarks like MMLU
do not include literature as a subject. To fill
this gap, we present KRISTEVA, the first close
reading benchmark' for evaluating interpretive
reasoning, consisting of 1331 multiple-choice
questions adapted from classroom data. With
KRISTEVA, we propose three progressively
more difficult sets of tasks to approximate dif-
ferent elements of the close reading process,
which we use to test how well LLMs may
seem to understand and reason about literary
works: 1) extracting stylistic features, 2) re-
trieving relevant contextual information from
parametric knowledge, and 3) multi-hop reason-
ing between style and external contexts. Our
baseline results find that, while state-of-the-art
LLMs possess some college-level close reading
competency (accuracy 49.7% - 69.7%), their
performances still trail those of experienced
human evaluators on 10 out of our 11 tasks.

“It is not surprising that the detailed analysis of
metaphors. .. sometimes feels like extracting
cube-roots in the head.”

—ILA. Richards, (1936)

1 Background

Close reading is “the detailed analysis of the com-
plex interrelations and ambiguities (multiple mean-
ings) of the verbal and figurative components

'Our benchmark is publicly available on hugging-

face (https://huggingface.co/datasets/McGill-NLP/
KRISTEVA).

Humanity’s Last Exam:
Q: Which is the first book in the Bible to be mentioned by
name in a Shakespeare play, and which play is it mentioned in?

MMMU: .
Q: Which book was written ‘
by John Steinbeck?

| can answer these

questions by looking up
information on Wikipedia

KRISTEVA:

Passage: “Oh, Creon! Creon! This is not the first time that my reputation
has hurt me enormously... Have no fear, though, Creon! I'm not capable of
hurting kings! In any case, how did you ever hurt me?...”

Q: What rhetorical device most accurately describes the stylistic
feature present in "In any case, how did you ever hurt me”?

Q: What are the specific elements of the device?

Q: What is the purpose of this device?
| can only answer

Q: What are its effects on the reader? .
these questions by

These questions require .
close reading! ‘

Figure 1: Examples of KRISTEVA questions that re-
quire interpretive reasoning to answer, compared to the
purely informational literature questions from existing
benchmarks.

engaging closely with
the passage.

within a [literary] work™ (Abrams, 2009, 217). As
a uniquely text-centric form of interpretive reason-
ing, close reading methodologies posit that aes-
thetic choices about literary and cultural texts are
not trivially subjective or arbitrary preferences. In-
stead, such methodologies pay meticulous attention
to how the workings of language, form, and style
generate meaning, rigorously observing, analyzing,
and leveraging formal and stylistic features they
present as textual evidence for falsifiable claims
about literary or cultural texts.

As a skill, close reading has long been consid-
ered essential for cultivating critical thinking com-
petencies that underpin active and informed partici-
pation in the civil discourse of participatory democ-
racies (Dewey, 1910). Recent studies argue that
interpretive skills developed through close reading
can be transferred to raising awareness of social jus-
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tice (Hooks, 1994), recognizing disinformation and
misinformation (Carillo, 2018; McGrew, 2020), de-
veloping digital and media literacy (Hayles, 2010;
Hobbs, 2010), and fostering empathy (Charon,
2006). Reflecting its importance, close reading
has been adopted both as a common requirement in
college-level coursework (Bialostosky, 2006) and
as a pedagogical benchmark for secondary educa-
tion (CommonCore, 2012). This policy trajectory
aligns with predominant viewpoints within the hu-
manities. Literary and cultural studies scholars ar-
gue that close reading enables individuals to better
recognize and articulate patterns of political, social,
and economic meaning (Levine, 2015), thereby po-
tentially converging on common understandings
and reducing polarization. Evaluating LL.Ms for
close reading not only measures their ability to
interpret literature, but could also clarify what it
means for such models to have the foundational
skills in critical reasoning about complex social
issues.

However, no existing benchmark directly as-
sesses LLMs on their ability to perform close read-
ing. This omission is reflective of a broader gap
in reasoning benchmarks—specifically, a lack of
benchmark tasks where there may be no definitive
“right” answer but certain responses can be deemed
clearly wrong or unreasonable. Notably, very few
benchmarks evaluate LLMs for aesthetic judgment
(Hullman et al., 2023), a form of reasoning that re-
quires negotiating a balance between components
that are subjective (with no strictly correct answers)
and objective (with demonstrably wrong answers).
Some pioneering work in this area has explored
the ability of LLMs to display an understanding of
humor (Hessel et al., 2023) or music (Yuan et al.,
2024). We applaud these efforts, and we aim to
further expand the scope of LLM reasoning eval-
uation to include what we see as close reading’s
higher-order, synthetic reasoning and understand-
ing: a task domain in which interpretations are not
categorically correct or incorrect but can be judged
on their plausibility for supporting arguments that
a careful reader would find persuasive (Sinykin and
Winant, 2025). Close reading thus exemplifies an
omnipresent yet under-studied class of reasoning
challenges that hold relativist instead of positivistic
ground truth.

To this end, we present KRISTEVA (Close
Reading and Interpretive Reasoning with Textual
Evidence), the first benchmark that evaluates LLMs
for 1) close reading as a form of reasoning pre-

viously overlooked by the NLP community, 2)
college-level knowledge in the literary domain, and
3) figurative language understanding as multi-hop
reading comprehension (Figure 1). KRISTEVA
consists of 1,331 multiple-choice questions ex-
tracted from college-level exam data, along with
a novel task structure adapted from UT Austin’s
Critical Reader’s Interpretive Toolkit (CRIT),? a
heuristic framework widely used to teach close
reading at the college level. Our tasks are designed
to evaluate how effectively LLMs can perform a se-
quence of intermediary analytical steps commonly
presented in college literature classrooms as an es-
sential pedagogical scaffold that guides students
towards producing evidence-based literary interpre-
tations. We find that, while competitive, numerous
state-of-the-art LLMs still fall behind the top-line
human performance of experienced close readers
on these tasks.

For NLP, a particular strength of close reading
as a data source is that it organically combines
into a unified set of tasks two longstanding but iso-
lated challenges of natural language understanding
(NLU): figurative language understanding (FLU)
(Chakrabarty et al., 2022b) and multi-hop reading
comprehension (Welbl et al., 2018). Our study is
also an initial exploration of how the vast quantities
of high-quality text data produced in the routine
educational activities of humanities departments
might be analyzed by and leveraged for NLP.

2 Task Description

The KRISTEVA benchmark is adapted from CRIT,
a heuristic framework developed by UT Austin’s
English department for teaching close reading in
literature courses required by UT’s undergraduate
program. CRIT breaks close reading down into a
step-by-step process: paraphrase, observe, contex-
tualize, analyze, argue, and reflect. Each of its six
sequential steps is guided by a set of exploratory
questions that significantly reduces the cognitive
load required for producing robust, evidence-based
textual arguments. Pedagogically, humanities pro-
fessors who use the CRIT tool have seen a clear
positive effect on students’ ability to perform more
focused, detailed, and sustained textual analysis
(Bares et al., 2020).

