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Abstract

This work investigates the extent to which open-
source Large Language Models (LLMs) can
improve accessibility of unstructured historical
documents by performing abstractive summa-
rization and fine-grained Named Entity Recog-
nition (NER) for role classification and viola-
tion types. We evaluate open-source LLMs in
zero-shot settings and apply these tasks to wit-
ness testimonies collected by the South African
Truth and Reconciliation Commission (TRC),
which archived a large body of text document-
ing human rights violations during apartheid.
Despite their historical significance, these texts
are difficult to access due to their length, lack
of standardized structure, and the absence of
systematic indexing. Open-source LLMs show
strong performance in summarization, with
most models surpassing non-LLM baselines
(maximum BERTScore 0.77), while NER per-
formance remains limited (maximum F1-score
0.61). Results suggest a trade-off in which
stylistic fluency is prioritized over factual pre-
cision. A two-stage pipeline, summarization
followed by NER on LLM summaries, leads to
measurable improvements.

1 Introduction

The preservation of historical records is essential
for understanding the past and informing future
generations. Natural Language Processing (NLP)
tasks such as summarization and Named Entity
Recognition (NER) can support this goal by mak-
ing large, unstructured archives more accessible
and searchable, particularly through transparent
and reproducible open-source approaches.

In South Africa, the Truth and Reconciliation
Commission (TRC)! produced an extensive collec-
tion of testimonies that document the experiences
of victims and witnesses of human rights viola-
tions during apartheid. Prior research on witness
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Figure 1: Study Overview.

testimonies from atrocity tribunals highlights the
historical and legal value of such material (Key-
dar, 2020; Schirmer et al., 2022, 2025), suggest-
ing that the TRC collection constitutes a valu-
able resource. However, it is difficult to access
for a wider audience due to its volume, unstruc-
tured format, and the linguistic complexity of first-
person testimonies. NLP can make such collections
more accessible through automatic extraction and
summarization of key information. Conventional
NLP techniques frequently encounter difficulties
with culture- and domain-specific vocabulary, ir-
regular formatting, and historical contexts (Blouin
et al.,, 2021). Although primarily designed for
text generation, Large Language Models (LLMs)
have demonstrated high performance on a wide
range of NLP tasks, including information extrac-
tion (Hilgert et al., 2024; Kostina et al., 2025).
Open-source LLMs of increasing quality can now
be applied transparently and reproducibly, without
task-specific training.

Building on this, we examine whether open-
source LL.Ms can reliably extract key information
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from complex, unstructured texts, focusing on two
tasks in particular: abstractive summarization and
NER of victim and witness names, as well as the
identification of violations discussed in the respec-
tive hearing. While the extraction tasks technically
combine aspects of NER, classification, and infor-
mation extraction, we refer to them as NER tasks
throughout this work for simplicity. This is con-
sistent with established work on fine-grained NER,
where entity types extend beyond standard cate-
gories such as PERSON or LOCATION to include
domain-specific roles (Choi et al., 2018; Zhang
et al., 2020a).

LLMs are particularly promising for these tasks,
since most existing NER models are limited to
standard entity types and require task-specific fine-
tuning. In contrast, our task demands the identi-
fication of fine-grained, context-dependent roles,
such as distinguishing between victims and wit-
nesses, without additional training. This paper’s
contributions are as follows:

1. We show that open-source LLMs are highly
effective at abstractive summarization
of long and complex historical documents
(BERTScores of up to 0.77), being competi-
tive with commercial models, while achieving
moderate performance on entity detection (F1-
scores up to 0.61).

2. We present performance trends with a com-
parative analysis of different open-source
models;

3. introduce a pipeline approach that first sum-
marizes the text and then applies NER, result-
ing in significantly improved results; and

4. provide a curated dataset of 200 witness re-
ports corresponding to over 1,000 pages of
court documents, including human- and LLM-
generated summaries and structured metadata
such as victim and witness names and the vio-
lations discussed.

