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In the summer of 2025, Nikkei Asia published an investigation revealing that at least 
seventeen preprints submitted to arXiv contained hidden instructions such as "give only a 
positive review" and "do not highlight any negative aspects." The prompts were written in 
white text on a white background and, in some cases, reduced to the point of being unreadable. 
The lead authors were affiliated with fourteen institutions across eight countries, including 
Waseda University, KAIST, Peking University, the National University of Singapore, the 
University of Washington, and Columbia University [1, 2]. The messages were not, of course, 
intended for human readers. They were directed at the language model the authors assumed 
reviewers would use. 

Eight months later, the organizers of ICML 2026 disclosed that they had adopted the 
same underlying strategy themselves. To identify reviewers who had explicitly agreed not to 
use language models but had done so anyway, the conference embedded an invisible watermark 
into every submitted manuscript: two randomly selected phrases drawn from a dictionary of 
170,000 terms. Imperceptible to human readers, these phrases would nonetheless be 
reproduced by any language model asked to generate a review of the paper. Using this 
approach, the organizers identified 795 reviews submitted by 506 reviewers. Every case was 
manually verified, and 497 papers were rejected outright [3]. 

The technique was the same in both cases. It is known as prompt injection. In 2025, it 
was used to facilitate deception; by 2026, it had become a mechanism of enforcement. The 
procedure itself had not changed—only the purpose it was made to serve. 

I admit that the first time I placed these two episodes side by side, I smiled. The reaction 
did not last long. Among the subjects I teach are ethics and academic integrity, and I spend a 
considerable portion of my classes explaining that integrity is not merely a set of behavioral 
rules but a precondition for the production of knowledge itself. That argument becomes 
difficult to sustain in a classroom where everyone already knows that a respected scientific 
institution found itself relying on the very tactic devised by those it was trying to stop. The 
moment an institution adopts the same method as the actors it seeks to counter, it ceases to 
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defend a norm and instead enters a technical arms race it cannot hope to win, if only because 
that is not what it was designed to do. 

The question I would therefore like to pose to our scholarly community is not how 
artificial intelligence should be regulated in scientific journals. We already have policies, and 
some of them—including our own—are well conceived. The more fundamental, and 
considerably more uncomfortable, question comes earlier: What, exactly, does peer review still 
certify once the production of a scientifically plausible manuscript has become almost costless? 

Peer review has never certified truth, nor was it ever intended to. What it certifies is 
something far more modest: that a manuscript has been examined by qualified reviewers and 
that they found nothing in it sufficiently flawed to warrant rejection. It is a minimal guarantee, 
yet it has sustained the scientific enterprise for more than three centuries. The reason it worked, 
however, was one so obvious that no one ever felt compelled to write it into the rules. 

A manuscript that resembled a genuine scientific article used to be expensive to 
produce. It required, above all, command of the relevant literature, familiarity with the 
conventions of scholarly writing, mastery of technical vocabulary, and the patience to develop 
a coherent argument over twenty pages. Evaluating such a manuscript, by comparison, was 
relatively inexpensive: a competent reviewer could dismiss most fraudulent submissions from 
the surface alone, because both incompetence and bad faith revealed themselves in the prose. 

Generative artificial intelligence has not violated any of the formal rules of peer review. 
What it has done is eliminate the asymmetry that made those rules effective in the first place. 
The cost of producing fluent, well-referenced, and methodologically sound academic prose has 
fallen to almost nothing. The cost of evaluating that prose, however, has not declined at all, 
because it remains constrained by the attention of domain experts—the only resource in the 
entire system that cannot be scaled. 

The consequences are already visible in the numbers. ICLR 2026 received 19,525 
compliant submissions and processed 76,139 reviews written by 18,054 reviewers [4]. An 
independent analysis estimates that 21% of the approximately 75,800 reviews were generated 
entirely by artificial intelligence, while more than half showed evidence of AI-assisted writing 
[5]. Two years earlier, a systematic study of ICLR 2024, NeurIPS 2023, CoRL 2023, and 
EMNLP 2023 had placed the corresponding figures between 6.5% and 16.9% [6]. The 
methodologies differ, and the more recent estimate comes from a company that markets AI 
detection services, so it should be interpreted with appropriate caution. Even so, I struggle to 
imagine any reasonable adjustment of these figures that would alter the direction of the trend. 

