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Abstract

Due to the rapid development of text generation
models, people increasingly often encounter
texts that may start out as written by a hu-
man but then continue as Al-generated. De-
tecting the boundary between human-written
and machine-generated parts of such texts is a
very challenging problem that has not received
much attention in literature. We consider a
number of different approaches for artificial
text boundary detection, comparing predictors
over features of different nature. We show
that supervised fine-tuning of the RoBERTa
model works well for in-domain detection of
a single LLM but fails to generalize in im-
portant cross-domain and cross-generator set-
tings, demonstrating a tendency to overfit to
spurious features of the data. Then, we adapt
perplexity-based approaches and propose novel
algorithms based on features extracted from a
frozen LLM’s embeddings. We show that these
approaches outperform the human accuracy
level on an extremely hard Real or Fake Text
benchmark. Analyzing the robustness of our
approaches in cross-domain and cross-model
settings, we discover important properties of
the data that can hinder the performance of ar-
tificial text boundary detection algorithms.

1 Introduction

Artificial text detection (ATD) is a very difficult
problem in real life, where machine-generated text
may be intertwined with human-written text, lightly
edited, or pad out human-generated prompts. How-
ever, in literature ATD is usually formulated in
a simpler way, with a dataset of text samples la-
beled as either entirely human-written or entirely
machine-written, so the detection problem can be
safely treated as binary classification. Moreover,
the models for this binary classification are often
developed and trained to detect a particular type of
generator, e.g., text produced by a specific large lan-
guage model (LLM) (Uchendu et al., 2023a). This

is in stark contrast with how we may encounter ar-
tificially created text in real life, where documents
partially written by humans and partially generated
by LLMs already abound. This setting is much
more complex and much less researched.

To approach this problem, in this work we exper-
iment with a lesser known dataset called RoFT
(Real Or Fake Text), collected by Dugan et al.
(2020). Each text in this dataset consists of ten sen-
tences, where the first several sentences are human-
written and the rest are machine-generated starting
from this prompt, mainly by models from the GPT
family (Radford et al., 2019; Brown et al., 2020).
We consider several techniques developed for bi-
nary ATD, modifying them for this more complex
boundary detection setting; e.g., following Tulchin-
skii et al. (2023a) we adapt intrinsic dimension
estimation which is currently considered to be the
best method for binary detection.

Our primary contributions are as follows: (1) we
develop new approaches for detecting the bound-
ary between human-written and machine-generated
text and show how time series analysis can be
adapted for extracting useful information from
Transformer representations; our approaches are
mostly based on RoBERTa latent representations;
(2) we adapt perplexity-based methods for this new
setting, discussing the differences in their behavior
compared to binary ATD and providing a compre-
hensive analysis of how perplexity scores react to
the machine—human transition in the text; (3) we an-
alyze the robustness of boundary detectors (includ-
ing the fully-tuned RoOBERTa baseline) to domain
shift and show how it depends on the properties of
the domains; we study the properties of the dataset
itself and their effect on the performance of var-
ious approaches; (4) we enrich the RoFT dataset
with GPT-3.5-turbo' (ChatGPT) generation sam-
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ples; we share this new dataset with the community,
establish baselines, and analyze the behavior of our
detectors on it.

We hope that the present work will encourage
further research in both directions: first, boundary
detection for texts that are partially human-written
and partially generated, and second, analyzing how
inner representations of Transformer-based models
react to such transitions; the latter direction may
also help interpretability research.

The rest of the paper is organized as follows. In
Section 2 we survey related work, and Section 3
introduces the methods we have applied for artifi-
cial text boundary detection. Section 4 presents a
comprehensive evaluation study on the RoFT and
RoFT-chatgpt datasets. Section 5 presents a de-
tailed discussion and analysis of our experimental
results, and Section 6 concludes the paper.

2 Related Work

Recent surveys by Uchendu et al. (2023a) and Yang
et al. (2023) discuss a number of different ATD
settings and the main types of detectors, so here we
concentrate only on a few specific approaches that
are most relevant to our research.

ATD with Topological Data Analysis. In ATD
methods, apart from standard approaches we take
special inspiration from the results of Tulchinskii
et al. (2023a). Their work shows that many arti-
ficial text generators, including GPT-2-XL, Chat-
GPT, and gpt-3.5-davinci, share a common prop-
erty: the intrinsic dimensions (PHD) of RoBERTa
embeddings of the texts created by these generators
are typically smaller than those of the texts written
by humans. Hence, Tulchinskii et al. (2023a) sug-
gested intrinsic dimensions as high-performing fea-
tures for ATD, a direction that we explore further
in this work. Kushnareva et al. (2021) for the first
time introduced topological features of inner rep-
resentations of a Transformer-based model (BERT
in that case) for ATD. Uchendu et al. (2023b) inte-
grated topological features into an ATD pipeline as
a “TDA layer”. Topological data analysis has also
proven to be useful for closely related tasks of fake
news detection (Tudoreanu), authorship attribution
(Elyasi and Moghadam, 2019), and detection of
synthetic speech (Tulchinskii et al., 2023b).

Style Change Detection and Authorship Attri-
bution. ATD can also be considered as a special
case of authorship attribution (AA), where the LLM
is one author and the human is another, and the task

is to determine the authorship of different parts of
the text. Jones et al. (2022) show that LLM models
can successfully imitate human style and deceive
existing popular online AA methods. However,
Venkatraman et al. (2023) propose an approach
based on the principle of uniform information den-
sity that can detect the authorship of LLM. Artifi-
cial text boundary detection and AA tasks have a lot
in common with the style change detection problem
(Zangerle et al., 2021). In this setting, the model is
analyzing multi-author documents (e.g., research
papers), and the goal is to detect where the author
writing it changes. In the challenge by Zangerle
et al. (2021), documents were created by compiling
answers from StackExchange Q&A threads into a
single text. In some subtasks, style changes occur
only between paragraphs; in others, they may occur
at the level of individual sentences. The currently
best style change detectors, including the works
of Lin et al. (2022), Jiang et al. (2022), Lao et al.
(2022), and Iyer and Vosoughi (2020), are based on
Transformer-based encoders such as BERT (Devlin
et al., 2019), RoBERTa (Liu et al., 2019), AIBERT
(Lan et al., 2020), and ELECTRA (Clark et al.,
2020). In this work, we also use RoOBERTa as a
baseline and a source of embeddings.