We use free and open-source language models,
with a focus on small systems, aiming to reduce
computational costs and improve usability in re-
search contexts with limited resources. All data
and code are available online.’

Zhttps://github.com/ge56dit/
11m-apartheid-summarization-ner

2 LLMs for Summarization and NER

For abstractive summarization, LL.Ms have been
established as the state-of-the-art method, consis-
tently outperforming previous approaches. In con-
trast, LLMs are rarely the method of choice for
NER due to their focus on text generation tasks.
Despite the challenges for LLMs in NER, their flex-
ibility and high context-understanding make them
a promising option when dealing with fine-grained
NER and classification on complex texts.

Summarization for Long Inputs. With the in-
troduction of LLLMs, the capabilities of abstrac-
tive summarization methods have improved signifi-
cantly. Models such as GPT-3 (Brown et al., 2020)
have produced coherent and factual summaries, be-
ing fine-tuned to fit a specific task (Alexandr et al.,
2021; Rallapalli et al., 2025) or used in zero- or
few-shot settings (Leiva-Araos et al., 2025; Liu and
Healey, 2023; Pokale et al., 2023).

One of the biggest challenges in summarization
is how to deal with long inputs. A document is
usually considered long if it exceeds the maximal
input length of state-of-the-art models, causing bi-
ases and lower performance (Ravaut et al., 2024;
Hosseini et al., 2024). The most recent models
allow for very long to theoretically unlimited in-
puts; however, hardware limitations still require
strategies for long inputs. Recent work suggests so-
lutions, such as chunking the text and merging the
results, intelligently truncating parts of the text that
are unlikely to influence downstream tasks, or pre-
processing with extractive summarization methods
(Chang et al., 2024; Hosseini et al., 2024).

Summarization for Historical Documents.
When working with historical texts, language
models often encounter problems such as unknown
vocabulary or scanning errors (Lyu et al., 2021).
Task-independent word embeddings trained on
historical documents like HistBERT (Wenjun Qiu
and Xu, 2022) can partially address these problems.
In addition, several methods have been developed
specifically to summarize historical texts, e.g.,
using temporal information to cluster sentences
and produce extractive summaries (Gung and
Kalita, 2012).

For in-context learning with LLMs specifically
for historical documents, research is more scarce.
Murugaraj et al. (2025) conclude that fine-tuned
neural models still outperform general-purpose
LLMs in this domain and that the historical source

391


https://github.com/ge56dit/llm-apartheid-summarization-ner
https://github.com/ge56dit/llm-apartheid-summarization-ner

of their input texts contributes to the lower per-
formance of LLMs, suggesting that LLMs strug-
gle with the challenges of historical texts. In con-
trast, Zhang et al. (Zhang et al., 2024a) report that
GPT3.5 achieved better results than other models
fine-tuned for summarization of historical texts, but
is still struggling with hallucinations.

NER for Historical Documents. Just as for sum-
marization, NER in historical texts poses distinct
challenges due to archaic orthography, digitization
errors, and the scarcity of annotated data. Histori-
cal texts often contain OCR-induced errors, which
degrade NER performance (Hamdi et al., 2019).
However, careful evaluation and targeted error-
correction methods can substantially mitigate these
effects (Boros et al., 2020; Trias et al., 2021; Won
etal., 2018). NER systems for historical documents
primarily use deep learning, often combined with
pretrained transformer-based embeddings (Aguilar
et al., 2017; Ehrmann et al., 2016, 2023; Lam-
ple et al., 2016; Won et al., 2018). The use of
transformer-based models led to improved results,
especially in domains where limited data is avail-
able, such as historical texts (Schweter and Baiter,
2019) or in low-resource languages such as those
of South Africa (Hanslo, 2022).

