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Abstract

Natural language processing (NLP) has moved from a specialized research field into the everyday infras-
tructure of writing, search, translation, education, journalism, public administration, and scientific work.
This transition changes what counts as progress. Accuracy, fluency, and benchmark performance remain
important, but they are no longer sufficient when language technologies shape knowledge, decisions, iden-
tities, and public trust. This column introduces Responsible NLP as a research orientation that integrates
fairness, transparency, privacy, safety, cultural diversity, environmental awareness, and human agency
across the full life cycle of language technologies. It argues that responsibility is not an external constraint
on innovation, but a condition for meaningful and trustworthy innovation. Future research must therefore
ask not only whether an NLP system works but also for whom it works, under which assumptions, with
what risks, and with what forms of accountability.
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1. Introduction

“All models are wrong, but some are useful.”
George E. P. Box (Box 1976)

Box’s well-known warning has become newly urgent in the age of large language models
(LLMs). In natural language processing (NLP), models are not only used to classify documents,
translate sentences, retrieve information, or summarize texts but also to participate in the pro-
duction of language itself. They draft emails, generate explanations, support education, moderate
online spaces, assist journalists, translate between communities, and help institutions communi-
cate with citizens. In doing so, they do not merely process language; they influence what becomes
visible, credible, fluent, searchable, and actionable.

This is why Responsible NLP is no longer optional. For many years, progress in NLP was largely
measured through better scores: higher accuracy, stronger benchmark results, larger datasets,
larger models, and more fluent outputs. These achievements have transformed the field. Yet the
same progress has also made the limits of performance-centered evaluation increasingly difficult
to overlook. A model can be accurate on average and still fail systematically for particular com-
munities. It can be fluent and still be misleading. It can be helpful in one context and harmful in
another. It can produce elegant language while erasing the social, cultural, and political conditions
from which language derives its meaning.

The central question for contemporary NLP is therefore not only Can the system perform the
task? but also Who defines the task? Whose language is represented? Who benefits? Who may be
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harmed? Who can contest the output? and Who is accountable when language technologies fail?
These questions do not sit outside NLP research. They now belong to its scientific core.

The first piece in this column offers a general introduction to Responsible NLP. Future articles
can examine specific topics in depth, such as bias and fairness, multilingual and low-resource
NLP, responsible evaluation, documentation, explainability, misinformation, privacy, environ-
mental costs, and the governance of LLMs. The aim here is to establish a simple starting point:
performance is necessary, but it is not enough.

2. From tools to infrastructure

Responsible NLP has become urgent because language technologies have undergone a change in
status. They are no longer isolated tools used by specialists. They are becoming infrastructure
for communication, knowledge production, and decision support. LLMs and conversational sys-
tems such as ChatGPT, Claude, Gemini, LLaMA-based systems, and Copilot-style assistants have
made NLP visible to a broad public. However, the deeper transformation is not the chatbot inter-
face itself. It is the increasing reliance of social, educational, professional, and institutional life on
systems that generate, rank, translate, summarize, and interpret language at scale.

This transformation matters because language is not a neutral container for information.
Language carries cultural memory, social identity, power relations, emotion, ambiguity, and con-
text. A translation system does not only move words between languages but may also move
concepts between cultural worlds. A summarization system does not only shorten text but decides
what is central and what can disappear. A moderation system does not only classify content
but shapes the boundaries of public speech. A question-answering system does not only retrieve
knowledge but frames what counts as an answer.

Humanistic and social theories of language have long emphasized that meaning is interpre-
tative and situated. Eco argued that texts invite interpretation rather than containing a single
fixed meaning (Eco 1979). Hall showed that communication is shaped by encoding, decoding,
and dominant cultural frameworks (Hall 1980). For NLP, these insights are not abstract philo-
sophical decoration. They remind us that language models operate in a domain where meaning,
context, and power cannot be fully reduced to tokens, labels, and probabilities.

This does not make NLP impossible. It makes responsibility necessary. If language is socially
situated, then responsible language technology must be evaluated not only by internal technical
measures but also by its effects on people, communities, institutions, and cultures.

3. What Responsible NLP means

Responsible NLP can be understood as the design, development, evaluation, deployment, and
governance of language technologies in ways that reduce harm, support human agency, and pro-
mote social benefit (Behera et al. 2023; Blodgett et al. 2022; Cheng, Varshney, and Liu 2021). It is
not a single method, metric, or checklist. It is an approach to research that treats NLP systems as
sociotechnical systems: technical artifacts embedded in social contexts.

This means responsibility begins before model training. It starts when researchers define a
problem. Some NLP tasks are framed as if they were purely technical, although they involve
contested human categories: toxicity, misinformation, hate speech, sentiment, emotion, credibil-
ity, fluency, quality, and even “helpfulness.” These categories often depend on culture, context,
speaker identity, institutional norms, and historical power relations. A responsible approach asks
whether the task formulation itself is appropriate, whose definitions are being used, and whether
affected communities have been considered.