RoFT (Real Or Fake Text). Our main dataset,
introduced in Dugan et al. (2020) and further de-
veloped in Dugan et al. (2023), originates from a
website called RoFT? developed as a tool to ana-
lyze how humans detect generated text, including
an extended study of whether and how they can
explain their choice, when they say that a text sam-
ple is machine-generated, and how humans can
learn to recognize machine-generated text better.
Every user of this website can choose the topic
(“Short Stories”, “Recipes”, “New York Times”,
or “Presidential Speeches”) and start the follow-
ing “game”. The player sees ten sentences one by
one. The first sentence is always written by a hu-
man, but for each subsequent sentence the player
must determine whether it is machine-generated or
human-written. If the player believes the text was
Al-generated, they should explain why they think
so. If they guess machine generation before the
true boundary, they earn zero points. Otherwise,
they earn 5 — x points, where x is the number of
sentences after the correct boundary. This is actu-
ally a harder problem than just boundary detection
since the player does not see the full text, and the
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scoring function is skewed.

As a result of running the game, Dugan et al.
(2023) created a dataset also known as RoFT. In this
dataset, every sample consists of ten sentences: the
first IV sentences are human-written, and the other
10 — N sentences are generated by some language
model that uses the first NV sentences as a prompt.
Every sample is accompanied by the following in-
formation: true value of N; the value N predicted
by a player; the topic (‘“Short Stories”, “Recipes”,
“New York Times”, or “Presidential Speeches”); the
generator model; explanation that the player pro-
vided for why they think that the Nth sentence is
machine-generated; information about the player.

The original RoFT contains generations from
GPT-2 (Radford et al., 2019), GPT-2 XL, GPT-
2 finetuned on the “Recipes” domain, GPT-3.5
(davinci), CTRL (Keskar et al., 2019) with control
code “nocode” and with control code “Politics”,
and baseline, where instead of an LLM-generated
continuation the passage transitions to a completely
different news article selected at random. In most
studies, RoFT and similar datasets are used to in-
vestigate how humans detect artificially generated
texts manually; e.g., Clark et al. (2021) evaluated
several methods of improving the human ability to
distinguish texts generated by GPT-2 and GPT-3
(i.e., training humans rather than neural networks).

Cutler et al. (2021) provided the first baselines
on automatically solving RoFT. For this purpose,
they used and compared several shallow classifica-
tion and regression models based on RoBERTa
and SRoBERTa (Reimers and Gurevych, 2019)
embeddings collected from the last layer of these
models. As a result, they found that logistic re-
gression and random forests worked best when
trained on particular domains. Aside from pre-
dicting true boundary labels, they also learned to
predict human-predicted labels (“human-predicted
boundary detection task™).

However, the cross-domain and cross-model set-
tings in their research were very limited. In fact,
Cutler et al. (2021) call “Out of Domain” (OOD)
classifiers that had been trained on all available
data and then evaluated on a given subset, and they
call “In Domain” (ID) classifiers that had been
trained and evaluated on the same subset. Besides,
they did not analyze all generators and domains
within this cross-domain setting. In contrast, in our
work we concentrate on cross-domain and cross-
model settings and interpretability. We evaluate our
boundary detectors on unseen generators (models)

and topics (domains). Also, we do this for all mod-
els and domains, establishing new baselines for the
ROFT dataset. A similar problem was addressed
by Zeng et al. (2023) who used a TriBERT-based
approach for artificial text boundary detection in
student essays in the field of education.

3 Approach

We consider several different approaches, including
a multilabel classification framework, as proposed
by Cutler et al. (2021), where the label of a text
corresponds to the number of the first generated
sentence, time series analysis that slides a win-
dow over the text tokens, and regression methods
that minimize the MSE between true and predicted
boundaries. We design our classifiers based on
features that have been successfully used in prior
works on ATD (Solaiman et al., 2019; Mitchell
et al., 2023). We also introduce a new baseline
based on sentence lengths. Below, we consider all
of these approaches in detail.

RoBERTa classifier. Unlike Cutler et al. (2021)
who process each sentence separately, we fine-tune
the RoBERTa model (Liu et al., 2019) to represent
the entire text sample via the [CLS] vector. This is
the only case among our proposed models where
we apply full model fine-tuning. For other methods,
we use simpler classifiers such as logistic regres-
sion or gradient boosting (Friedman, 2001) trained
on various features extracted directly from larger
trained models (e.g., Transformer-based LLMs),
with no updates to the larger model’s weights.

Perplexity-based features. We use a single uni-
fied model for all data to compute sentence-wise
perplexity, making our approach more practical
than that of Cutler et al. (2021) who used perplex-
ity scores from the original model used to generate
artificial text. Note that using the same model is
not only harder in practice but may also be infea-
sible if the generator is unknown, in particular in
cross-model scenarios.

Perplexity from GPT-2. We calculate the log
likelihood of each word and each sentence via GPT-
2 (Radford et al., 2019). We then train a classifier
using these vectors of sentence likelihoods as fea-
tures. Our underlying hypothesis here is that texts
generated by similar models such as GPT-2 or GPT-
3.5 might appear more “natural” to these models,
as reflected by their likelihood scores. Our findings
corroborate this assumption (see Appendix E).

DetectGPT. The DetectGPT framework



(Mitchell et al., 2023) proposes a more nuanced
perplexity-based scoring function. It involves
perturbing a text passage and comparing log-
probabilities between original and altered texts.
This score then serves as an input to a classification
model, with GPT-2 as the base model and T5-Large
(Raffel et al., 2020) generating the perturbations.

Length-Based Baseline. Since we have ob-
served a statistical difference in sentence length
distributions between human-written and generated
texts (see Fig. 2), we leverage sentence lengths as a
simple baseline feature. This baseline allows us to
gauge the effectiveness of a classifier in identifying
boundaries without semantic understanding.

Perplexity Regression. We use a gradient boost-
ing regressor trained on sentence-wise log likeli-
hood features to predict boundary values; note that
this regression-based formulation takes advantage
of the task’s sequential nature and aims to minimize
label discrepancies rather than necessarily predict
the exact first artificial sentence.