To create KRISTEVA, we operationalize three
of CRIT’s six steps into 11 distinct and sequential

2https://liberalarts.utexas.edu/english/
the-critical-reader-s-toolkit.html
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Figure 2: Question types in KRISTEVA correspond to distinct stages in the close reading process, involving both
extractive tasks (e.g., stylistic feature extraction) and reasoning tasks (e.g., reasoning about the relation between

features and relevant external context).

tasks designed for the evaluation of LLMs, each
targeting a discrete cognitive procedure (Table 1).
Seven out of the 11 tasks target novel forms of inter-
pretive reasoning, in ascending order of complexity,
that are essential building blocks for making a suc-
cessful evidence-based interpretive argument (Fig-
ure 2). Detailed descriptions of each task, and of
the CRIT steps to which they correspond, are pre-
sented in Appendix B. On a general level, they fall
into three progressively more challenging clusters,
as described in the following subsections.

Q1-Q6: Stylistic Features Drawing on foun-
dational theories of close reading, we define stylis-
tic features as qualitative measures of a literary
text’s deviation from general domain language use.
Writers often use expressions that have multiple,
non-literal meanings and contradict standard, log-
ical relationships; these departures can be justi-
fied on aesthetic grounds when they achieve par-
ticular effects rarely associated with functional
language (Richards, 1929). Consider, for in-
stance, the difference between reading a techni-
cal manual and a poem: both require expertise
on the part of the reader, but only one creates
the expectation that multiple reasonable interpre-
tations—potentially conflicting, or referring to en-
tirely different phenomena—are possible. Stylistic
features are knowledge-based representations of
such patterns, like figurative language, sonic pat-
terns, poetic form, diction, syntax, and narrative
devices, that distinguish literary from non-literary
texts.

KRISTEVA focuses on these features because of
their importance to close reading, which has been
described as a heightened sensitivity to nuanced
textual elements and patterns (Guillory, 2025).
Three tasks explicitly target the extraction and map-
ping of such features: detection (Q1), localization
(Q2), and elaboration (Q3), along with a fourth task
that reasons about the possible purpose of includ-
ing these features in the passage (Q4). Close read-
ing also entails the judgment of a work’s literary
merit—that is, determining whether it successfully
leverages its stylistic features to conjure up a com-
pelling enough effect that justifies the cognitive
resources required to process these deviations from
conventional language use. To evaluate this aspect
of interpretive reasoning, two additional questions
address a feature’s relative significance within its
passage compared to other previously identified
features (Q5), and the specific effect it achieves for
the reader (Q6). Overall, these tasks follow Sravan-
thi et al. (2024)’s framing of FLU as pragmatics
capabilities, expanding the scope of the existing
evaluations (Section 7) to the interpretation of fig-
urative language’s affordances (Q4), significance
(Q5), and effectiveness (Q6) as a form of commu-
nication.

Q7-Q9: Contextual Information We de-
fine context as the broader external circumstances
within which a literary work is positioned, circum-
stances that might not be immanent within the text
itself but are highly pertinent to its meaning. Plausi-
ble contexts include (but are not limited to) cultural,
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Figure 3: The dataset construction pipeline. Instructors
manually filtered students’ essays. We used GPT-40
to extract literary features from essays with the best
answers. Finally, we used ol to generate distractors
(incorrect choices) for each multiple-choice question.

historical, literary,? and biographical factors that
could help enrich the reader’s understanding of
the text. KRISTEVA evaluates models for both
retrieving relevant contextual frames from para-
metric knowledge (Q7), and inferring their relative
significance to the passage (Q8-Q9).

Q10-Q11: Multi-hop Reasoning Between Fea-
tures and Contexts Multi-hop reasoning re-
quires chaining together multiple pieces of informa-
tion, often across multiple documents or from ex-
ternal knowledge sources, to perform inference that
cannot be derived from any single piece alone. In
the case of close reading, multi-hop reasoning more
specifically involves reasoning between a passage,
features extracted from it, and contexts external to
it. Since the deployment of stylistic features often
involves managing trade-offs between language ef-
ficiency and the potential for emergent meaning,
multi-hop reasoning is crucial for interpreting how
the interplay between form and content can reveal
novel semantic meaning not immediately available
in the text itself. Such reasoning also drives aes-
thetic judgments in the literary domain, insofar as
such judgments parse a text’s context-grounded
features in order to ascertain whether the outcome
of such trade-offs renders a given text worthwhile.
Although some earlier tasks could also be thought
to involve multi-hop reasoning, Q10-11 directly
require the combination of multiple pieces of con-
texts through matching features identified in previ-
ous questions to corresponding contexts (Q10), and
inferring the most plausible connection between a
given feature-context pair (Q11).

3Here “literary” factors include contextual information
about literature as a field of social practice, such as what
influences, generic conventions, or political constraints may
have been relevant to the composition of the text.

3 Dataset Construction

3.1 Data Collection
3.1.1 Data Source

In educational settings, a minimal but sufficient
implementation of CRIT’s heuristic steps typically
takes the form of a short analytical essay. As a
pedagogical tool, each CRIT essay is designed as a
self-contained unit of close reading, some assigned
for practice and some for graded evaluation.

We collect 49 de-identified essays and grades
from three exams in a university-level literature
course that adapts the CRIT framework to help
structure its close reading pedagogy. The course
(“Introduction to Classical Literature: Forms, Cul-
tures, Histories) gives mostly first-year college
students an introduction to world literature cover-
ing multiple historical periods, cultures, and genres.
As an introductory course, it provides students with
a foundational template for how to interpret liter-
ature. This template is partly based on the CRIT
framework, although many of its elements are stan-
dard in the teaching of literary criticism. A major
component of the course examinations is a single
analytical essay focused on close-reading of a short
literary passage drawn from a work students have
previously studied.

3.1.2 Data Processing

The ground truth on data quality is directly estab-
lished from the final grade the course instructor
assigned to each essay. We leverage this grade to
filter the collected essays and exclude low-score
entries under 80%. In addition, the course gives stu-
dents the opportunity to revise and resubmit their
first two exam essays for regrading, which in most
cases result in significant improvements in data
quality; when available, we replace the original
exam essays with their revised versions.

As discussed in Section 1, close reading differs
from general domain reasoning tasks in that there
are no objectively correct interpretations of liter-
ary works, but rather comparatively more or less
reasonable ones. Critics evaluate interpretations on
multiple bases often located in very different do-
mains (e.g., how well grounded the interpretation
is in a work’s cultural context, or how it is received
among some audience or other). This setting poses
an epistemic challenge for validating the ground
truth, since multiple answers could be correct at the
same time. To address this potential issue, we ask
the instructor to perform a second manual check to
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CRIT Step KRISTEVA Tasks In NLP Terms Reasoning Distractors
Q1 Feature Type v
Q2 Feature Location v
Observe: Identify stylistic Q3 Feature Elements Figurative Language v/
features from the passage and Understandin
analyze their purpose and effect. Q4 Feature Purpose £ 4 4
Q5 Feature Significance Ranking v
Q6 Feature Significance Inference v v
Contextualize: Provide relevant Q7 Relevant Context Retrieval Information Retrieval v
pieces of cultural, historical, or Q8 Context Significance Ranking Multi-hop R . 4
lit textual fi ) ulti-hop Reasoning
Hetaty confextual fames Q9 Context Significance Inference v v
Analyze: Connect .features with Q10 Feature-Context Matching . . 4
contexts and explain how they Multi-hop Reasoning
inform each other. Q11 Feature-Context Reasoning v v

Table 1: KRISTEVA task structure, adapted from UT Austin’s CRIT framework

ensure that for each correct answer it would also be
possible to generate three distinct distractors that
were less reasonable answers to the question.

