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Lesson Plan

Anatomy of an (NLP) Paper

Middle
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What goes in the middle?

e Depends on “type” of paper
e Method paper
e Dataset paper
e Review/survey
e Position/perspective
e Also depends on paper length
e *ACL conferences: 4 or 8 pages
e Clear organisation is important
e Story guides this — Medawar’s fraud
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Method papers

Describe a new method, either for a specific task or more generally

2. Related Work
3. Methodology

e The novel methodology

e Abstracted from implementation
4. Experiment details, for example

e Implementation information

e Dataset information

e Evaluation metrics

e Baselines

5. Results

Examples: Jin et al. (2025) (specific task method), Dai et al. (2025) (general method)
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Dataset papers

Creates a new dataset either for an existing or a new task

2. Related Work
3. The new dataset
e Details about collection
e Often: human evaluation
e Key information: examples, statistics, etc.
e If a new task: define the task
4. Methods
e Often a simple model is also proposed, OR
e Discuss existing models to be evaluated
e Often includes implementation details

5. Results

Example: Zhao and Caragea (2025) (new task & data)
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Why do dataset papers often include a new method too?

a7



Why do dataset papers often include a new method too?

e Construct validity (methodological rigor)
— does the dataset measure what it is claiming?

e Normative rigor
— why does the dataset matter
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An alternative structure for a dataset paper

3. Dataset collection process
4. Experiment details

e Details about human & LLM participants
e Metrics

5. Experiment 1

5.1 Setup
5.2 Results

6. Experiment 2

6.1 Setup
6.2 (and 6.3) Results

From Chi et al. (2026).
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Descriptive Headings

Stylistic considerations for section headings:

Section headings help readers jump around

avoid cryptic one-word titles also for sections

use parallelism (all subsections are titled using noun phrases, participles, etc)

e Don't use dangling subsections (1, 2, 2.1, 3, 3.1, 3.2, 4)

Look at the table of content to see if your sectioning works.

Put \tableofcontent at the beginning of your paper (even if the final version won't
have a ToC).
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Epistemic rigor & related work

What background is needed to understand & justify the work?

e Spend time on this, it takes longer than you expect

Don't only look at recent works

Discuss what is relevant about prior works

Make explicit what is different about your work

Read a lot
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Related Work

x Beware: Citing only recent work

2 Related Work

Stance Detection with External Information. A
key line of related work investigates leveraging
external information, often from Wikipedia, to en-
hance stance detection. He et al. (2022) fine-tuned
BERT models which take Wikipedia excerpts, in
addition to given texts and targets, as inputs and
report significantly improved stance detection per-
formance. Subsequent works in the literature either
utilized external information in a different formu-

From Nguyen and Kim (2025).

lation of stance detection (Wen and Hauptmann,
2023) or introduced new knowledge organization
and filtering schemes for such information (Li et al.,
2023; Zhu et al., 2022). While these works have
primarily focused on fine-tuning smaller, BERT-
like models for stance detection, we extend this re-
search to LLMs, which possess emergent reasoning
abilities but require significantly more resources
for fine-tuning.

Stance Detection with LLMs. Relatedly, another
stream of works examines how LLMs can be ap-
plied to stance detection. Weinzierl and Harabagiu
(2024) and Lan et al. (2024) proposed prompting
schemes where reasoning on stance is organized as
ensembles or multi-agent discussions. Meanwhile,
Li et al. (2024) introduced a calibration network
which serves to mitigate internal biases of LLMs.
Orthogonal yet complementary to these efforts, our
work provides a foundational analysis of how exter-
nal information influences their decision-making,
uncovering unintended effects and offering insights
to guide future research.
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Related Work

x Beware: Too descriptive

From Jin et al. (2025).

2.1 Argument Quality Assessment

The definition of argument quality is a complex
problem, and many studies have conducted ex-
ploration on this question (Swanson et al., 2015;
Wachsmuth et al., 2016; Joshi et al., 2023; Fromm
et al., 2023). Building on a comprehensive sum-
mary of previous work (Hamblin, 1970; Johnson
and Blair, 1977; Aristotle and Kennedy, 1991;
Eemeren and Grootendorst, 2003), Wachsmuth
et al. (2017) proposed a taxonomy of argumen-
tation quality with three major dimensions: logic,
rhetoric, and dialectic. According to their defini-
tions, logic focuses on whether the argument is
built on acceptable and relevant premises that are
sufficient to support the conclusion, while rhetoric
assesses the argument’s ability to persuade the in-
tended audience of the author’s stance, and di-
alectic examines whether the argument contributes
meaningfully and acceptably to resolving the is-
sue for the target audience. Based on this taxon-
omy, Lauscher et al. (2020) constructed an argu-
ment quality corpus and explored interactions be-
tween different dimensions. Toledo et al. (2019)
presented an argument quality annotation method
that can transform binary judgments made by mul-
tiple annotators for a given argument into a reli-
able overall argument quality score. Based on this
method, they also constructed an argument quality