Topological Time Series (TTS). Inspired by
Tulchinskii et al. (2023a), we explore the poten-
tial of topological features based on intrinsic di-
mensionality (ID); we provide an introduction to
topological data analysis (TDA), including the defi-
nitions of features, in Appendix A. We hypothesize
that geometric variations in token sequences can
help identify machine-generated text, so we intro-
duce models that process TDA-based features treat-
ing them as time series. For every text, we slide a
window of H = 20 tokens (step size S = 5) over
RoBERTa token embeddings and find the intrinsic
dimension (PHD) of the points within the window,
as shown in Fig. 1 (Schweinhart, 2020). The time
series are then classified with an SVM with the
global alignment kernel (GAK) (Cuturi, 2011); this
method is called “PHD + TS ML in the tables.

Boundary detection via binary classification.
In this approach, we train a binary classifier to dis-
tinguish between fake and natural text atop a spe-
cific predictor. For the base predictor, we employ
intrinsic dimensionality calculated over a sliding
window of 20 tokens. The TLE (tight local) intrin-
sic dimension estimator was chosen due to its ro-
bust performance on small data samples (Amsaleg
etal., 2019). For the base classifier, we use gradient
boosting trees (Friedman, 2000, 2002). To translate
probabilities predicted with a binary classifier into
a specific boundary that separates real and fake text,
we determine the final label by maximizing y —
arg max;c7 s;(y, x), where the score function sy

is defined as s;(y,x) = = >_7 I} log p(x7), and
p(x) are predictions from the base binary classi-
fier. In this context, we use a binary indicator set
I € 1" consisting of a chunk of k zeros followed
by another chunk of n — k ones. This method is
called “TLE + TS Binary” in the tables.

4 Experimental evaluation

4.1 Dataset preparation and analysis

In all experiments, the task is to detect the ex-
act boundary where a text passage that starts as
human-written transits to machine generation. In
addition to RoFT (Dugan et al., 2020), we cre-
ated its new version called RoFT-chatgpt, where
the same human prompts are continued with the
gpt-3.5-turbo model. RoFT-chatgpt is supposed
to be more challenging for artificial text bound-
ary detection while preserving the basic statistical
properties of the original such as the label distri-
bution. During preprocessing, we removed dupli-
cates that were different only in human-predicted
labels from both datasets; for RoFT-chatgpt, we
also removed all samples containing “As an Al lan-
guage model...” and short samples that were clearly
failed generations. As a result, we retained 8943
samples from the original RoFT and 6940 samples
from RoFT-chatgpt. Preliminary statistical analy-
sis of the datasets revealed that the distributions
of sentence lengths in different subdomains vary
significantly, as shown in Fig. 2 and Figs. 6, 7 in
Appendix D (see also a discussion in Section 5).

4.2 Results

Table 1 presents the main results of our experiments
on artificial text boundary detection on RoFT and
RoFT-chatgpt datasets. The simplest baseline in
Table 1 is the majority class prediction, which is the
last (9th) class of fully human-written texts. On the
original RoFT, we also include the human baseline
and the best result reported by Cutler et al. (2021),
obtained by a classifier built upon concatenated
SRoBERTa embeddings of each sentence.

Apart from accuracy (Acc), we report two other
metrics reflecting the sequential nature of predicted
labels: soft accuracy, i.e., the percentage of predic-
tions that differ from the correct label by at most
one (SoftAccl), and mean squared error (MSE).
SoftAccl is interesting because a large part of mis-
classifications tends to be on the neighboring class
(see Fig. 18 in Appendix E), and a slight relaxation
of the exact classification seems to be acceptable
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Figure 1: Multilabel time series classification: (a) estimating the intrinsic dimension of token embeddings in a
sliding window, (b) a sample resulting series: green — human-written, orange — machine-generated tokens.

Table 1: Boundary detection results. Bold shows the best method; underlined, second best, italic, values outper-

forming the human baseline.

Method RoFT RoFT-chatgpt
Acc  SoftAccl MSE Acc  SoftAccl MSE

RoBERTa + SEP 49.64 % 79.71 % 02.63 | 54.61 % 79.03 % 03.06
RoBERTa 46.47 % 74.86 % 03.00| 39.01 % 75.18% 03.15
Perplexity-based classifiers

Perplexity + GB 24.25% 47.23% 11.68 | 3494 % 59.80% 07.46

Perplexity + LogRegr 23.75% 42.15% 15.80|33.50% 57.56% 09.25

DetectGPT + GB 1979 % 3740% 08.35|21.69 % 43.52% 06.87

DetectGPT + LogRegr 1945% 33.82% 09.03|1535% 41.43% 07.22
Perplexity-based regression 12.58 % 36.67 % 06.89 | 19.74 % 54.03 % 04.89
Topological Time Series

PHD + TS ML 2350% 4632 % 14.14|1729% 3581 % 14.45

TLE + TS Binary 1258 % 3041 % 2223 |20.02% 3458% 18.52
Length + GB 14.64 % 3343% 16.55|2572% 46.18% 18.99
Majority class 1526 % 2543 % 27.58 | 13.83% 24.42% 26.46
SRoBERTa (Cutler et al., 2021) | 42 % - - -
Human Baseline 22.62% 40.31% 13.88 -

in many real-world applications.

As for the results, we first note that on the origi-
nal RoFT, RoBERTa-based classifiers outperform
others by a factor of almost 2x in terms of accu-
racy metrics and also significantly outperform the
previously best reported SRoBERTa model (Cutler
et al., 2021). This model also provides the lowest
MSE (0.03) among all the methods. We note, how-
ever, that our RoOBERTa classifier has significantly
more trainable parameters than any other method
in the table because no other approaches require
language model fine-tuning. Second, topological
and perplexity features improve over the human
baseline. Perplexity-based classifiers are the best
in terms of accuracy, while the perplexity regressor
provides good MSE values. Recall from Section 2,
however, that humans were solving a harder prob-
lem with a somewhat different objective.

Third, RoBERTa’s accuracy on RoFT-chatgpt
drops by 6% compared to RoFT, while soft accu-
racy and MSE are roughly the same. Surprisingly,
the opposite holds for perplexity-based methods:

on RoFT-chatgpt the results are significantly bet-
ter than for data generated by older LLMs. The
reason for this might be that we used a GPT-like
model (GPT-2) for perplexity calculation, and the
GPT-3.5-turbo model that we used to generate fake
samples in RoFT-chatgpt belongs to the same fam-
ily. However, note that we used a smaller model
(GPT-2) to detect text generated by a larger model
(GPT-3.5) and got second-best results among other
approaches, despite Mitchell et al. (2023) report-
ing that smaller models are not capable of detect-
ing text generated by larger models. The baseline
length-based classifier also improves its accuracy
significantly (by 1.8x) when transferring to RoFT-
chatgpt. We hypothesize that this kind of a shallow
feature emerges in ChatGPT generation and makes
the task easier (see also Section 5).