3.2 Benchmark Construction

We build a pipeline that converts the unstructured
texts from close reading essays into 1,331 multiple-
choice questions ready for LLM evaluation. The
specific prompts we use for the multiple choice
question (MCQ) construction pipeline can be found
in Appendix C.1.

3.2.1 Question and Answer Extraction

Structured representations of stylistic features, ex-
ternal contexts, and the connection between the two
are first extracted from each essay, or summarized
if the essay is too long. Some combination of this
information, depending on the expected input and
output of each task, is then used to construct each
type of question and its corresponding answer. A
detailed input/output schema of each question type
is presented in Table 3.

3.2.2 Generation of Distractors

While some MCQs simply reuse answers from ear-
lier tasks as less significant options, others require
the creation of entirely new distractors. We use ol-
preview to generate three distractors for each of the
1,178 questions (7/11 question types) that require
distractors (prompts shown in Appendix C.1). Each
distractor should closely mirror the structure and
syntax of the correct answer to seem plausible and
avoid confounders, while diverging semantically to
present relatively less compelling interpretations.

Distractor generation for MCQs is a challenging
problem (Stasaski and Hearst, 2017). In order to
ensure the quality of distractors, we experiment
with the use of other LLMs to generate distractors
(such as GPT-40 and Qwen) and perform manual
inspection. Our inspection leads us to conclude that
ol-preview generates on average the most relevant
and challenging distractors for the close-reading
literary domain.

Once distractors are generated for a question,
the correct answer and distractors are merged into
a final list of answer options, which is then shuf-
fled, ensuring that there are no answer positional
biases in the dataset. This shuffled list of answer
options is presented in this arbitrary order in all the
experiments we conduct.

4 Experimental Settings

4.1 LLMs

We evaluate a range of language models—from
2B to 70B parameter models across various model
families (Qwen, OLMo, Gemma, Llama, Phi, and
Mistral), as well as GPT-40 and ol. We only use
the instruction-tuned versions of the above models
in a zero-shot setting®.

Each model is prompted to generate an answer
in JSON format. We then extracte the answer and
performed an exact match with the ground truth
to assess accuracy; notably, no outputs were un-
parseable. The prompt used is provided in Ap-

*We omit chain-of-thought style evaluations because these
have shown to mainly benefit mathematics and logic-related
tasks (Sprague et al., 2024).
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Non-reasoning Reasoning Overall
Q1 Q2 Q3 Q7 avg| Q4 Q5 Q6 Q8 Q9 Q10 Ql11 avg
(209)  (144)  (209) (139) (166)  (53) (160) (42)  (76)  (66)  (67)
Random 252 247 256 250 252|222 377 24.1 333 282 245 23.1 285 25.5
Qwen2.5-7B 344 917 751 554 623|645 585 73.1 333 750 273 821 607 629
Qwen2.5-14B 407 958 76.6 547 652|663 585 713 28.6 77.6 348 82.1 61.7 64.8
Qwen2.5-32B 474 98.6 833 626 714|669 604 700 357 737 379 88.1 63.3 68.5
OLMo-2-7B 383 847 574 49.6 556|373 434 569 31.0 539 318 612 443 51.3
OLMo-2-13B 40.2 93.1 703 554 62.8|57.8 52.8 68.8 333 645 288 76.1 554| 60.8
OLMOoE-1B-7B 29.7 812 52.6 46.0 502|464 49.1 544 238 645 273 627 482 | 49.7
Gemma-2-2B 349 938 60.3 46.8 56.6 |44.6 415 562 190 724 348 68.7 48.1 53.9
Gemma-2-9B 416 944 722 583 647|651 585 694 310 776 379 836 620| 644
Gemma-2-27B 435 958 76.6 62.6 67.8]651 585 719 262 763 409 821 619]| 63.6
Llama-3-8B 42.1 944 718 554 64.1]602 604 637 31.0 684 409 821 599| 625
Llama-3.1-8B 43.1 95.1 722 56.8 649 |56.0 58.5 68.1 31.0 724 348 761 580| 625
Llama-3.1-70B 469 96.5 789 547 67.8 639 604 70.6 31.0 71.1 364 881 619]| 66.0
Llama-3.3-70B 459 972 794 576 684|675 604 73.1 357 684 379 89.6 632 672
Phi-4 493 979 1833 64.7 722|675 623 756 357 763 379 836 643 69.7
Mistral-7B 344 924 70.8 540 60.8|542 528 65.6 357 632 333 746 546| 59.1
GPT-40-mini 450 944 780 62.6 683|615 585 73.8 333 750 409 91.0 625 66.9
GPT-40 412 965 775 648 679|663 56.6 75.6 333 789 439 851 634| 675
ol-mini 435 958 77.0 540 660|578 604 68.1 357 776 364 79.1 604 64.1
ol-preview 40.7 972 746 67.6 67.8 639 49.1 725 357 77.6 470 910 61.5 66.8
Evaluator 1 43.5 [100.0° 52.2 [72.2° 63.7 | 63.6 [75.0° 61.1 0.0 77.8 [71.4 100.0 68.7| 654
Evaluator 2 66.7 100.0 91.7 75.0 825|714 0.0 71.4 [66.7 100.0 40.0 60.0 50.5 74.7
Evaluator 3 652 94.1 69.6 64.0 72.0(529 00 500 28.6 70.0 41.7 667 39.0 61.5
Weighted Average | 57.1 97.5 67.3 [69.3 70.8 | 60.7 28.8 585 25.1 ['789 52.8| 782 50.0| 65.6

Table 2: Performance (Acc) of LLMs on the KRISTEVA benchmark in zero-shot setting alongside a human baseline.
We use green to highlight the best model performance for each question type, and | blue to highlight where human
evaluators equal or outperform the best model. For all models, we report the direct match performance.The number
of each type of questions is included in parentheses in the header.

pendix C.

All experiments are conducted with the Lan-
guage Model Evaluation Harness (Gao et al.,
2024) to ensure that our baseline results are re-
producible.

4.2 Human Evaluation

To approximate a human baseline, we construct
a subset of three unit tests, one for each exam by
selecting MCQs from three essays per exam. We
believe the evaluation results on the subset, which
accounts for percentage of the dataset, are an unbi-
ased estimate of the human performance over the
whole benchmark.

We employ three experienced close readers (PhD
students in the humanities) to answer these ques-
tions. Each evaluator completed one or two unit
tests, with partial overlap to enable computation
of inter-annotator agreement metrics (Section 6).
Although most questions can be answered solely
on the basis of the passage, we also provide the

Shttps://github.com/EleutherAl/
1Im-evaluation-harness, version 0.4.7

evaluators with the same class materials available
to students to ensure subject-matter familiarity.