While LLMs excel at tasks such as summariza-
tion, their performance for NER has been am-
biguous (Wang et al., 2023). In the historical do-
main, the quality of results for NER is even lower
due to errors and domain-specificity (Tudor et al.,
2025; Gonzélez-Gallardo et al., 2024; Zhang and
Colavizza, 2025). Methods to enhance the perfor-
mance of LLMs include improving few-shot learn-
ing (Ashok and Lipton, 2023; Jiang et al., 2024b),
cascading multiple LLMs (Luo et al., 2025), or
self-correcting methods (Polak and Morgan, 2024;
Wang et al., 2023; Xiao et al., 2024).

A Pipeline Approach to Fine-Grained NER Clas-
sification in TRC Texts. While most NER sys-
tems focus on high-level categories (e.g., person,
location), our approach requires fine-grained classi-
fication to identify victims and witnesses. Existing
NER models like TexSmart (Zhang et al., 2020a)
can distinguish between more fine-grained labels
such as towns and countries or identify victims in
crime reports (Choi et al., 2018; Schirmer et al.,
2024a). However, most fine-grained systems lack
domain-specific categories, and pretraining con-
straints make it difficult to add new labels without
retraining.

To address these challenges, we employ a
pipeline approach to improve the results by first
performing summarization, then NER. While it
is known that splitting a task into multiple steps
can improve an LLM’s ability to follow instruc-
tions (Xie et al., 2024; Khot et al., 2023), this
specific approach has rarely been investigated in
detail. Nevertheless, NER on summarized texts
has been performed successfully in the medical do-
main (Sasikala et al., 2024). There is also evidence
that incremental summarization can help smaller
language models perform sentiment classification,
another task that is usually unrelated to text gener-
ation (Ma et al., 2018).

3 Dataset Collection and Annotation

We compile a new dataset from publicly available
documents from the Truth and Reconciliation Com-
mission (TRC). The TRC was established in 1996,
a few years after the end of apartheid in South
Africa, to investigate politically motivated human
rights violations, provide reparation and rehabili-
tation, and grant amnesty (Truth and Comission,
1998). It collected more than 1300 witness testi-
monies about human rights violations, of which
200 were used in this study. Witness testimonies
provide a direct and less formal retelling of events.
They are mostly unscripted, offering emotionally
charged but very detailed narratives. To ensure
witnesses could testify in the language of their
choice, translators were provided for 12 differ-
ent languages (Truth and Comission, 1998). Most
transcripts are available in English, usually with-
out an indication of whether they were translated.
This does not reduce the dataset’s quality, as the
translations were produced by professional court
translators and preserve not only meaning but also
the style, including errors and choice of wording
(Gilbert and Heydon, 2021). Similar corpora have
been compiled from genocide-related court pro-
ceedings (Schirmer et al., 2023, 2024b).

In contrast to the training of a neural network
specialized in witness reports and summarization or
NER, the LLM approach has the advantage of not
requiring any training data and therefore no anno-
tations. However, to validate model performance,
reliable reference data is necessary.

To extend and diversify the validation corpus,
three trained experts annotated a subset of 200
documents (ranging from ~ 2 to 110 pages). Ex-
perts were part of the research team, including one
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postdoc, one master’s student, and one research
assistant. All of the annotators followed detailed
annotation guidelines (see A.1). To ensure suffi-
cient annotator agreement, all annotators first an-
notated 10 identical documents. Inter-annotator
agreement was measured using task-appropriate
metrics: BERTScore for summarization, where
free-text outputs cannot be compared categorically,
and F1-score for the extraction tasks. Since we
use the same metrics for model evaluation, these
values indicate how much of the observed error
can be attributed to the subjectivity of the task in-
stead of a failure of the model. The agreement
reached a good BERTScore of 0.75 for summaries,
a very good F1-score of 0.94 for personal names,
and an F1-score of 0.62 for type of crime labeling.
The crime category is often named implicitly in
the witness reports, and category boundaries may
overlap, which makes the task highly subjective
and constrains the achievable agreement. Since
human summarization is also known to be a sub-
jective task (Liu et al., 2023), we consider these
results to be acceptable. In a group meeting, we
discussed differences in labeling and adapted the
guidelines accordingly. Each annotator then con-
tinued to annotate randomly chosen documents.
The final dataset used for this study contained 200
transcripts, including over 1,000 pages of witness
recounts describing human rights violations dur-
ing apartheid, collected by the TRC and recorded
between 1996 and 1997.