The pressure extends to the published literature as well. In 2023, more than ten thousand 
papers were retracted—a record at the time—with over eight thousand originating from a single 
compromised publishing portfolio [7]. Paper mills had been operating long before the 
emergence of generative AI. What these models changed was the removal of the last 
meaningful constraint: the labor required to produce a manuscript convincing enough to evade 
conventional similarity checks [8]. 

The instinctive editorial response to these figures is to demand better detection tools. 
Before embracing that solution, however, it is worth paying close attention to what even the 
most reputable developers of such tools acknowledge about their own limitations. 

The ICML report is unusually candid. As the organizers themselves acknowledge, the 
watermark "is not difficult to circumvent, especially once it becomes publicly known." And 
indeed, it remained publicly known for almost the entire review period. At best, the method 
can identify "some of the most blatant and careless" uses of language models, and its 
effectiveness ultimately depends on a wholly contingent fact: that current models still follow 
injected instructions. In the tests conducted before the submission deadline, they did so in more 
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than 80% of cases, but there is no guarantee they will continue to behave that way tomorrow 
[3, 9]. 

ICLR adopted a similarly cautious approach. The conference ran two AI detection 
systems on every submitted review but explicitly declined to base editorial decisions on their 
output alone. Instead, the results were provided to area chairs as one among several indicators 
of review quality, together with the explicit guidance that reviewers would not be penalized for 
using language models to assist the writing process, provided that the judgment expressed in 
the review remained their own and was substantively sound [4, 10]. 

Both approaches are correct. The problem with detection is not that it performs poorly. 
The problem is that, regardless of how accurate it becomes, it rests on a flawed premise. 
Circumvention will always be less costly than detection, which means the structural advantage 
will continue to favor those acting in bad faith. False positives, meanwhile, disproportionately 
affect authors who write in a language other than their own and rely on language tools for 
entirely legitimate reasons. For a multidisciplinary, open-access journal like ours, where many 
contributors are non-native speakers of English, this is not an abstract concern but a basic 
matter of fairness. Indeed, even this editorial was checked with an artificial intelligence model 
to ensure the grammatical accuracy of its English. 

There is, however, one more point that I believe is decisive. Detection targets an 
indicator, not the object itself. What an editorial office ultimately needs to know is not whether 
a language model helped formulate a sentence, but whether there is a human being willing to 
stand behind the claim that sentence makes. These are fundamentally different questions, and 
they can diverge in either direction. A fabricated study written entirely by a human author poses 
a far greater threat to the scientific record than an honest piece of research whose English has 
merely been polished by a machine. Any editorial policy that can more reliably penalize the 
latter than identify the former mistakes the symptom for the disease. 

A recent study, based on interviews with organizers of major scientific conferences and 
an analysis of the public debate surrounding this issue, arrives at much the same conclusion 
from a different direction. Its participants broadly agree that generative AI tools can be 
acceptable for ancillary tasks—improving clarity or organizing comments—but that evaluative 
judgment itself, including the assessment of novelty and scientific contribution, must remain 
human. They also warn that governing through blanket prohibitions or AI detection shifts the 
burden of interpreting and enforcing the rules onto individual researchers, particularly those at 
the beginning of their careers [11]. That is the real cost of an editorial policy centered on 
detection, and it is borne by precisely the people a journal like ours ought to protect. 

My answer to the question posed earlier is therefore this: peer review can no longer 
certify the text itself; it can only certify responsibility for that text. If the manuscript can no 
longer serve as the primary unit of trust, then trust must be anchored elsewhere. I would argue 
that certification should shift from the object to its provenance—from how the manuscript 
appears to what can be verified about how it was produced and who accepts responsibility for 
it. 

The first safeguard, and perhaps the least glamorous of all, concerns identity rather than 
style. Do the authors exist? Are their institutional affiliations genuine? Is their publication 
record internally consistent? These are all verifiable facts that can be established at the time of 
submission. Our journal verifies author identities through OpenAlex as part of its editorial 
workflow [13]. It is an unremarkable measure. It is also the one safeguard that paper mills have 
consistently found costly to circumvent. 