5 Results

Table 2 presents the performance of LLMs on the
KRISTEVA benchmark, alongside a competitive
human baseline. Phi-4 achieves the highest overall
accuracy of 69.7, as well as the highest scores in
both the reasoning (64.3) and non-reasoning (72.2)
categories. Meanwhile, the ol-preview model, the
largest reasoning model included in our experiment,
stands out on most questions that require multi-
hop reasoning. For most model families, larger
variants generally outperform smaller ones (e.g.,
Qwen2.5-32B vs. Qwen2.5-14B), with the excep-
tion of Gemma-2-27B.

The top-line human performance surpasses the
best-performing LLMs on 10 out of 11 tasks, gen-
erally by a wide margin. In addition, the best-
performing human overall (evaluator 2) outper-
forms the best model (Phi-4) on 8 tasks. Notably,
there is greater variability in performance among
evaluators (average pairwise standard deviation
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of 29.3) compared to LLMs (5.47). In addition,
human performance varies more across question

types, with a coefficient of variation of 0.434 versus
0.322 for LLMs.

6 Discussion

Do LLMs outperform experienced humans on
close reading? While some models, most no-
tably Phi-4, can approximate human-level perfor-
mance on overall accuracy, the more fine-grained
task-by-task breakdown shows that humans main-
tain a clear advantage in most aspects of close read-
ing. The best performing models trail behind their
human counterparts on 10 out of 11 tasks, eight
of them more than 8% in accuracy. This gap is
likely even more pronounced in other evaluation
settings, as our human baseline reported in Table 2
likely represents a conservative estimate: although
our evaluators are experienced close readers, they
still need a period of adjustment to KRISTEVA’s
MCQ format, which differs significantly from the
actual practice of close reading. Two of the three
evaluators reported considerable initial difficulty in
cognitively adapting to the format of the questions,
while another believed that time constraints limited
their performance. These factors suggest that un-
der more natural, open-ended evaluation settings
of close reading, human performance would likely
be even higher.

Do human evaluators agree with each other?
To assess the consistency of human judgments, we
computed Krippendorft’s a for evaluator pairs over-
lapping on the same unit tests. Agreement scores
range from 0.523 (unit test 3) to 0.644 (unit test
2), indicating moderate consensus. Notably, the
lower agreement score corresponds to evaluators
from different departments (English and Classics),
while evaluators from the same department (Clas-
sics) display higher agreement.

In contrast to the relative consistency observed
among LLMs, human performance exhibits more
significant variability. For some question types,
one evaluator achieved high accuracy while another
scored zero (QS5, Q8). It is important to acknowl-
edge that such differences may simply be the result
of the small sample size (i.e., only three evaluators).
We hypothesize, however, that these discrepancies
could also be influenced by domain expertise. The
English literature PhD student (evaluator 1) excels
on the more complex reasoning questions, perhaps
due to greater familiarity with the CRIT framework

or the theory of criticism underlying the approach.
Meanwhile, the two Classics PhD students, who
may have greater subject-matter familiarity with
the particular types of literary texts or their histori-
cal circumstances, perform better on the extraction-
based questions, as well as on the specific reason-
ing tasks involving external contexts. Our results
suggest that, in small-sample settings, diversity in
academic backgrounds and areas of specialization
may drive volatility in human performance—a fac-
tor that future work should consider when defining
human baselines for close reading.

What makes an LLLM good at close reading?
Although the best performing Phi-4 is a smaller
model (14B), its high-quality, textbook-based train-
ing data might have a closer affinity to the col-
lege classroom data source from which KRISTEVA
is collected. While larger models generally out-
perform their smaller variants, most tasks exhibit
a more significant gap between Phi-4 and much
larger models like Llama-3.1-70B. This difference
suggests that data quality could be a more signif-
icant factor for interpretive reasoning ability than
model scale, which further supports our call to ex-
plore the scalability of ethical data collection from
college classroom settings.

Despite outperforming on the three out of four
tasks that require multi-hop reasoning (QS8, Q10,
Q11), reasoning models like ol-preview do not
exhibit any advantage in most tasks. This result
is consistent with the findings of recent studies
that chain-of-thought mainly improves mathemat-
ics and logic-related tasks (Sprague et al., 2024),
while having a very limited impact on common-
sense, knowledge, and soft reasoning tasks that are
more relevant to the setting of KRISTEVA.

7 Related Work

College and PhD-level LLM Evaluations
Since OpenAl’s popularization of the term, “PhD-
level intelligence” has rapidly caught on in the pub-
lic discourse of Al as a tangible signpost for artifi-
cial general intelligence (AGI). Building on earlier
general LLM evaluations at the college (MMLU)
and graduate-levels of reasoning (Rein et al., 2023;
Sawada et al., 2023), subsequent efforts have intro-
duced domain-specific assessments in mathematics
(Liu et al., 2024; Tsoukalas et al., 2024), computer
science (son), biology (Laurent et al., 2024), his-
tory (Hauser et al., 2024), and psychology (Zhang
et al., 2024). However, very few of these single or
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multidisciplinary benchmarks includes literature as
a test subject®—a surprising omission given Ope-
nAI’s own results, which indicate that ChatGPT,
GPT-4, and ol all significantly underperform on
AP English tests compared to other AP exams.’
The causes of this discrepancy have not yet been
explored. We introduce KRISTEVA to begin to
address this gap.

Multi-hop Reading Comprehension (MRC)
Since CosmosQA (Huang et al., 2019), there has
been a growing interest in the evaluation of deeper
reading comprehension capabilities that require rea-
soning components to extend beyond the literal
understanding of the text (Dua et al., 2019; Sun
et al., 2019; Yu et al., 2020). Evaluating such ca-
pabilities departs from earlier MRC benchmarking
efforts that do not require reasoning (Rajpurkar
et al., 2016; Chen et al., 2016), or where the in-
volvement of reasoning might even lead to a drop
in performance (Jia and Liang, 2017). A hallmark
of multi-hop MRC is its reliance on external in-
formation, either explicitly provided across mul-
tiple documents (Welbl et al., 2018) or implicitly
elicited via common sense (Huang et al., 2019),
to fully understand the passage at hand. Incorpo-
rating reasoning-based MRC into domain-specific
continued pre-training has been shown to enhance
performance both within specialized domains and
on general benchmarks (Cheng et al., 2023).
Recent benchmarks further align MRC with
more complex reasoning tasks, such as natural lan-
guage inference (NLI) (Liu et al., 2023), deep text
understanding (Yao et al., 2023), critical reason-
ing (Kawabata and Sugawara, 2023), and extrac-
tive question answering (Basmov et al., 2024). In
keeping with this research direction, we formulate
context-dependent close reading as a uniquely chal-
lenging form of multi-hop MRC: to successfully
reason between literary form and content (Q9),
models must first correctly extract from the pas-
sage both components of the logical connection:
stylistic features and external context. To the best

8Examples include “Humanity’s Last Exam” (Phan et al.,
2025), which contains eight questions on English literature
and 15 on poetry, and MMMU. MMMU (Yue et al., 2024)
also technically has a “literature” category, but most questions
listed in that category are purely informational, concerning
book covers and illustrations rather than the literary text itself
(Figure 1). Some other benchmarks also concern literature,
but exclusively in the Chinese language (Li et al., 2024; Cao
etal., 2024).