The other perplexity-based approach, De-
tectGPT, exhibits lower accuracy compared to
RoBERTa and perplexity-based classifiers on both
datasets. Mitchell et al. (2023) note that Detect-
GPT can detect whether the sample is generated by



a specific base model, but we use several models
in our setup, and text samples may be too short
this approach. On the other hand, DetectGPT has
quite good MSE values, close to the regression
approach designed to optimize this value directly.
Nevertheless, we exclude this method from further
experiments for the sake of the balance of quality
and computational complexity.

4.3 Cross-domain generalization

Supervised ATD methods with fine-tuning such
as RoBERTa are more sensitive to spurious cor-
relations in a dataset and often demonstrate poor
cross-domain transfer, especially in comparison
to topology-based approaches (Tulchinskii et al.,
2023a). Table 2 reports the results of cross-domain
transfer between four text topics presented in the
RoFT-chatgpt dataset. We report in-domain and
out-of-domain accuracy: the IN column shows
results from domains seen during training, while
OUT shows results for the unseen domain corre-
sponding to this column. MSE scores are reported
in Table 3 in Appendix B. For each model, train-
ing was done on three domains, and the resulting
model was tested on the fourth, unseen domain; we
used 60% of these subsets mixed together, as the
training set, 20% as the validation set, and 20% as
the test set for in-domain evaluation.

First, note how RoBERTa’s performance drops
for all subsets with a very significant change
from 0.25 to 0.61. The perplexity-based classifier
demonstrates excellent cross-domain generaliza-
tion for Presidential Speeches and Short Stories,
while for the Recipes domain TTS classifiers prove
to be the most stable. For the New York Times sub-
set, we observe a significant generalization gap for
all classifiers. These results mean that each type
of classifier can handle its own set of spurious fea-
tures well, and no classifier is universally better
than the others. We hypothesize that aggregation
of different features can improve the results and
leave this for future research. As for classification
accuracy, surprisingly, on two subsets out of four
the perplexity-based classifier outperforms a fully
fine-tuned RoBERTa. Moreover, for Recipes the
multilabel topological time series method is the
best. This happens because TDA-based methods
are extremely stable under domain shift on this
dataset split despite being significantly worse than
others in absolute values. We also note significant
differences in the format of sentences in the Recipes
domain compared to others (see Section 5).

In general, we can conclude that perplexity-
based classifiers and RoBERTa perform roughly
equally on average in the out-of-domain setting.
This is a remarkable property, taking into account
the training budget of these classifiers: the former
is a simple classifier trained on ten features ex-
tracted by a language model with frozen weights,
while the latter involves full LM fine-tuning.

Our final observation in this setting is related
to the length-based baseline. For in-domain data,
average sentence length provides a strong signal,
leading to accuracy between 20% to 32% depend-
ing on the data split and even outperforming topo-
logical methods. But cross-domain generalization
fails, which means that we should prefer the clas-
sifiers that ignore this feature in order to achieve
good generalization (see more details in Section 5).

4.4 Cross-model generalization

The original RoFT dataset contains data generated
by different models. Appendix C shows detailed
experimental results for cross-generator general-
ization (Tables 4 and 5). We tune our classifiers
on generation results produced by one model and
test the performance for all other models. In gen-
eral, this task is harder for all considered classifiers:
there are models for which prediction accuracy
drops down to virtually zero values. But we ob-
serve an interesting result for the perplexity-based
classifier: it achieves good generalization when
transferring to very large models such as GPT3-
davinci and GPT2-XL, while for other models the
generalization is poor. We provide possible expla-
nations of such results in the next section.

5 Discussion and analysis of the results

In this section, we present some interesting conclu-
sions that can be made from the data and model
performance. First, the length of sentences seems
to play an important role, deceiving our classifiers.
We connect it with a significant difference between
distributions of sentence lengths written by humans
and generated by large language models (see Fig. 2
and Figs. 6, 7 in Appendix D). This is supported
by our experiments with the length-based classi-
fier, which sometimes outperforms other methods
in terms of accuracy (Tables 1 and 2).

As for the data, we note interesting peculiarities
in the Recipes topic: texts often contain the index
of the current step in a recipe (“1.”, “2.” etc.) as
a distinct sentence, which can be easily picked up



Table 2: Accuracy for leave-one-out cross-domain evaluation on RoFT-chatgpt. A and V show relative change from
the model’s in-domain score to the human score; A and ¥ show relative change from the out-of-domain score to the
in-domain score. GGreen highlights improvements, red indicates deteriorations.

Pre- Pres. Speeches Recipes New York Times Short Stories Avg
dictor Model Context [IN 1 OUT 1t [IN? OUT{ |IN? OUT{ |IN? ouTt | A
Text RoBERTa SEP global 57.30153% 31.4v45%(43.2291% 13.1v70%|53.22135% 38.1v28%|54.31140% 28.6v47%|—48%
Text RoBERTa global 54.21140% 40.2v26%|39.7275% 15.1v62%|53.32136% 34.0v36%|50.31122% 27.7v45%|—42%
Perpl. GB sentence  [36.1260% 35.3v02%|36.6462% 19.4v47%|36.9463% 29.7v20%[32.8245% 32.9400%|—17%
Perpl. LogRegr sentence |34.8454% 32.4v07%[40.6280% 20.4v50%|36.7262% 28.9v21%(32.7144% 35.6400%| -17%
Perpl. Regr. (GB) sentence |20.9v08% 22.6408%|23.8205% 14.4v39%|18.5v18% 16.1v13%(21.2v06% 21.8403%| -10%
PHD TS multilabel 100 tokens|20.3v10% 13.7v32%[19.2v15% 19.5402%|20.9v08% 17.2v18%|21.2v06% 17.6v17%| -16%
TLE TS Binary 20 tokens |25.6413% 14.7v42%[16.5v27% 16.3v01%|25.0211% 17.1v32%|22.1v02% 11.1v50%| -31%
Length GB sentence |28.1424% 11.8v58%|21.1v07% 15.5v26%|30.4434% 18.4v39%(32.3243% 15.8v51%| -44%
Length LogRegr sentence [19.6v14% 10.8v45%|17.0v25% 12.9v24%|22.2v02% 09.1v59%(22.9201% 09.1v60%| -47%
Majority — 15.4v32% 13.0v43% 15.9v30% 17.7v22% —
Approximated human global 22.62 22.62 22.62 22.62
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Figure 2: Sentence length distributions in ROBERTA tokens, original RoFT, by model
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Figure 3: Confusion matrices of RoOBERTa predictions on the four domains in the RoFT-chatgpt dataset.

as a domain feature, and the first sentence tends to
be very long compared to others. This may explain
worse performance when Recipes is used as the
out-of-domain part. The RoBERTa classifier has
the largest quality drop here, so we investigated its
confusion matrices. Fig. 3 shows the anomaly on
the Recipes domain: RoOBERTa tends to predict the
label “1” most of the time, while on other domains
its predictions are distributed much more evenly
and adequately. The only approach able to han-
dle cross-domain transfer to Recipes is topological
time series; we suggest that unlike other methods
it is able to ignore sentence length variations.