4 Methods

The models we compared were TinyLlama (Tou-
vron et al., 2023), Mistral (Jiang et al., 2023), Mix-
tral (Jiang et al., 2024a), OpenHermes (Teknium,
2023), Gemma3 (Team et al., 2025), and Phi-
4 (Abdin et al., 2024). They are free to use and
open-source, which ensures transparency and re-
producibility. In addition, we included GPT-40-
mini (OpenAl, 2024) as a comparison to com-
mercial models. To explore the influence of in-
struction fine-tuning on the model’s responses, we
also applied a second version of Mistral, uMistral,
which receives unstructured prompts (default sys-
tem prompt; instructions and input text in a single
message) (see Table 1 for a model overview). Ex-
cluding the baseline models, we used the same
models for both tasks. Hyperparameter tuning was
conducted for all models with a manually supported
grid search, mostly with parameters controlling the

abstraction level (e.g., temperature, beam search
parameters) and penalties for repetition and output
length (A.2.4, Table 4).

For all prompted models, the prompt template
was identical and systematically engineered (see
A.2 for the final templates). Due to the limited
context length of the models, reports sometimes
had to be split into chunks at the sentence level
before they could be passed to the model. To avoid
excessive splitting and a loss of context, the prompt
template had to be as short as possible, which is
why we only consider zero-shot settings. Each
text chunk was wrapped in this template and then
formatted as expected by the instruction tuning of
each model: One message for the system prompt,
one for the instructions, and one for the input text.
uMistral only received a single message consisting
of the input text and instructions, disabling some
aspects of the instruction tuning.

4.1 Summarization

This work focuses on abstractive summarization
because LLMs are more suited to rephrase and
generalize the original text than to determine the
importance of individual sentences. We com-
pared the performance of the LLMs against sev-
eral smaller baseline models fine-tuned for sum-
marization: BART (Lewis et al., 2019), T5 (Raffel
et al., 2019), and Pegasus (Zhang et al., 2019). We
chose general-purpose models rather than models
specialized for historical texts, because available
encoder-only models like HistBERT (Wenjun Qiu
and Xu, 2022) are not comparable to fully trained
encoder-decoder summarization models.

Experimental Setup. The models were
prompted to write a short summary that describes
the course of events in each text chunk. For the full
prompt, see A.2.1. The resulting summaries were
joined together. Experiments showed that clearly
separating and enumerating the summaries is more
effective than naive concatenation. The joined
summaries were then passed back to the model
to create a single, coherent text. If the joined
summary was longer than the model’s input, it had
to be split again, and the process was repeated
recursively.

We conducted additional experiments to assess
how context window size and recursive summariza-
tion affect summary quality by uniformly limiting
input length across models and by truncating inter-
mediate summaries. These test how reduced con-

393



Table 1: Overview of the models.

Name Version Params Context Key Feature

TS long-t5-tglobal-base 220M 4,096 Summarization-only, long context
BART bart-large-cnn 403M 1,024 Summarization-only, BERT-based
Pegasus pegasus-cnn-dailymail 568M 1,024  Summarization-only

TinyLlama Chat-v1.0 1.1B 2,048 Highly compact LLM

Mistral Instruct-v0.3 7.3B 32,768 Mistral with prompt formatting
uMistral Instruct-v0.3 7.3B 32,7768 Mistral without prompt formatting
Mixtral Instruct-v0.1 8x7B 32,768 Mixture of experts

OpenHermes 2.5-Mistral-7B 7.3B 32,7768 Strongly instruction-tuned Mistral
Gemma3 gemma-3-4b-it 4B 128,000 Good long-context abilities

Phi-4 Phi-4 14B 32,768 Good factuality and reasoning
GPT GPT-40-mini unknown 128,000 Commercial model

text and recursive merging trade off against error
propagation (see A.2.5).