7https://openai .com/index/
learning-to-reason-with-11lms/

of our knowledge, ours is the first MRC bench-
mark to be based on the challenging domain of
literary texts and to require reasoning on figura-
tive elements. Additionally, our dataset is sourced
from college-level long-range documents (essays),
which offer higher volumes and text quality com-
pared to the standardized testing venues of existing
benchmarks, like Chinese ESL (Sun et al., 2019)
and LSAT (Yu et al., 2020).

Figurative Language Understanding (FLU)
Initial benchmarks have evaluated FLU through
QA (Rakshit and Flanigan, 2022) and NLI (Stowe
et al., 2022). Moving beyond simpler tasks like
metaphor detection, more recent studies have ap-
proached FLU as a form of reasoning. However,
the scope of their reasoning tasks remains limited
to rationales (Chakrabarty et al., 2022b), i.e., why
something is a metaphor; explanations (Liu et al.,
2022; Comsa et al., 2022), i.e., what the metaphor
means and a breakdown of its implications; or lit-
eral rewordings (Tong et al., 2024). Few frame
FLU as a pragmatics capability (Sravanthi et al.,
2024), and none require models to interpret figura-
tive language’s broader significance (as when our
Q4 and Q6 investigate whether a given metaphor is
needed, what its representational affordances might
be, and how the passage would be different with-
out it), or judge its relative effectiveness (as when
our QS5 inquires whether one metaphor might be
considered as more successful than another).

In addition, most existing benchmarks address
FLU at the sentence-level, with far less focus on
figurative language in context (Chakrabarty et al.,
2022a). These cleanly parsed datasets do not align
with the real-world complexity of figurative lan-
guage as cognitive processes—metaphors, for in-
stance, rarely exist in isolation, but are embedded in
larger bodies of surrounding texts that often them-
selves function as part of broader networks of figu-
ral causations (Auerbach, 1953; White, 1999). Con-
sequently, KRISTEVA introduces more complex
reasoning tasks with purpose, effect, and context
that are necessary for understanding how figurative
language contributes to a passage’s overall mean-
ing or the literary work’s narrative flow. As far
as we know, KRISTEVA is the first benchmark to
explicitly formulate FLU as a multi-hop reasoning
task situated in the framework of multi-hop MRC.

Literary NLP The benchmark gap for close
reading, the gold standard of evidentiary claims in
literary studies, limits the advancement of NLP
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research in the literary domain, where the per-
formance of general-domain NLP models tend to
“drop precipitously” (Bamman et al., 2019). De-
spite the utilization of literary corpora for tasks
such as event extraction (Sims et al., 2019), infor-
mation retrieval (Thai et al., 2022), and pretraining
data detection (Chang et al., 2023), the literary
domain remains relatively overlooked within the
broader NLP community. While part of this chal-
lenge is inherent in the semantic ambiguity and
pragmatic ineffability of literature, the develop-
ment of literary NLP is more directly constrained
by the bottleneck of standardized benchmark tasks,
expert-annotated datasets, and generalizable evalu-
ation metrics.

8 Conclusion and Future Work

We present KRISTEVA, the first close reading
benchmark that evaluates the interpretive reasoning
abilities of LLMs, featuring a novel task structure
and a competitive human baseline. On comprehen-
sive experiments with 19 models, we show that
close reasoning presents several challenging tasks,
and that LLMs still lag behind human performance.

Beyond the literary domain, the interpretive rea-
soning evaluated by KRISTEVA could be appli-
cable to a range of NLP tasks. The close reading
skills that KRISTEVA quantifies can serve as a
proxy for evaluating long-range document under-
standing and help enhance the hermeneutic capa-
bilities of LLMs. Additionally, close reading hones
the reasoning ability to recognize narrative fidelity
and coherence, which often serve as pragmatics
protecting against harmful confabulation in human-
to-human interaction; likewise, close reading abil-
ities could potentially provide cultural guardrails
against LLM confabulation (Sui et al., 2024). The
ability to reason across latent stylistic and contex-
tual spaces, addressed by Q10-Q11 in particular,
also underpins the potential political affordances of
close reading, for instance in the cases of disinfor-
mation recognition and media literacy. Moreover,
KRISTEVA’s emphasis on evidence-based interpre-
tive judgment could enrich style transfer and other
human-centered creative NLP domains by facilitat-
ing more robust and justified preference judgments.
We plan to continue updating KRISTEVA to better
address these evolving research needs.

As the first benchmark of its type, KRISTEVA
follows the NLP community’s common use of
MCQ format. Our subsequent work seeks to

broaden the benchmark to open-ended evalua-
tions of LLM free-text responses when directly
prompted to perform close reading.

Limitations

8.1 Data

Our current data source and collection process has
several limitations. First, the scope of the study is
limited to the classroom data of one course. Second,
the course is at the introductory level, which limited
the quality of the close readings gathered; its exams
also do not implement the full CRIT (foregoing
the “argument” step, which would have extended
the length of the exam beyond the time available).
Third, although two out of the three primary texts
on the exams are translated from other languages,
this work is performed entirely on texts in English.

8.2 Human Evaluation

The human evaluators who produced our current
human baseline may have been disadvantaged by
KRISTEVA’s MCQ format, as discussed in Sec-
tion 6. This effect possibly reflects the fact that its
MCQs contain LLM-generated distractors, which
could bias the benchmark towards being more
LLM-solvable. Both factors may be emblematic of
the more general problem of complex and partly
subjective reasoning tasks being adapted to typical
approaches to Al evaluation (Crawford, 2021). To
address these disadvantages, in our future work we
plan to explore both human-annotated distractors
and open-ended evaluations of close readings.

8.2.1

The term “domain expertise” is used in this paper
to refer to literary critical competency at the level
of a graduate student at a major research institution.
Recent high-profile research has used a similar stan-
dard; for instance, the Ithaca tool for reconstruct-
ing damaged inscriptional texts was benchmarked
against human annotations by “graduate students
of ancient history, with 7 years of historical and
linguistic training and specializing in Greek history
and epigraphic documents” (Assael et al., 2022).
As acknowledged by the Ithaca researchers, even
experts at this level are “not yet equivalent to (the
very small number) of established specialists in
the field.” A further challenge for close reading
of literary texts is the frequent need to draw on
expertise beyond a single humanistic domain. Our
results already suggest, for instance, potential dif-
ferences in evaluation connected to disciplinary

“Expertise”
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background. In addition, annotators had insuffi-
cient time to read through the full course materials,
hence they focused their preparation primarily on
the works from which the relevant close-reading
passages were drawn. Future research, therefore,
might fruitfully explore the impact of greater oppor-
tunities for annotators to prepare, different forms
of preparation, and a larger number of annotators
from varied disciplinary backgrounds.
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A  Humanistic Mission Statement

Automating close reading is not an end goal of this
work: for many reasons, including the basic fact
that close reading is a practice whose significance
largely derives from its status as a method of per-
sonal deliberation. However, developing computa-
tional models for close reading could help clarify
and facilitate what we humans do when we engage
in this practice, describe it, and teach it. For exam-
ple, machine learning could enable new kinds of
systematic comparisons among critical and literary-
theoretical approaches.