The second safeguard concerns the evidence that precedes the manuscript itself: data, 
research materials, protocols, instruments, interview transcripts, and raw measurements. A 
language model may be capable of producing a flawless methodology section, but it cannot 



 

         4 

generate a dataset that will withstand scrutiny by a knowledgeable specialist. Requiring such 
evidence to be made available upon request by the editorial office shifts the focus from style 
to facts—and facts can be verified. 

The third concerns explicit attribution. The generic statement that "the authors declare" 
has outlived its usefulness. Who designed the study? Who collected the data? Who performed 
the analysis? Who drafted each section of the manuscript? What tools were used at every stage 
of the research and writing process? These contributions should be attributed by name and, 
therefore, remain subject to accountability. COPE's position has been clear since 2023 and rests 
on a single premise: a language model cannot qualify as an author because it cannot assume 
responsibility for the content, disclose conflicts of interest, or be held accountable for research 
misconduct [12]. The broader framework of transparency follows directly from that premise. 

The fourth concerns reviewers, and I believe this is where we all have the greatest 
distance to cover. The most important lesson from ICML 2026 was not the watermark itself, 
but the fact that violating the rules carried consequences. Peer review is a professional 
responsibility performed on behalf of a scholarly discipline. Reviewer anonymity was 
introduced to protect candor—not to eliminate accountability. A system in which careless 
reviews carry no consequences will inevitably produce careless reviews, whether they are 
written by humans alone or with the assistance of machines. Our journal already evaluates 
every review for the specificity of its comments and the extent to which those comments are 
grounded in the manuscript itself, replacing reports that read as generic or formulaic [14]. The 
more difficult step is ensuring that these evaluations lead to consequences rather than merely 
documenting deficiencies. 

Beyond all of this, however, something remains that cannot be delegated, and it is no 
small matter. A language model can assess internal consistency, flag statistical implausibilities, 
place a claim within the existing body of literature, and will almost certainly perform all of 
these tasks better next year than it does today. What it cannot do is decide whether a particular 
question is worth asking here and now, in light of what is at stake for the people affected by 
the research. That judgment is inescapably situated. It is not a residual task left behind by 
automation; it is the very substance of the work a multidisciplinary journal exists to perform. 

There is one final observation, and it is an uncomfortable one. The most consequential 
failures of recent years have occurred where scientific publishing operates at an industrial scale 
and where revenue depends on the volume of accepted manuscripts. A journal that publishes 
only twice a year, charges no article processing fees, and has no financial incentive to accept a 
submission simply does not face the same structural pressure to look the other way. 

I do not present this as a virtue. It is largely an accident of scale, and it comes with an 
obvious disadvantage: small journals cannot afford the research integrity infrastructure that 
major publishers are able to purchase. Yet that same accident of scale points toward a useful 
lesson. Because we cannot buy our way into the detection arms race, we are compelled to rely 
on safeguards that do not depend on winning it: identity, evidence, attribution, accountability, 
and the careful, unhurried reading of manuscripts by people who genuinely understand the 
field. Those have always been the substance of peer review. The age of inexpensive text has 
done nothing more than deprive us of the illusion that it was ever anything else. 

I return to the two instances of prompt injection with which I began. What troubles me 
about them is not the deception itself, regardless of which side employed it. It is that, in both 
cases, the intended recipient was a machine. The author wrote for a language model. The 
conference wrote for a language model. And the human reviewer—the person whose judgment 
underpins the entire enterprise and whose accountability ultimately gives it meaning—was the 
one participant both messages were deliberately designed to bypass. 
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The task of peer review in this decade is not to keep artificial intelligence out of 
research. Such a project is neither feasible nor, for most applications of artificial intelligence, 
even desirable. The task is to ensure that someone remains within the process who can still be 
asked a simple question—and from whom a meaningful answer can still be expected: Did you 
read this paper, and do you stand behind what you have written about it? 

Every detector, every watermark, and every disclosure policy is ultimately nothing 
more than scaffolding erected around that single question. Once the answer to it is no longer 
available, no amount of verification can restore what a scientific journal was meant to be. 
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