Summarization Evaluation. The most straight-
forward way to evaluate a summary is to compare
it to a human-written reference summary treated
as ground truth. We rely on two widely adopted
reference-based metrics: ROUGE (Lin, 2004) and
BERTScore (Zhang et al., 2020b). ROUGE is the
average of three different metrics: the overlap of
unigrams between the summary and reference, the
overlap of bigrams, and the length of the longest
common subsequence. BERTScore is the cosine
similarity between the BERT embeddings of the
model output and the reference. It compares texts
on a semantic level and is less sensitive to para-
phrasing than ROUGE.

Since reference summaries are not always avail-
able, we additionally use reference-free metrics.
The Unique Bigram Ratio measures lexical di-
versity, the Summarization Ratio captures com-
pression rate, and Semantic Similarity computes
the BERT-based similarity between generated text
and the source text to assess faithfulness, with high
values potentially indicating extractiveness.

4.2 Named Entity Recognition

In the case of the TRC dataset, an important piece
of information to extract is personal names, as they
enable searching for documents related to a specific
case. Similarly important is information about the
type of crime that was committed (e.g., "shooting",
"torture").

Experimental Setup. The NER process was sim-
ilar to the process for summarization. The original
text was split into chunks of maximum size for

the model’s context window, taking into account
sentence boundaries. For personal names, mod-
els were prompted to extract the names of victims
and witnesses from the text, while receiving def-
initions of who is considered to be a victim or
witness (see the full prompt at A.2.2). Important
improvements during prompt engineering included
the phrase "most important names" to reduce false
positives, and the instruction of what to do when
the victim’s or witness’s names are not mentioned
to avoid hallucinations. For violation classification,
the model received short definitions for possible
violation classes and was prompted to cite one or
more of these labels.

Since conventional NER models cannot distin-
guish between different crime types and roles, they
were unable to solve the exact task we propose.
We still include a SpaCy (Honnibal et al., 2020)
baseline for the victim and witness name recogni-
tion task to serve as a reference point for general-
purpose person name recognition rather than role-
specific entity extraction.

We conducted additional experiments to con-
trol for the effects of entity combination strategies
and input length by comparing fuzzy matching and
LLM-based aggregation and by reducing the maxi-
mal input to 1,024 tokens for all models (see A.2.6).
In addition, we improved the results with a pipeline
approach, where we applied NER on the reference
summaries as well as on the model-generated sum-
maries to assess whether summarization simplifies
NER for long TRC documents.

NER Evaluation. For extracting personal names,
the model was instructed to answer in JSON format.
The first JSON object in the text was considered the
model’s answer; any text around it was ignored. For
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the crime classification, the model was instructed
to cite keywords from a given list (see the prompt
A.2.3 for a definitive list). Only classes from the list
were considered in the evaluation. We extracted
lists of victims, witnesses, and classes from the
model’s answers and calculated precision, recall,
and the micro F1-score. The token set ratio allowed
for soft matching for personal names.

We additionally conducted a qualitative manual
error analysis for summarization and NER in par-
allel. Starting with a subset of the evaluated docu-
ments, we compared the model outputs to both the
reference annotations and the original source texts.
This allowed the identification of potential expla-
nations for model failures and document-specific
challenges. Emerging patterns were then validated
by searching for more instances in which the model
showed similar behavior. In parallel, we identified
outliers in the evaluation metrics, such as unusu-
ally long summaries or instances with many false
positives. These cases were examined manually
to determine the cause of the errors. Through this
process, several patterns were identified that can
give insights into the shortcomings of the models
and the difficulties of the dataset.

5 Results

For summarization, GPT, Mixtral, and both Mistral
models perform best with BERTScores of around
0.7 to 0.8. In contrast, the LLMs’ NER perfor-
mance i1s moderate. GPT, uMistral, and Mixtral are
the only models that reach an F1-score close to 0.6.
Most models yield results with high recall, but low
precision. The pipeline approach improves these
results.