Such comparisons could inform practitioners of
literary criticism about a range of issues relating
to their craft: about what kinds of task are prone
to error, where human creativity excels, how dis-
ciplinary conventions shape analysis, and which
skills warrant particular attention in our pedagogy.
At the same time, the field of literary studies, with
its distinctively subjective and associative forms of
reasoning, can provide resources for the develop-
ment of the next generation of language models,
and a crucial test for them. Here as elsewhere, the
craft of traditional disciplines has much to offer
computational research (Underwood, 2019).

In the course of connecting these fields, we try
to avoid attributing “understanding,” “judgment,”
or other forms of critical consciousness to LLMs.
When such attributions do happen, we consider
them to make the same kind of sense as commonly
seen attributions of human qualities to traditional
human-created works, like books, or latent author
figures composed from our experience of such
works: as when we say that Coleridge’s Lectures
on Shakespeare change our understanding of the
Bard, “himself a nature humanized, a genial under-
standing directing self-consciously a power and an
implicit wisdom deeper even than our conscious-
ness” (Coleridge, 1849).

B KRISTEVA Tasks Details

Please see Table 3 for the full input/output schema
of KRISTEVA’s task structure.
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Question Input / Output

Full Question

Q1 Feature Type Input: {location}

Output: {feature_type}

Q2 Feature Location Input: {feature_type}

Output: {location}

Q3 Feature Elements Input: {feature_type}, {location}

Output: {feature_elements}

Q4 Feature Purpose Input: {feature_type},
ture_elements}

Output: {purpose}

QS5 Feature Relative Im- Input: {features} (answers of Q1-4)

portance Output: {significant_feature}

Q6 Feature Significance Input: {significant feature}
Output: {feature_significance}

Q7 Relevant Context Input: {passage}
Retrieval

Q8 Context Relative Im- Input: {contexts} (answers of Q7)
portance Output:
text_elements}

Q9 Context
cance

Signifi- Input: {significant_context}
Output: {context_significance}

{location},

Output: {context_type}, {context_elements}

{significant_context},

What rhetorical device is present in {location}?

In the {feature_type} that occurs in {location},
what are the specific elements of the device?

{fea- In the {feature_type} that occurs in {location},
{feature_elements}. What is the purpose of this
device?

Which of the following stylistic features is the
most significant to the passage?

In the {feature_type} that occurs in {location},
{feature_elements}. Which of the following best
describes the significance of this device, and what
are its effects on the reader?

Which external context is the most relevant to the
following passage?

Which of the following contextual information is
{con- the most significant to the passage?

In the {context_type} that occurs in {location},
{context_elements}. Which of the following best
describes the significance of this device, and what
are its effects on the reader?

Q10 Feature-Context Input: {context_type}, {context_elements}, {fea- Please identify the stylistic feature that the fol-

Matching tures }

Output: {corresponding_feature}

lowing {context_type} information best helps to
contextualize: {context_elements}.

Q11 Feature-Context Input: {context_type}, {corresponding_feature}, What is the most reasonable connection between

Reasoning {selected_passage}

the {context_type} context and the use of {fea-

Output: Rationale for the {feature_context_pair} ture_type} feature in the following passage?

Table 3: KRISTEVA task structure and question formats, adapted from UT Austin’s CRIT framework.

B.1 CRIT Step: Observe

In this step of the CRIT framework that helped
formalize the close reading pedagogy this study
engages, students are asked to perform literary pat-
tern recognition (So and Long, 2016): the obser-
vation of how the passage stands out as a literary
one through its deviation from normal everyday
language use, identified as features of form and
style that help a passage accomplish its literary
aims. These stylistic features, including figurative
language, sonic patterns, poetic form, diction and
syntax, narrative devices, etc., are widely consid-
ered to be characteristic of literary texts and dis-
tinguish them as a unique domain. Operationally,
the “observe” step could be broken down into two
components: 1) listing and explicating potentially
significant stylistic features in the selected passage,
and 2) inferring the purpose they serve in the pas-
sage and evaluate their rhetorical success in terms
of what unique effect they have achieved (i.e., hy-

pothesizing how the text would read differently if
a given feature were removed).

Q1 (Feature Type), Q2 (Feature Location), Q3
(Feature Elements) Mostly following the ex-
isting framework of FLU, these three tasks collec-
tively evaluate LLMs’ ability to accurately detect,
locate, and explain figurative language and other
stylistic features embedded in a given passage of
literary text. Q1 asks models to detect the type of
features present in a given passage (e.g., metaphor,
alliteration, or symbolism). Q2 is the reversal of
Q1, where models are given a feature type and
asked to identify the part of the passage where it
occurs. Q3 builds on the answers of Q1 and Q2
to require a higher level of stylistic feature under-
standing, prompting models to describe the specific
elements of a given feature and location.

For student essays that do not provide a specific
location through direct quotes, Q1 and Q2 are col-
lapsed into one question: “Which of the following
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is the most prominent use of rhetorical device in
the passage?”

QI and Q3 are standard figurative language iden-
tification tasks that structurally align with extant
forms of evaluation in FLU. Q2, however, rep-
resents a departure by testing for open stylistic
feature extraction from unstructured text: exist-
ing work in FLU tends to represent figurative lan-
guage with “subject-relation-object” triples (Liu
et al., 2022) in clean, information-extraction style
datasets. In contrast, complex rhetorical devices in
literary texts (e.g, a Homeric simile) are often not
neatly separable from the surrounding language.
This scenario entails a more challenging form of
FLU beyond only identifying and explaining the
component of a device, requiring models to also
parse out the language around it that aids in its
construction.

Q4 (Feature Purpose), Q5 (Feature Significance
Ranking), and Q6 (Feature Significance Infer-
ence) Given a fully extracted and localized
stylistic feature (outputs of Q2-Q4), QS5 asks the
model to interpret why a particular device is used
and how it influences the text. This question con-
cerns the functional role of a given feature within
a text (e.g., is it creating suspense, emphasizing
an emotional tone, making a certain imagery more
concrete, etc.) and its rhetorical success (i.e., what
effect it could have on the reader’s interpretation or
emotional response). Q5 & Q6 builds on this analy-
sis of effect to evaluate the model’s ability to weigh
the relative importance of features. Specifically, it
asks the model to compare the influence of multiple
stylistic features (all outputs of Q1-Q4) within the
selected passage, and rank them in descending or-
der of significance by assessing their effects on the
reader (how well they direct reader engagement and
manage their attention and expectations). Together,
Q4, Q5, and Q6 push the reasoning components
of FLU to interpretations regarding figurative lan-
guage’s broader significance — what they are for,
and why certain features are especially impactful
for the text.

B.2 CRIT Step: Contextualize

This step expands the interpretive scope of close
reading by introducing elements external to the lit-
erary passage: pertinent configurations of facts and
boarder circumstances, be it literary, biographical,
cultural, or historical, that could serve as contex-
tual frames for the passage and contribute to its

overall meaning. Students are asked to draw on ei-
ther their own world knowledge or course materials
to extract a list of relevant contextual information,
such as cultural artefacts, intellectual history, au-
thorial influences, or wider societal developments,
and consider how these external factors could be
potentially significant for the passage.