Label distributions (see Figs. 9 and 10 in Ap-
pendix D) vary significantly across models. GPT-2

is especially different from natural texts, and the
behavior of our models in cross-model transfer to
GPT-2 (Appendix C), suggests that the only model
stable under the label distribution shift is perplexity-
based regression. Although its accuracy numbers
are low, it outperforms the human level in terms of
MSE even in out-of-domain evaluation.

Distributions of sentence perplexities across dif-
ferent generators are also interesting (see Fig. 4).
Perplexity distributions for texts generated by base-
line or GPT-2 are very different from the distri-
butions of texts generated by other models. This
might explain the poor performance of decision
tree and linear classifiers when these generators
are excluded from the training set: significant dis-



baseline ctrl-Politics

ctrl-nocode davinci

finetuned gpt2

gpt2-x| human

Figure 4: Perplexities of the last sentence in RoFT by model; blue — distribution on the in-domain set, i.e., the entire
dataset except the speficied generator; orange — on the out-of-domain set, i.e., data from the specified generator.
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Figure 5: PHD distributions for the real and fake parts of the RoFT dataset by generator models

crepancies between feature distributions across do-
mains may lead to poor cross-domain transfer in
these cases. Perplexity-based logistic regression
and gradient boosting classifiers over the same set
of features show the opposite behavior in GPT2-
XL subset transfer: the former fails to generalize,
while the latter demonstrates an improvement in the
quality metrics (see Appendix C). Moreover, dis-
tributions of sentence perplexities can vary highly
depending on the generator. We believe that ad-
ditional normalization and/or better choice of a
model are needed to mitigate this.

Finally, we note that geometric properties of the
embeddings for both RoFT and RoFT-chatgpt show
the difference between PHD distributions of real
and fake RoFT text for different models (Fig. 5) and
topics (Figs. 11, 12 in Appendix D). TLE dimen-
sion distributions for sentences in human-written
and Al-generated parts of the texts are different as
well (Figs. 13, 14, 15, Appendix D).

6 Conclusion

In this work, we address the task of boundary detec-
tion between human-written and generated parts in

texts that combine both. We believe that this setting
is increasingly important in real world applications
and is a natural setting for recognizing artificial
text since it is often mixed with and prompted by
human text.

We have considered the RoFT dataset, presented
its modification RoFT-chatgpt generated with a
more modern LLM, and investigated the perfor-
mance of features that were useful for artificial text
detection in previous works. In particular, we have
shown that LLM fine-tuning works reasonably well
for this task but tends to overfit to spurious features
in the data, which leads to generalization failures in
some settings. On the other hand, perplexity-based
and topological features provide a signal that can
help in these situations. We have demonstrated that
perplexity features are the best overall on balance
between accuracy, generalization, and training com-
plexity, and proposed new algorithms for boundary
detection.

Finally, our analysis has uncovered gaps in cur-
rent approaches and discovered difficult aspects
of the task, which we plan to address in future
research.



7 Limitations

The task of detecting the exact boundary between
human-written and machine-generated text is ex-
tremely hard in cross-domain and cross-model set-
tings, both for short texts such as RoFT (due to
lack of information) and longer texts (due to a large
space of possibilities). Therefore, it is no wonder
that none of suggested methods have achieved a
really high quality in this setting, but the results
in any case suggest a large room for improvement.
Besides, we have to note that all methods we con-
sidered were based on Transformers with relatively
small context window size (RoBERTa, GPT-2).
This fact limits the transferability of the proposed
approaches onto longer text samples. Another lim-
itation is that methods relying on RoBERTa fine-
tuning and on intrinsic dimension estimation are
slower than methods relying on perplexity estima-
tion.
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A Intrinsic Dimension Estimation
Methods

According to the manifold hypothesis (Narayanan
and Mitter, 2010), the data X lies on a low-
dimensional submanifold: X C M™ C R%, where
d is the extrinsic dimension and n is the intrin-
sic dimension (ID). The geometric and topological
properties of the manifold M are of particular in-
terest. There are various methods for estimating
the ID that can be divided into global and local
methods.
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For the tight local intrinsic dimension estimator
(TLE) proposed by Amsaleg et al. (2019), we use
the neighborhood center point z, a set of neighbor-
hood samples V' and a specially defined distance
between points in a sufficiently small neighborhood
of z:

r(v—q) (v—q
2(x—q)-(v—0q)’

where r is the radius of the neighbourhood. For
every three points x, v, w we can compute

dey(q,v) = (D

dy (22 —
,

dy (v, W)
r

v, W)

M(z,v,w) =1In +In

If Vi, = V U {z}, then the intrinsic dimension can
be found by averaging the estimates for all points
x, as defined by the following formula:

-1

1y (z) = — 2 > M(z,v,w)

v,we Vi, v#wW
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Applied algebraic topology provides effective
tools for analyzing the topological structure of
data. The theoretical foundations of topological
data analysis (TDA) have been described in detail
by, e.g., Barannikov (1994) and Carlsson (2020).
TDA allows us to consider a dataset X C R? from
the topological point of view. In order to move
from point clouds X to topological spaces, it is nec-
essary to approximate the data by a simplicial com-
plex R. In our research, we use the Vietoris-Rips
complex R(X;t). The method of constructing the
complex R is as follows: simplexes are formed by
subsets of points from X whose pairwise distances
do not exceed ¢ (a scaling parameter). An increas-
ing sequence of simplicial complexes is called a
filtration: {R¢}(;>0) = Rty € Ryy C ... C Rs.