5.1 Summarization

Across all models, performance varied notably in
both ROUGE and BERTScore evaluations (see Ta-
bles 2 and A.3.1, Figure 4 and 5). In ROUGE,
the Mistral models achieved the highest average
score (both 0.26), followed closely by Mixtral and
GPT (0.25). OpenHermes and Gemma3 still sur-
pass the best baseline model, BART, which reached
a ROUGE score of 0.19. Lower results were ob-
tained by TinyLlama (0.17), Pegasus (0.14), and
T5 (0.12). BERTScore rankings followed a similar
trend. GPT led with a score of 0.78, closely fol-
lowed by Mistral (0.77), uMistral (0.77), and Mix-
tral (0.75). BART (0.64) scored in the mid range,
surpassing Phi-4 (0.63) and OpenHermes(0.64),

while the other baseline models and TinyLlama
scored significantly lower.

The unique bigram ratio indicates that BART,
OpenHermes, and GPT models have greater lexical
diversity and less repetition. The low score of T5
(0.64) hints at much repetition in the summaries.
The variations in the summarization ratio indicate
that models with lower scores, such as BART and
Pegasus, may not have been able to cover all im-
portant facts. In comparison, models with a higher
score, like Phi4 and GPT, may include too much
unnecessary detail, although a high score does not
say much about the factuality. Models like uMis-
tral and GPT, which have a high similarity to the
source text in combination with a good BERTScore,
produce highly factual summaries. T5’s high sim-
ilarity and low BERTScore point towards highly
extractive summaries that directly cite the original
text.

Overall, LLMs outperformed other architectures
across surface-level and semantic metrics. The
exception is TinyLlama, which does not surpass
the best baseline with either score. The highest-
ranking non-LLM model (BART) is outperformed
by the highest-ranking LLM (GPT) by 0.13 in
BERTScore, and the highest-ranking open-source
model (uMistral) by 0.11.

Most models were robust to input and output
length constraints, with only minor BERTScore
changes, including slight drops for most models
and improved results for OpenHermes (A.3.1, Fig-
ure 6).

5.2 Named Entity Recognition

NER results revealed substantial differences be-
tween the models (Table 3; A.3.2, Figure 7). uMis-
tral achieved the best results (F1-score 0.60), fol-
lowed by GPT (0.59), Mixtral (0.58), and Mistral
(0.51). All of these models achieved a much higher
recall than precision, indicating that the models
included false names in the list. Gemma3, Phi-4,
and OpenHermes scored lower, but with a better
precision and recall balance.

The SpaCy baseline could detect personal names
in the text, but was by design not able to distinguish
between victims and witnesses or to classify the
crime type. By extracting all names found in the
text, it reached an F1-score of 0.19 in the victim
and witness name detection. This supports our
findings that non-LLM models struggle to solve
the NER-based role classification task.

The better-performing models reached higher
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Model BERTScore ROUGE Bigram ratio Sum. ratio Sim. to source
BART 0.6567+0131  0.1878+0.086 0.9436+0045 0.0241+ 0018 0.4686+ 0.086
T5 0.4186+0.129 0.1219+0.074 0.6492+0299 0.0938+ 0.067 0.6210+0.158
Pegasus 0.5574+ 0171 0.1386+0064  0.8581+0.128 0.0162+ 0014 0.4427+ 0.008
TinyLlama 0.5218+ 0114 0.1651+0096  0.8596+0.044 0.1109+ 0.098 0.5506+ 0.091
Mistral 0.7708+ 0084 0.2621+0.119 0.8268+ 0066 0.0987+0.058 0.6386+ 0.088
uMistral 0.7673+ 0077  0.2640+0.115 0.8074+0078 0.1045+ 0.061 0.6439+ 0.085
Mixtral 0.7504+ 0153  0.2503+0.115 0.8379+ 0071 0.0934 1+ 0.069 0.6001+0.142
OpenHermes 0.6374+0219 0.2068+0.106  0.9130+0080 0.0623+0.043 0.5435+0.115
Gemma3 0.7292+ 0092  0.2197+0.110 0.7993+ 0086 0.1335+0.064 0.6819+ 0.078
Phi-4 0.6304+0143  0.1812+0.097 0.8192+0063 0.1672+0.106 0.6688+ 0.092
GPT-4 0.7832+ 0061  0.2480+0.121 0.8832+0042 0.1124+0.065 0.6483+ 0.074
Reference 1.0 1.0 0.8946+00s6 0.05564 0033 0.5348+ 0.077