Q7 (Relevant Context Retrieval) To evalu-
ate the “contextualize” step, Q7 requires models
to identify the most relevant piece of contextual
information to a literary passage, and classify its
type (literary, biographical, cultural, or historical).
It tests if the model could effectively leverage its
parametric knowledge to perform zero-shot world
knowledge retrieval, and understand the relative
significance of what it retrieved.

C Prompts

C.1 Benchmark Construction Prompts

The following prompts were used to extract struc-
tured representations from CRIT essays and gener-
ate distractors:
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You are given the response to an exam that had four questions (Question 1-4) that analyze the following passage:
[passage]

Your goal is to extract the individual answers to each of the questions.
Rules:

« If there are errors due to text extraction, such as excessive new lines, you can fix that.
* You can fix clear and unambiguous typoes.
* Your response should be a JSON object, with the following schema:

" "

"ql1_observe”: [{"id": 1, "type": "...", "location”: "elements"”:
(list of dictionaries, each with the following keys: id, type, location, elements, purpose)

n " " "
o o

, "purpose”: "..." 3}, ...]

The id corresponds to a unique number for each rhetorical device (1, 2, 3, etc.) so it can be identified in the response.

The type corresponds to a type of rhetorical device, such as: Allusion, Metaphor, Personification, etc.

The location corresponds to an exact excerpt from the selected passage that corresponds to the rhetorical device. Include only what the student
presents in direct quotations from the literary passage. If the student does not present any direct quotations, leave this key blank.

The elements corresponds to the rhetorical device’s components. In one sentence, simply outline the elements of what is being described as what
(if the device is a metaphor, the elements are the tenor and the vehicle, etc.), or the specific language that carries the device (if the device is an
alliteration, the elements are the letters that are alliterated, etc.). Some students might also offer an explanation for how the device’s components
differ from their literal meaning. If so, include the explanation as a second sentence.

The purpose is the purpose and effect of the rhetorical device, extracted from the response. For instance, the purpose of "Word choice: words such
as 'gnawing’, 'rage’ and ’crying’ create an eerie and dark tone that fits throughout the passage" is "to create an eerie and dark tone that fits
throughout the passage". Please summarize the purpose and effect in one sentence if the student’s description is too long. Some responses could be
excessively short and not contain a purpose, e.g., "epithets (’gem of Raghus’, ’best of Raghus’)", in which case, leave the purpose blank.

You must only extract rhetorical devices listed in the response and not invent ones that are not present. You should only extract elements from the
response for the elements/purpose, and not infer or create new ones.

» "
. B

"g2_context”: [{"id": 1, "type": "elements”: "..." 3}, ...]
(list of dictionaries, each with the following keys: id, type, elements)

* The id corresponds to a unique number for each context element (1, 2, 3, etc.) so it can be identified in the response.
« The type corresponds to a type of contextual element, such as: Historical, Cultural, Biographical, etc.
* The elements are a high-level description of the contextual element that is relevant to the selected passage, extracted from the response of the

student. Focus on the factual information about the context external to the literary work. Please summarize the content in one sentence if the
student’s response is too long.

" "
coo g

"q3_analyze_i": [{"id": 1, "type": "corresponding_id": 1, "significance”: "..." }, ...]
(list of dictionaries, each with the following keys: id, type, corresponding_id, significance)

* The id corresponds to a unique number for each significance (1, 2, 3, etc.) so it can be identified in the response.

« The type describes if the significance is about a rhetorical device or a contextual element. Return "feature” for rhetorical devices and "context”
for contextual elements.

¢ The corresponding_id is the id of the rhetorical device or contextual element that the significance corresponds to, drawn from the id of either
"q1_observe"” or "q2_context".

* The significance is the significance of a rhetorical device or contextual element, extracted from the response. Please summarize the significance
in one sentence if the student’s description is too long.

"q4_analyze_ii": [{"feature_context_pair": "feature_id": 1, "context_id": 1, "feature_context_conn”: "..." }, ...]
(list of dictionaries, each with the following keys: feature_context_pair, feature_id, context_id, feature_context_conn)

" "
coo p

* The feature_context_pair corresponds to the rhetorical device and the context connected together. Each pair should be listed as a string with
the following structure: "{feature_type}, {feature_location}; {context_type}, {context_elements}".

* The feature_id corresponds to the id of the pair’s rhetorical device identified in "q1_observe". If multiple rhetorical devices are described in
the response, only select the first one. If no rhetorical device is described, make it -1.

e The context_id corresponds to the id of the pair’s context identified in "q2_context"”. If multiple rhetorical devices are described in the response,
only select the first one. If no rhetorical device is described, make it -1.

¢ The feature_context_conn is a description in the response of how the rhetorical device is connected to its corresponding contextual element and
what makes this connection significant.

Overall, the JSON response you produce should therefore adhere to the following schema:
{"q1_observe”: [...], "q2_context”: [...], "g3_analyze_i": [...], "g4_analyze_ii": [...]}
Now proceed with the extraction for the following response:
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You are given a JSON array of question objects, each containing the following fields:
e "question_number” (string; one of: "Q1", "Q2", "Q4", "Q5", "Q7", "Q9", or "Q11")
e "answer"” (the correct answer or interpretation for the question)
* "selected_passage” (a snippet of the full poem, if relevant)
e "full_passage” (the entire poem or the relevant portion of it, if needed)
e "location"” (location reference in the poem, if relevant)
e "r_type"” (the rhetorical device type, if relevant)
e "elements" (the interpretation or content of the rhetorical device, if relevant)
* "purpose” (the purpose/effect of the rhetorical device, if relevant)
* "ctype" (the type of external context: historical, cultural, biographical, or literary, if relevant)
e "celements” (the factual external context details, if relevant)
* "corresponding_feature” (the rhetorical device to which the context is connected, if relevant)
e "pair” (a short string describing the rhetorical device + external context pairing, if relevant)
Your task:
1. For each question object in the input JSON, generate exactly three (3) distractors.
2. Append those three distractors plus the correct answer (in the fourth position) to a new array "choices” within that same question object.

3. Do not add any additional commentary or fields; only add "choices” to each question object, containing [distractor1, distractor2,
distractor3, correctAnswer].

The way you generate the three distractors depends on question_number:

Q1

Here is a snippet of a poem: {selected_passage}, selected for literary analysis from the full poem: {full_passage}. One interpretation of how this
selected passage stands out from the full work is: {answer3}. I want three one-sentence distractors in the context of how this passage might differ from or
connect to the rest of the poem. Number them 1, 2, 3, and do not provide other commentary.

Q2

Here is a snippet of a poem: {selected_passage}. In {location}, there is a {r_type}. I want three rhetorical devices as distractors that might also
appear in {location}. Number them 1, 2, 3, and do not provide other commentary.

Q4

Here is a snippet of a poem: {selected_passage}. In {location}, there’s a {r_type}. One interpretation is: {elements}. I want three one-sentence
distractors for this interpretation. Number them 1, 2, 3, and do not provide other commentary.