Responsibility continues through data curation. NLP datasets are not raw mirrors of language.
They are collected, filtered, labeled, cleaned, licensed, and interpreted through human choices.
Data statements (Bender and Friedman 2018), datasheets for datasets (Gebru et al. 2021), and
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careful documentation practices help make these choices visible. Without such documentation,
models can inherit biases, exclusions, and privacy risks while appearing technically neutral.

Responsibility also shapes modeling and alignment. Methods such as reinforcement learning
from human feedback (Ouyang et al. 2022) and constitutional AI (Bai et al. 2022) attempt to align
model behavior with explicit preferences or principles. These approaches are important, but they
also raise difficult questions: Which values are encoded? Who writes the principles? and How are
conflicts between helpfulness, harmlessness, truthfulness, and freedom of expression resolved?
Alignment is not only an optimization problem but also a normative and institutional problem.

Finally, responsibility must extend to evaluation and deployment. Aggregate benchmark scores
are too narrow for systems that operate across languages, communities, and real-world con-
texts. Responsible evaluation should examine subgroup performance, failure modes, robustness,
uncertainty, potential misuse, environmental costs, labor conditions, and the ability of users to
understand and contest system outputs. Model cards (Mitchell et al. 2019), audits (Raji et al.
2020), and risk management frameworks (National Institute of Standards and Technology 2023)
offer partial tools for this broader view.

4. Why performance alone fails

Performance-centered NLP has produced impressive systems, but it can hide the very questions
that matter most once systems leave the laboratory. The problem is not that benchmarks are
useless. The problem is that benchmarks can become a substitute for judgment.

First, average performance hides unequal failure:

An NLP system may perform well overall while failing for particular dialects, minority lan-
guages, social groups, or communicative styles. Bias in language technologies has been docu-
mented in word embeddings (Bolukbasi et al. 2016), language models (Bender et al. 2021), and
stereotype-focused evaluations (Mostafazadeh Davani et al. 2025). These failures are not merely
technical imperfections. They can affect access to information, visibility, reputation, safety, and
opportunity.

Second, fluency can be mistaken for understanding:

LLMs produce text that often appears confident, coherent, and meaningful. This fluency can cre-
ate an illusion of understanding, especially when users are under time pressure or lack domain
expertise. Ethical and social risk analyses of language models have warned that such systems can
generate misinformation, enable manipulation, expose private information, and create new forms
of over-reliance (Bommasani et al. 2021; Weidinger et al. 2021).

Third, language categories are never innocent:

Many NLP tasks require classification: toxic or not toxic, relevant or not relevant, credible or
not credible, biased or unbiased. Classification can be useful, but it can also make incomplete
categories appear complete. Bowker and Star’s work on classification reminds us that categories
organize social life and can make some people visible while making others difficult to name
(Bowker and Star 2000). In Responsible NLP, labels should be treated as situated decisions, not
as universal truths.

Fourth, scale changes the meaning of harm:

A smallerror in a research prototype may have limited consequences. The same error in a widely
deployed language system can affect millions of interactions. Harms can also be cumulative:
repeated misgendering, repeated mistranslation, repeated erasure of minority perspectives,
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repeated exposure to toxic content by annotators, or repeated privileging of dominant languages
and worldviews.

Fifth, success for users may conflict with success for institutions:

A system optimized for engagement, productivity, or cost reduction may not optimize for dignity,
fairness, learning, democratic deliberation, or care. Responsible NLP therefore asks what kind of
progress a system supports. Efficiency is valuable, but it is not the only human value.

5. Language, power, and cultural diversity

Responsible NLP must pay particular attention to linguistic and cultural diversity. The cur-
rent wave of generative Al is often described as universal, but its universality is uneven.
High-resource languages, especially English, are disproportionately represented in training data,
evaluation benchmarks, commercial products, and research attention. Low-resource, Indigenous,
regional, and minoritized languages often remain under-supported or are represented through
data extracted without adequate consent, governance, or cultural understanding.

This imbalance matters because language is tied to identity and belonging. When NLP systems
work poorly for a language, they do not merely fail a market segment; they may reinforce the
idea that some communities are less worthy of technological investment. When systems translate
culturally specific expressions into dominant conceptual frameworks, they may flatten differences
that should be preserved. When models generate polished text in standardized registers, they may
quietly reward linguistic conformity over expressive plurality.

The risk is not only exclusion but also homogenization. Language technologies can normal-
ize dominant ways of speaking, reasoning, and classifying the world. This is why multilingual
NLP should not be reduced to increasing the number of supported languages. It should also ask
how languages are represented, who controls the data, whether communities benefit, and whether
technological intervention supports language vitality rather than extraction.