Table 2: Results of the main summarization experiment. Mean and standard deviation over all witness reports.
Values closest to the reference are marked in blue.

Table 3: NER results across models with precision, re-
call, and micro F1-score (main experiment). Best scores
are marked in blue.

Model Precision Recall F1-score
TinyLlama 0.2097 0.0132 0.0248
Mistral 0.4256 0.6316 0.5086
uMistral 0.5137 0.7399 0.6064
Mixtral 0.4906 0.7136 0.5814
OpenHermes  0.3828 0.1933  0.2569
Gemma3 0.3713  0.4028 0.3864
Phi-4 0.4778 0.2945 0.3644
GPT-40-mini  0.5057 0.7126 0.5916

scores at predicting witness names than victim
names, indicating that this task is less complex
(Figure 2). For the witness names, the highest F1-
score of 0.79 is achieved by Mixtral, the model
with the highest difference between victim and wit-
ness names. In contrast, the lower-performing mod-
els like OpenHermes and Gemma3 reached better
results for the victim name. The crime classifi-
cation scores are generally lower, with Gemma3
achieving surprisingly good results in contrast to a
lower-performing Mistral.

Allowing the LLM to combine the results for
each chunk independently through a final model
call, thereby avoiding the possible errors intro-
duced by fuzzy matching, results in slight improve-
ment for the better-performing models, while mod-
els like OpenHermes and Gemma3 struggled with
the combination (A.3.2, Figure 8).

5.3 The Pipeline Approach

Applying the pipeline approach that uses sum-
maries as input for NER instead of the source text
improved the results for 5 out of 8 models, with
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Figure 2: NER micro f1-scores for victim names, wit-
ness names, and violations.

no changes for the other 3 models (see Figure 3).
The results generally showed significant improve-
ment over the main experiment results for the lower-
performing models, and modest improvements for
the higher-performing models, with a maximum
improvement of 0.23 in F1-score for OpenHermes.
NER on the human-written reference summary in-
creased the F1-score for all models, especially the
lower-performing models, sometimes by up to 0.4
in F1-score. These results represent an upper ceil-
ing for the potential improvement that the pipeline
approach could achieve on good summaries.

6 Discussion

The goal of this study was to evaluate open-source
LLM performance for summarization and NER.
The contrasting results — good scores for summa-
rization and moderate scores for NER — show that,
despite the LLMs’ ability to solve a variety of
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Figure 3: NER F1-scores on the reference summary, on
the source text, and on the model-generated summary
(pipeline approach).

tasks quickly without fine-tuning, they are mainly
reliable for text generation tasks. Their greatest
strength, their ability to produce coherent texts, is
essential for summarization, but of less benefit for
NER.

6.1 Summarization

Compared to NER and to the non-LLM models,
summarization with LLMs yielded moderate to
strong results, with the LLLMs outperforming ear-
lier neural approaches specifically fine-tuned for
summarization. The difference between LLM and
non-LLM models demonstrates that LLMs are a
better choice for this task. The scale of their train-
ing data provides them with broader world knowl-
edge and superior paraphrasing capabilities, a clear
advantage, especially when considering that, due
to their specificity and text format, the TRC reports
require a high amount of background knowledge
and abstraction.