Q5

Here is a snippet of a poem: {selected_passage}. In the {r_type} that occurs in {location}, {elements}. One interpretation of this device’s
purpose/effect is: {purpose}. I want three one-sentence distractors for that interpretation. Number them 1, 2, 3, and do not provide other commentary.
Q7

Here is a snippet of a poem: {selected_passage}. We know it is relevant to this external context: “{ctype}, {celements}.” I want three distractors for
other possible contexts that might be relevant. Structure each distractor similarly as ’context_type, context_content.” Number them 1, 2, 3, and do not
provide other commentary.

Q9

Here is a snippet of a poem: {selected_passage}. It uses {corresponding_feature}, and is relevant to this {ctype} context: {celements}. One
interpretation for how the rhetorical device connects with that context is: {answer}. I want three one-sentence distractors for that interpretation. Number
them 1, 2, 3, and do not provide other commentary.

Q11

Here is the full poem: {full_passage}. It contains a connection between a rhetorical device and an external context: {pair}. One interpretive argument
for that connection is: {answer}. I want three distractors for that argument. Number them 1, 2, 3, and do not provide other commentary.

Any other question_number

Here is a snippet of a poem: {selected_passage}. We have a question, and the correct answer is {answer}. I want three one-sentence distractors
relevant to this question. Number them 1, 2, 3, and do not provide other commentary.

Final Output:

After generating these three distractors for each question, insert them plus the correct answer into a new array field "choices” (with the correct answer as
the last item) for each question object.

Finally, output the entire updated JSON array of questions, where each question has the form:

{

"question_number”: "...",

"answer”: "...",

"choices”: ["distractor1”, "distractor2”, "distractor3”, "correct answer"]
3

Now proceed with distractor generation for the following JSON array of questions:

[[QUESTIONS_JSON]]

C.2 Evaluation Prompts

The following prompt is used for the evaluation of LLMs, reported in Table 2:
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Consider the following literary passage:
[[PASSAGE]]

Question:
[[QUESTION]]

Select the correct answer from the following choices:
[[CHOICES]]

Response Format:
You must answer the question using JSON format, with the following schema:
{"answer”: "A" | "B" | "C" | "D"}

You should not include any other text in your response.

L

D Details on Data Source

D.1 Exams

Please see Figure 4.

D.2 Grading Rubrics

Please see Figure 5.

E Details on Human Evaluation

Please see Figure 6 for the interface we used to perform the human evaluation.
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Unit Test 2 “ Keep Editing This Quiz

() This is a preview of the published version of the quiz Questions

Started: Feb 16 at 12:28am

(T Question 4
(®) Question 5

Quiz Instructions @ Question 6

o

(3 Question 7
@ Question 8
Questi. @ Question 9
1 e (@ Question 10
(@) Question 11
Basics
Provide the work's author. title, genre. original language, approximate date of
creation, and place of origin. (3)
CRIT
Step 1-Paraphrase
Read the passage below carefully. In your own words, give a summary of the
factual content of the passage—whal the text directly states—as it proceeds
fram beginning to end. What situstion is being described here and by whom?
‘What happens in that situation? Respond to this prompt in no more than
three complete sentences. (2)

Time Running: = Hide Time
Amernpt due: Mov 7, 2024 st T40pm
0 Minutes, 0 Seconds

Step 2-Observe

Read the passage again, this time thinking about what it seeks to accomplish.
Then, identify and list any potentially significant features of the passage’s
language or form—that is, those texiual elements that contribute to the
passage’s overall meaning, purpase. or effect Your list of observations should
include specific examples of various kinds of textual elements, such as:
descriptive details; word choice; repetition of phrases, sounds, or ideas;
imagery or figurative language; syntactical structure; changes in vocabulary,
rivythm, or tone: characteristics of the narrative voice or perspective. Respond
to this prompt with a list of features. “Remember that your passage is a
translation, so some of the features listed above may not be reflected in
English (and, conversely, some of the features of the translation may not
belong to the original). Focus only on those features which you feel the
English translation is likely to reflect with reasonable accuracy.” (5)

Step 3-Contextualize
Think about contexts for the passage. (Contexts are facts or broader
circumstances external to a literary work that are important to its production,
reception, or understanding: for instance: literary. biographical, pelitical, or
historical information.) From your own knowledge of any relevant contextual
facts or circumstances, or from information provided by your instructor,
identify and list any potentially significant contexts for the passage—that is,
those contextual frames that contribute to the passage’s overall meaning,
purpose, or effect. Respond to this prompt with a list of contexts. (5)

Figure 4: Exam interface (using unit test 2 as an example).

32847




Rubric for grading

Rubric for Basics component of essay (/3). % pt for each item (total of 6, hence 3 marks
total).

Rubric for CRIT (/22):

Paraphrase (/2):

Accurate summary of content of passage and situation -2 marks
Partial summary or Detailed summary containing errors — 1 mark
Vague or erroneous summary -0 marks

Observe (/5):
2 marks for first correct formal feature, 1 mark for each feature thereafter up to a max of 5
(i.e., 4 features total)

Contextualize (/5):
2 marks for first correct context, 1 mark for each context thereafter uptoa maxof5(i.e., 4
contexts total)

Analyze (/5):
2 marks for first plausible claim about significance, 1 mark for each plausible claim
thereafter up to a maximum of 5 {i.e., 4 claims total)

Alternatively, 5 marks can also be achieved through substantial developed answers dealing
with one or two larger themes using multiple examples for each theme: 2 themes with a
total of 4 good examples, or (in rare cases) 1 theme with a total of 4 good examples.

Analyze Il (/5):

2 marks for first plausible claim about paired significance, 1 mark for each plausible claim
thereafter up to a maximum of 5 (i.e., 4 claims total)

Alternatively, 5 marks can also be achieved through substantial developed answers dealing

with one or two larger themes using multiple paired examples for each theme: 2 themes
with a total of 4 good examples, or (in rare cases) 1 theme with a total of 4 good examples.

Figure 5: Rubric used to grade CRIT essays.
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Progress
Exam ID: 1

Annotator:

Completed: 0
Remaining: 66

Total: 66

MCQ Annotation Interface

Passage

*Oh, Creon! Creon! This is not the first time that my reputation has hurt me enormously.
‘The wise man must never bring up his children to be too wise. Because, not only will the crowds call them
“useless” but that same crowd will also turn their back on them and treat them with envy and hostilty.

If you were to teach the uneducated something new and beautiful, not only will they not appreciate it but
they'll call you “good for nothing” And if those who think themselves to be wise, consider you even wiser
than them, then you'll hurt them most awfully. And that's where my own suffering stems from: They call
me “wise” yet, in reality | am not very “wise”

it all. Some people scorn me, others simply hate me and you
are now afraid that | might do you some enormous harm!

Have no fear, though, Creon! I'm not capable of hurting kings! In any case, how did you ever hurt me? You
simply married your daughter off to the man you liked. | hate my husband whereas what you did, you did
with your mind intact. So, on my part now, | do not at all envy your good luck. By all means, have the
wedding and may you rejoice by them. But let me stay here, in this land and, even though I've been
dishonoured, Il say no more of it because you are by far my superior."

Question

What rhetorical device most accurately describes the stylistic feature present in "wise" and "wisdom"?

Choices

Select your answer:
A. Paronomasia
8. Alliteration
C. Repetition
D. Polyptoton

Figure 6: The online interface used for collecting the performance of evaluators on a subset of KRISTEVA to create

the human baseline.
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