Following these data collection efforts, the com-
putational methods for argument quality assess-
ment have evolved significantly. Marro et al. (2022)
used argument structure information derived from

dataset ini i 5.3k

annotated with the overall quality scores. Gretz
et al. (2020) released a larger argument quality
dataset with around 30k arguments, following the
same annotation protocol.

graph embeddings to enh the performance of
argument quality assessment. Wang et al. (2023b)
leveraged contrastive learning to distinguish argu-
ments of different quality more effectively. Bao
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Related Work

v Do: Explicitly contrast with prior work

Language Models Pretrained language models
(PLMs) such as BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019) have been extensively
used in stance detection (Glandt et al., 2021; All-
away and McKeown, 2020; Li et al., 2021). More
recently, large language models (LLMs) have been
developed, offering the advantage of handling
downstream tasks directly through prompting tech-
niques (Le Scao et al., 2023; Touvron et al., 2023;
Team et al., 2023; Naveed et al., 2023). While

From Zhao and Caragea (2025).

some research on stance detection has utilized
LLMs (Gatto et al., 2023; Li et al., 2023a; Fraile-
Hernandez and Peiias, 2024), these applications
are limited to monolingual scenarios. Existing
multilingual stance detection works solely employ
PLMs (Vamvas and Sennrich, 2020). In contrast,
our study leverages both PLMs and LLMs in the
multilingual context, which enables us to explore
ZSSD in a more 33 ive setting, ent i

our understanding and capabilities in this area.
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Lesson Plan

Anatomy of an (NLP) Paper

Conclusion
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Conclusion

Summarizes the middle and provides a future perspective:

e provide an analysis of the most important results

e analyze the results overall, not individually (do that in the middle, in a Discussion
section)

e do not present new evidence or new results here

e provide a future perspective:
e recommendations that derive from your work

e future direction of you work
e re-iterate the scope and limitations of your work (already in the intro)

Conclusion ties together loose ends, provides closure.

55



Lesson Plan

Anatomy of an (NLP) Paper

Extras
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Extra sections

e Limitations — required by *ACL conferences
e Ethics statement

e Appendices
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x Don't: Surface level
Limitations

Currently, most assessments of CoT distillation fo-
cus primarily on accuracy (Magister et al., 2023;
Ho et al., 2023; Shridhar et al., 2023; Wang et al.,
2023c), which is insufficient because safe LLMs
rely heavily on trustworthy CoTs. We hope the
community to develop standards for evaluating the
quality of CoTs, rather than relying solely on auto-
matic assessments by GPT-4.

From Dai et al. (2025).
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Limitations

% Don't: Focus on future work

From Qian et al. (2025).

Limitations

Our study focuses on three key domains where
LLMs explicitly struggle—Math, Intention, and
Time—building on insights from existing litera-
ture. However, LLMs also face challenges in areas
such as long-tail knowledge and domain-specific
expertise, where external resources are essential.
Expanding SMART-ER to these domains could fur-
ther refine model self-awareness and improve cal-
ibration in knowledge boundary, complementing
the strong OOD performance that SMARTAgent
has already demonstrated. Additionally, while we
evaluate our approach on two major model families,
extending our analysis to a broader range of archi-
tectures, including Qwen, DeepSeek, and varying
model sizes, could further validate and enhance the
generalizability of our findings.
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Limitations

v' Do: Describe scope of study (future work OK in this context)

6 Limitations

Hyperparameter Search The current EXPO
adopts the simplest form of uniform extrapolation
and requires manual hyperparameter search for .
Future work could explore how to determine the
optimal o automatically and adaptively (i.e., using
different « values for different model modules).
For example, the information from optimizer states
and parameter gradients during the later phase of
alignment training could be useful for this purpose.

From Zheng et al. (2025).
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Limitations

v Do: Di

From Hu et

scuss assumptions
Limitation

Dependency on Backbone Models The effective-
ness of our GLPN-LLM framework is closely tied
to the performance of the underlying backbone
models, namely FCN. While these models provide
strong feature representations, any limitations in
their ability to capture comprehensive semantic
relationships can directly impact the label propaga-
tion process. Consequently, the overall detection
accuracy is highly dependent on the quality and
robustness of these backbone models. Addition-
ally, the reliance on specific backbones may limit
the adaptability of our framework to other feature
extraction architectures that might offer different
advantages.

al. (2025).