Homology groups H;(R) are a topological in-
variant that expresses the properties of a topological
space R. We use 3;(R) = dim H;(R), which is
known as the ith Betti number, a topological fea-
ture equal to the dimension of the homology group;
for ¢ = 0, 1, 2 the Betti number corresponds to the
number of connectivity components, cycles, and
cavities respectively.

Topological features appear and disappear at dif-
ferent values of ¢, which leads to the next core
concept in TDA: the barcode. It summarises the
dynamics of topological features in the filtration
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process. A bar is the lifetime of the nth homology
feature I, = tPirth — ¢death - A Jong bar in the bar-
code means that the data contains a fairly persistent
and informative topological feature.

Schweinhart (2020) introduced the persistent ho-
mological fractal dimension (PHD) that general-
ized Steele (1988) for higher dimensions of the
homology group and used the topological proper-
ties of the point cloud. The PHD has already been
proven to be useful in the study of the properties of
deep learning models (Birdal et al., 2021; Magai,
2023).

Let us denote the power-weighted sum of [V bars
for the ith degree of homology as follows:

N
EL(X) =) I 3)
=1

It is interesting to note that EY(X,,) is equal to
the length of the Euclidean minimum spanning tree
(MST) of X, C R (Skraba et al., 2017).

Then the persistent homological fractal dimen-
sion (PHD) can be defined as follows:

a

PHD' = ,
-3

] )

where

1 E!
B = lim sup 08(E(Eq(x1,
log(n)

n—o0

»2n)))

)

and z1, ..., x, are sampled independently from X.
That is, PHD!(X) = d if E!(z1,...,z,) scales
as ndiTa and a > 0 (we take 1 = 0, « 1).
Persistent homological fractal dimension can be
estimated by analyzing the asymptotical behavior
atn — oo of B! (xy...z,,) for every i. In other
words, to calculate PHD we must find a power law
that shows how E (z1...z,,) scales as n increases.
See Adams et al. (2020) and Schweinhart (2020)
for more details.

B Cross-domain transfer

Table 3 supplements Table 2 from the original
text, reporting the results of cross-domain trans-
fer for our methods on the RoFT-chatgpt dataset
between four text topics presented in the data. We
report in-domain and out-of-domain accuracy: the
IN column shows results from domains seen dur-
ing training, while the OUT column reflects the
model’s ability to detect artificial texts in the un-
seen domain corresponding to this column. For
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each model, training was done on three out of the
four domains, and the resulting model was tested
on the fourth, unseen domain; we used 60% of
these subsets, mixed together, as the training set,
20% as the validation set, and 20% as the test set
for in-domain evaluation.

C Cross-model transfer

Tables 4 and 5 show our experimental results on
cross-model transfer for all considered text genera-
tion models. The artificial text boundary detection
models were trained on the parts of the dataset gen-
erated by all language models except one, which
is held out for cross-model testing, and tested in-
domain (ID) on the same parts and out-of-domain
(OOD) on the remaining part generated by the held-
out model.

D Additional Dataset Analysis

In this section we provide additional statistics and
visualizations for the distributions of various fea-
tures in the data. In particular, we note that on
most diagrams, real texts have smaller PHD than
fake texts, which is a very different result from the
statistics presented by Tulchinskii et al. (2023a),
who noted that the PHD of real texts is larger than
that of fake texts. We hypothesize that it can be
due either to very short lengths of texts in our work
compared to the texts considered by Tulchinskii
et al. (2023a) or due to differences in the sampling
strategy used by Dugan et al. (2020) and Tulchin-
skii et al. (2023a) when generating texts. Another
observation is that the TLE dimension is very dif-
ferent for all generator models in the original RoFT
dataset. This may be the reason for the bad gener-
alization performance of intrinsic dimension-based
algorithms across domains. For RoFT-chatgpt PHD
and TLE, real and fake texts are close to each other.

We show dataset statistics in the following fig-
ures:

* Figures 2, 6, and 7 show the lengths of texts
in tokens produced by the standard RoBERTa
tokenizer (the figures have a cutoff of 100 for
readability but the datasets do contain a few
longer sentences);

* Figure 8 shows the distribution of pretrained
(but not fine-tuned) RoBERTa [CLS] embed-
dings for real and fake parts of text samples
from the original RoFT and RoFT-chatgpt
datasets;



Table 3: Mean squared errors from leave-one-out cross-domain evaluation on RoFT-chatgpt. A and V indicate
the relative change from the detection model’s in-domain score to the human score, while A and V¥ represent the
relative change from the out-of-domain score to the in-domain score. Grreen highlights improvements, e indicates

deteriorations.

Pre- Pres. Speeches Recipes New York Times Short Stories Avg
dictor Model Context IN] OUT| [IN] OUT| [IN| OUT| [IN| OUT| | A
Text RoBERTa SEP global 02.6v81% 10.64308%(02.6v81% 18.34604%|03.4v76% 07.94132%|02.3v83% 09.04291%|334%
Text RoBERTa global 02.3v84% 07.54227%|02.8v80% 13.54389%(02.9v79% 06.24115%|02.6v81% 05.54110%|211%
Perpl. GB sentence |07.3v47% 08.9422% |07.0v49% 14.64108%|07.2v48% 09.4431% |08.5v39% 08.5v00% | 40%
Perpl. LogReg sentence  |08.2v41% 11.5441% [06.0v57% 16.84180%|08.7v37% 11.8436% [09.6v31% 09.3v03% | 64%
Perpl. Regr. (GB) sentence  |04.7v66% 06.6411% |04.8v65% 09.74102%|04.9v65% 05.7417% [05.2v63% 05.0v04% | 39%
PHD TS multilabel =~ 100 tokens|12.3v11% 14.6419% |10.7v23% 11.0403% [14.1201% 16.8419% |11.6v17% 11.6v00% | 10%
TLE TS Binary 20 tokens [12.3v12% 15.6427% [18.0420% 15.4v14% |12.0v13% 17.6447% |17.4225% 23.9a38% | 24%
Length GB sentence |[12.8v08% 15.9424% |14.2202% 17.9a26% |13.7v01% 18.4431% [12.5v10% 15.3422% | 26%
Length LogReg sentence |20.1445% 20.5402% |16.7220% 24.7a48% |17.2224% 22.1a28% [18.5433% 22.9424% | 26%
Majority — 27.5198% 27.4097% 27.91101% 28.04102% —
Approximated human** global ‘ 13.88 13.88 13.88 13.88

Table 4: Original RoFT, cross-model transfer, part 1. The models were trained on all parts of the dataset except one
and tested in-domain (ID) on the same parts and out-of-domain (OOD) on the remaining part.