In this sense, Responsible NLP is aligned with NLP for social good, but it must remain care-
ful about the phrase “good.” Recent work on NLP for social good emphasizes cross-disciplinary
partnerships, human-centered methods, and responsible deployment (Karamolegkou et al. 2026).
These are essential because social benefit cannot be declared by researchers alone. It must be
negotiated with the people and communities affected by the system.

6. The human in human-centered NLP

Human-centered NLP should mean more than adding a user study after a model is built. It
requires a commitment to preserving human agency, interpretation, and empathy. This is espe-
cially important in domains such as education, health, migration, journalism, public services, and
crisis response, where language technologies may influence vulnerable people.

Consider education. NLP systems can help detect early signs of student disengagement, sum-
marize feedback, support multilingual learners, and assist teachers with administrative work. Used
responsibly, such systems can help ensure that students are not lost in large-scale data systems. But
the same systems can also reinforce inequality if they rely on biased indicators, ignore infrastruc-
tural disparities, or replace human judgment with automated risk scores. An alert that a student
is at risk is not an explanation of why the student is struggling. It is an invitation for human care,
inquiry, and support.

This distinction is central. Responsible NLP should augment human capabilities, not displace
human responsibility. The goal is not to build systems that remove humans from difficult deci-
sions, but systems that help humans make better, more informed, and more equitable decisions.
In high-stakes settings, human oversight should be meaningful, not symbolic. Users should know
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Table 1.A life cycle view of Responsible NLP

Research dimension Guiding question

Problem formulation Who defines the task, and whose interests does the task
serve?

Data Whose language is included, excluded, labeled, anonymized,

or extracted? Is data biased?

Modeling What assumptions, values, and trade-offs are encoded in the
system?
Evaluation Does the system work across contexts, communities, and

realistic failure modes? Is evaluation fair?

Deployment Who can understand, contest, monitor, and repair the
system?

Governance What forms of accountability exist when harms occur?

Sustainability What environmental, economic, and labor costs are created
by the system?

when they are interacting with AI-generated language, understand the system’s limitations, and
have routes to contest decisions that affect them.

7. Aresearch agenda for Responsible NLP

If Responsible NLP is to become a serious research agenda, it must be operationalized. The fol-
lowing questions, summarised in Table Tablel, can guide future work and future pieces in this
column.

Several practical directions follow from this agenda. Responsible NLP needs better docu-
mentation standards; richer evaluations beyond leaderboard performance; participatory design
methods involving affected communities; stronger multilingual and low-resource benchmarks;
clearer reporting of uncertainty and limitations; better privacy protection; careful treatment of
harmful text in research; and more attention to the workers who collect, annotate, moderate, and
evaluate language data. Application areas such as text summarization, fact-checking, and hate-
speech detection show why these questions must be addressed at task level rather than only at the
level of general Al principles (Liu et al. 2023; Vargas, Benevenuto, and Pardo 2026).

It also needs institutional support. Responsibility cannot depend only on individual researchers
making heroic choices. Conferences, journals, funders, universities, companies, and public institu-
tions shape what work is rewarded. This includes what costs are counted: training and deploying
large models can create substantial environmental burdens, which is why Green AI should be
treated as part of Responsible NLP rather than as a separate concern (Schwartz et al. 2020; Strubell,
Ganesh, and McCallum 2019). The emergence of policy frameworks, including the European
Union’s AI Act and broader Al risk management efforts, signals that responsible Al is becom-
ing part of the governance environment in which NLP research will operate (Commission 2024;
European National Institute of Standards and Technology 2023). The research community should
not wait for regulation to define responsibility from the outside. It should help build the concepts,
methods, evidence, and practices that make responsible innovation possible.

8. Conclusion

Responsible NLP is sometimes presented as a constraint: a set of warnings that slows down tech-
nical progress. This framing is misleading. Responsibility is not the opposite of innovation. It is
what allows innovation to become trustworthy, socially meaningful, and scientifically honest.
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The future of NLP will not be judged only by whether models become larger, faster, or more
fluent, but also by whether language technologies help people understand each other, preserve
cultural diversity, support fair decisions, protect vulnerable communities, reduce misinforma-
tion, respect privacy, and strengthen rather than weaken human agency. In a field built around
language, this is not a secondary concern. It is the heart of the matter.

Performance asks whether a model can produce an answer. Responsible NLP asks whether the
answer should be trusted, used, shared, challenged, or refused. It is this distinction that renders
Responsible NLP no longer optional.

Competing interests. The author declare that the manuscript complies with the ethical standards of the journal and that
there are no competing interests to disclose.
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