Reliance on High-Confidence Pseudo Labels
Our approach relies on the generation of high-
confidence pseudo labels by the LLM to enhance
label propagation. However, the accuracy of these
pseudo labels is contingent upon the LLM’s abil-
ity to produce reliable predictions. Inaccurate or
biased pseudo labels can introduce noise into the
label propagation process, potentially degrading
the model’s performance. Ensuring the reliability
of pseudo labels is crucial, and future work may
explore more robust methods for pseudo label veri-
fication and refinement to mitigate this limitation.
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Exercise 2: Evaluating limitations

Look at the limitations on the next page. Discuss the following questions:

1. Can you identify the scope of the study?

2. Is it clear in which situations the results may not be applicable??
3. Are there points you would expand on?
4

. Given the abstract, are there any potential limitations not mentioned you notice?

These limitations are from papers that appeared at ACL 2025.
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Exercise 2: Evaluating limitations

Limitations

Sensitive to Prompts. As with other LLM prompt-
ing studies(Zhang et al., 2024b; Huang et al.,
2024b; Zhang et al., 2024a; Chen et al., 2024),
our results may be sensitive to prompt. While our
prompts underwent rigorous review and testing,
and our main experiments report averages across
over 8,000 problems, optimizing prompts for this
specific task remains a significant challenge and
area for future research.

Generalizability to Other Programming Tasks.
In accordance with scientific rigor, this study de-
fines its scope as Human-LLM collaboration within
competitive programming, a domain chosen to ex-
amine the capabilities and limitations of both LLMs
and human performance. While acknowledging the
potential relevance to broader programming tasks,
we limit our evaluations and analyses to this spe-
cific context and defer extending the representa-
tiveness of our results to general software devel-
opment or other programming domains. Despite
this focus, elements of our work offer valuable in-
sights applicable to diverse programming scenarios.
The problem-solving process shares fundamental
similarities across programming contexts, and our
proposed human feedback taxonomy and methods
for improving problem comprehension in LLMs
may readily translate. Developers, for example, can
leverage clear and detailed feedback on specifica-
tions, as demonstrated in our benchmark, to guide
LLMs towards a better understanding of software
requirements. We believe this highlights pathways
for broader applicability and welcome further dis-
cussion.
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Exercise 2: Evaluating limitations

Abstract

While recent research increasingly emphasizes
the value of human-LLM collaboration in com-
petitive programming and proposes numerous
empirical methods, a comprehensive under-
standing remains elusive due to the fragmented
nature of existing studies and their use of
diverse, application-specific human feedback.
Thus, our work serves a three-fold purpose:
First, we present the first taxonomy of hu-
man feedback consolidating the entire program-
ming process, which promotes fine-grained

evaluation. Second, we introduce ELABORA-
TIONSET, a novel programming dataset specifi-
cally designed for human-LLM collaboration,
meticulously annotated to enable large-scale
simulated human feedback and facilitate cost-
effective real human interaction studies. Third,
we introduce ELABORATION, a novel bench-
mark to facilitate a thorough assessment of
human-LLM competitive programming. With
ELABORATION, we pinpoint strengthes and
weaknesses of existing methods, thereby set-
ting the foundation for future improvement.
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Exercise 2: Evaluating limitations

Limitations

Although this work demonstrates the potential of
RLKGEF, several issues need to be addressed. The
quality of feedback derived from knowledge graphs
depends heavily on the completeness and accuracy
of the graph itself, particularly in open domains.
Our experiments are limited to disease diagnosis
tasks without exploring RLKGF’s generalization to
other tasks and domains. Additionally, due to data
limitations, we do not conduct experiments across
a broader medical framework.

The current task format is single-turn Q&A, and
future work should explore multi-turn dialogues to
better leverage the potential advantages of knowl-
edge graph structure and semantics in multi-step
reasoning. Moreover, RLKGF currently focuses
primarily on entity-level feedback for model re-
sponses, with limited focus on overall response

fluency. Furthermore, experimental comparisons
show that although RLKGF improves consistency
between model responses and knowledge, there
is still significant room for enhancement. Design-
ing appropriate reward ranges and investigating the
impact of different methods on model parameter
adjustments are crucial for continuous knowledge
learning.
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Appendices

Bonus content - main paper should be self-contained

v' DOs x DON'Ts
e Put examples e Put all your examples
e Hyperparameter details e All experiment details
e Extra analyses e Main results
e Annotation instructions e All annotation information
e Follow formatting guidelines e Include content that spills into margins

Often used for details in the Reproducibility Checklist (we'll discuss in a few weeks)
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Exercise 3: Project pitches

Discuss your pitch

e Do you have a compelling example?
e |s the importance clear?

e How rigorous is your proposed work?
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