Model Metric GPT2-XL GPT2 davinci
ID OOD ID OOD ID OOD
RoBERTa + SEP Acc, % 46.38 4094 | 4595 08.78 | 63.25 19.73
RoBERTa + SEP SoftAccl, % | 76.85 76.83 | 76.71 31.22 | 85.52 47.27
RoBERTa + SEP MSE 0390 02.92 | 04.17 06.77 | 03.04 07.59
RoBERTa Acc, % 46.68 32.56 | 40.30 06.94 | 57.20 14.48
RoBERTa SoftAccl, % | 77.30 72.07 | 75.52 25.31 | 84.61 40.49
RoBERTa MSE 03.73 03.10 | 03.70 07.18 | 02.94 08.56
Perplexity + GB Acc, % 23.00 23.43 | 28.12 04.08 | 23.75 19.78
Perplexity + GB SoftAccl, % | 40.35 47.90 | 47.96 30.61 | 46.03 42.46
Perplexity + GB MSE 15.39 10.51 | 12.19 1599 | 11.85 15.38
Perplexity + LogRegr Acc, % 21.27 08.86 | 23.67 03.47 | 21.43 08.31
Perplexity + LogRegr  SoftAccl, % | 33.33 22.14 | 39.80 27.45 | 3535 25.19
Perplexity + LogRegr MSE 21.52 2448 | 1699 18.98 | 19.71 22.06
Perplexity + Regr Acc, % 11.68 1578 | 1456 14.18 | 13.91 15.30
Perplexity + Regr SoftAccl, % | 34.84 49.37 | 39.36 47.86 | 46.10 44.43
Perplexity + Regr MSE 07.67 04.62 | 06.80 06.40 | 06.73 06.64
PHD + TS ML Acc, % 31.84 04.02 | 25.64 04.49 | 31.38 02.05
PHD + TS ML SoftAccl, % | 56.08 14.14 | 4428 35.85 | 53.31 13.82
PHD + TS ML MSE 11.13 28.18 | 16.37 10.74 | 11.82 27.03
TLE + TS Binary Acc, % 14.17 03.15 | 1236 07.76 | 14.48 00.98
TLE + TS Binary SoftAccl, % | 31.14 13.10 | 29.19 32.14 | 34.01 11.58
TLE + TS Binary MSE 21.58 28.20 | 21.36 16.35 | 18.12 30.45
Length + GB Acc, % 21.70 04.75 | 1830 01.22 | 19.18 06.33
Length + GB SoftAccl, % | 36.0 09.48 | 33.20 22.02 | 36.09 22.07
Length + GB MSE 23.56 33.32|27.00 19.27 | 17.35 20.00
Human Baseline Acc, % 2248 17.23 | 22.59 22.53 | 2474 14.06
Human Baseline SoftAccl, % | 41.91 37.03 | 39.73 48.01 | 42.44 33.47
Human Baseline MSE 13.49 14.69 | 1429 09.86 | 14.03 1291
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Table 5: Original RoFT, cross-model transfer, part 2. The models were trained on all parts of the dataset except one
and tested in-domain (ID) on the same parts and out-of-domain (OOD) on the remaining part.

Model Metric ctrl-Politics | ctrl-nocode tuned baseline
ID OOD ID OOD ID OOD ID OOD
RoBERTa + SEP  Acc, % 49.35 59.12 | 50.20 60.61 | 49.55 23.85 | 51.35 06.35
RoBERTa + SEP  SoftAccl, % | 78.49 89.31 | 80.10 84.85 | 81.55 56.96 | 79.84 15.87
RoBERTa + SEP MSE 02.86 01.24 | 02.93 01.87 | 02.33 06.33 | 02.51 39.32
RoBERTa Acc, % 47.46 44.03 | 46.07 54.55 | 4591 2098 | 47.29 04.76
RoBERTa SoftAccl, % | 78.43 85.53 | 78.01 86.87 | 80.13 52.88 | 78.49 15.87
RoBERTa MSE 02.80 01.21 | 02.79 01.07 | 02.37 06.49 | 02.69 36.00
Perpl. + GB Acc, % 25.27 10.69 | 25.32 07.07 | 30.88 10.15 | 24.44 06.35
Perpl. + GB SoftAccl, % | 48.89 27.04 | 47.71 24.24 | 53.87 29.20 | 47.64 14.29
Perpl. + GB MSE 11.81 2096 | 12.27 2270 | 11.67 17.86 | 12.01 39.62
Perpl. + LogRegr Acc, % 24.08 07.55 | 21.88 07.07 | 28.50 08.04 | 24.77 03.17
Perpl. + LogRegr SoftAccl, % | 42.23 2390 | 38.84 19.19 | 42.78 22.28 | 4245 15.87
Perpl. + LogRegr MSE 15770 23.27 | 16.69 25.38 | 17.46 24.20 | 15.72 40.86
Perpl. + Regr Acc, % 14.80 13.21 | 13.96 14.14 | 1570 11.90 | 13.62 03.17
Perpl. + Regr SoftAccl, % | 42.06 40.25 | 41.89 33.33 | 43.08 36.03 | 39.25 14.29
Perpl. + Regr MSE 0640 07.78 | 06.55 08.31 | 06.81 07.10 | 06.84 22.86
PHD + TS ML Acc, % 25770 08.18 | 25.18 11.11 | 21.44 12.58 | 23.13 03.70
PHD + TS ML SoftAccl, % | 47.33 32.70 | 47.30 39.39 | 3531 26.37 | 45.64 05.56
PHD + TS ML MSE 14.09 11.23 | 13.62 09.41 | 18.28 1843 | 13.42 52.39
TLE + TS binary  Acc, % 1098 05.03 | 11.53 04.04 | 14.51 06.56 | 12.39 03.18
TLE + TS binary ~ SoftAccl, % | 29.08 18.87 | 28.21 22.22 | 30.21 17.26 | 28.21 15.88
TLE + TS binary MSE 2036 23.28 | 20.84 21.82 | 21.82 26.64 | 20.59 25.55
Length + GB Acc, % 17.32  03.77 | 18.05 0.0 | 21.64 0.04 | 15.24 26.98
Length + GB SoftAccl, % | 33.96 18.86 | 35.71 15.15 | 35.80 10.87 | 32.56 34.92
Length + GB MSE 2248 23.87 | 24.16 26.53 | 23.59 3278 | 16.25 16.0
Human Baseline  Acc, % 22.60 21.6 | 22.57 2394 | 21.46 2590 | 22.41 46.15
Human Baseline  SoftAccl, % | 40.61  41.6 | 40.59 45.07 | 39.17 44.92 | 40.46 63.46
Human Baseline = MSE 13.87 10.57 | 13.87 07.70 | 13.92 1348 | 13.82 11.51
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Figure 6: Sentence length distributions in ROBERTA tokens, original RoFT, by topic

New York Times

Short Stories

Recipes

60 80 100

Presidential Speeches

6001 W natural, avg:22.2

generated, avg:17.6

20

40 60 80

100 0 20

W natural, avg:21.7
generated, avg:17.3

40 60

80 100

0 20

W natural, avg:21.8
generated, avg:17.0

40 60

80 100

0 20

W natural, avg:22.2
generated, avg:19.3

40

Figure 7: Sentence length distributions in ROBERTA tokens, RoFT-chatgpt, by topic

14

60 80 100



GPT-2-XL Recipes GPT-2-XL Short Stories GPT-2-XL New York Times

10 10 10
08 08 08
06 08 08
E E E
o el o
o (=] o
04 04 04
02 02 02
00 00 00
00 02 04 086 08 1.0 0.0 02 04 08 08 10
1dim 1dim
GPT-3.5-turbo Short Stories GPT-3.5-turbo New York Times
10 10 10 Cb
08 08 c) 08 CDC)
06 08 08
E E E O
o o o
o o o
04 04 04
02 02 02
00 00 o® 00 O
00 02 04 086 08 1.0 0.0 02 04 086 08 10 0.0 02 04 08 08 10
1dim 1dim 1 dim
Davinci Short Stories Davinci New York Times
10 10 10 O
08 08 08
06 08 08
E E E
o o o
o o o
04 04 04
02 02 02
00 00 00
00 02 04 06 08 1.0 0.0 02 04 06 08 10 0.0 02 04 06 08 10
1dim 1dim 1 dim

Figure 8: Distribution of pretrained (but not fine-tuned) RoBERTa [CLS] embeddings of real and fake parts of
text samples from the original RoFT and RoFT-chatgpt datasets. The dimension is reduced to 2D via principal
component analysis (F.R.S., 1901).
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Figure 9: Label distributions for the original RoFT dataset by model
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Figure 10: Label distributions for the original RoFT dataset by topic
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Figure 11: PHD distributions for the real and fake parts of the RoFT dataset by topics
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Figure 12: PHD distributions for the real and fake parts of the RoFT-chatgpt dataset text by topics
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Figure 13: TLE dimension distributions for the sentences in the RoFT dataset by generator models
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Figure 14: TLE dimension distributions for the sentences in the RoFT dataset by topics
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Figure 15: TLE dimension distributions for the sentences in the RoFT-chatgpt dataset by topics
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Figure 16: Sentence perplexities in the RoFT-chatgpt dataset by label
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Figure 17: Analysis of the logistic regression trained on sentence perplexities in the RoFT-chatgpt dataset (Perplexity
+ LogRegr in the tables): (a) heatmap of the coefficients; (b) confusion matrix for test set predictions.

* Figure 9 shows the distribution of labels in the
original RoFT dataset by generator;

Figure 10 shows the distribution of labels in
the original RoFT dataset by topic; this distri-
bution is identical to the corresponding distri-
bution for the RoFT-chatgpt dataset;

Figure 5 shows the distribution of PH dimen-
sions of real and fake parts of the text by gen-
erator;

Figures 11 and 12 show the distributions of
PH dimensions by topic for the original RoFT
and RoFT-chatgpt respectively;

Figure 13 shows the distribution of TLE di-
mensions of different sentences by generator;
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* Figures 14 and 15 show the the distributions
of TLE dimensions by topic for original RoFT
and RoFT-chatgpt respectively.

E Detailed experimental results

In this section, we provide additional statistics and
visualizations regarding our experimental results.
Figure 16 visualizes the changes in perplexities for
sentences from the texts in RoFT-chatgpt by their
labels. We make the following observations.

First, perplexities of the first couple of sentences
across all texts are quite high, and the average per-
plexity of sentences decreases by the end of the text.
This is probably due to the fact that for the words
of the first sentences the length of the text prefix
is not enough for a stable calculation of perplexity.



One solution to mitigate this effect and hence make
perplexity-based classifiers more stable might be
to generate new prefixes for the text using some
generative model (e.g. gpt-3.5) and calculate per-
plexities of original text words using this generated
prefix. We leave this idea for further research.

Second, there is no evident spike of perplexity
at the start of the fake text. This is an additional
indication for the fact that artificial text boundary
detection may be a far harder problem than artificial
text detection by classifying full texts into real and
fake.

Figure 17a visualizes the coefficients of a logistic
regression model trained on sentence perplexities
from the RoFT-chatgpt dataset (Perplexity + Lo-
gRegr rows in the tables). We can see a distinct
pattern in this figure. For the label k, which means
that the first fake sentence in the text is the (k+1)st,
the highest value of the coefficient is the kth one,
and the lowest one is often the (k+2)nd. This could
mean that the model is “searching” for a sudden
drop of perplexity at a point where the fake part
is starting. This fits together well with the idea
that GPT-2 sees text generated by a similar model
(GPT-3.5-turbo) as a more “natural” one than real
human-produced text. Therefore, perplexity often
drops at the point where fake text begins, and logis-
tic regression can pick up this effect and use it as a
decision rule.

Finally, Figure 17b visualizes the confusion ma-
trix on the test set of a gradient boosting regressor
trained on the original RoFT dataset. We can see
that its predictions are highly concentrated around
the center labels (3-6), although MSE scores of
the gradient boosting regressor on both in-domain
and out-of-domain sets are in top-2 among other
approaches for almost any test set (Tables 4 and 5).
This suggests that further research on the errors of
different models on different data subsets is needed.
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Figure 18: Confusion matrix for the predictions of lo-
gistic regression trained on sentence perplexities in the
RoFT-chatgpt dataset (Perplexity + LogRegr in the ta-
bles) without the Short Stories topic, tested on the Short
Stories subset.
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