Error Analysis. In general, the baseline mod-
els seem to struggle with overly extractive sum-
maries, while the LLMs more often abstract too
much, thereby generalizing to the point where the
meaning is lost. Across models, distinct qualitative
patterns emerge: TinyLlama sometimes replaced
the content almost entirely with generic, halluci-
nated legal conclusions, while larger LLMs such as
Mistral and especially Mixtral generated coherent
and largely accurate narratives that recovered key
details, but still occasionally included irrelevant or
overly generic statements.

The following example is a summary excerpt
by Mistral relating to the case of Peter Mabilo, a
young man who was shot by the police (see A.4
for the full reference summary and more model
summaries). Red coloring indicates hallucinations,

green highlights relevant factual information, and
blue text is not relevant for this summary:

[...] Ms Mabozo, Luthli’s grandmother,
provided additional details about the
shooting itself. She stated that after the
police took Luthli’s father away,

The family found the
house damaged and full of bullet holes
[...]. In conclusion, the Commission ex-
pressed its sympathy for the family and
vowed to investigate the circumstances
surrounding Luthli’s death [...].
—Mistral, BERTScore 0.71, ROUGE 0.25

The last, irrelevant paragraph can be seen as an
example of a generic statement typical for highly
instruction-tuned models. Most models also strug-
gle with reconstructing the course of events in tem-
poral order, a known problem in NLP (Qiu et al.,
2023; Barale et al., 2025)

6.2 Named Entity Recognition

NER results ranged from poor to moderate. Again,
GPT, uMistral, and Mixtral achieved the best re-
sults. The quality of the NER results is hard to
judge, since there is no existing baseline for this
very specific task. The task differs from standard
NER benchmarks in that it requires contextual role
assignment rather than entity type detection. Other
works that apply NER with LLMs can achieve
better results with shorter texts, few-shot settings,
and more extensive prompt engineering (Isaradech
et al., 2024); however, it is also widely reported
that LLMs struggle with NER (Lu et al., 2025).
The results shown here are therefore to be expected
when considering the difficulty of the task.

Interestingly, the highly instruction-aligned mod-
els performed worse than more general models,
such as Mistral and Mixtral. While this may seem
counterintuitive, those networks may be too spe-
cialized for such an unusual task. This effect can
also be observed in the significant difference in per-
formance with and without a correctly structured
prompt for Mistral: The unstructured input and
default system prompt partially disable the chat
fine-tuning, resulting in outputs that are clearer
and more concise. Therefore, uMistral, though be-
ing a relatively small open-source model, performs
equally as good in NER as a commercial model
like GPT-40-mini.
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Most models show higher recall than precision.
This is also a result of the model’s chat fine-tuning,
which encourages it to provide very verbose and
detailed answers (Zhang et al., 2024b). The models
might therefore add false names to the result to
appear more elaborate.

The mediocre performance of TinyLlama is
likely due to its small size compared to the other
networks. However, Phi-4, as the largest model,
is outperformed by three different smaller mod-
els. This shows that as long as the models
are sufficiently large to have decent language-
understanding capabilities, the instruction train-
ing and specialization of the model seem to matter
more than the number of parameters.

The success of the pipeline approach shows the
effectiveness of splitting a task into multiple sub-
tasks of less complexity. The summarization pro-
cess cuts out parts of the text that are purely pro-
cedural and shifts the perspective and tone, which
supports the entity recognition. Shorter inputs with
fewer names simplify the victim and witness de-
tection, while a direct and concrete retelling of the
events of the crime helps with crime type classifi-
cation. Observed patterns indicate that summariza-
tion not only shortens the input, but also changes
the reports into a representation that is easier for
the models to process.

Error Analysis. Typical mistakes made by most
models mainly centered around challenges with
naming conventions and the distinction between
witnesses and victims. A recurring difficulty for all
models was handling the multiple names by which
a single person could be referred. For example,
witnesses often used a victim’s first name, while
the commission referred to the same person by their
family name. These connections were usually clear
to human readers through context or by an early
mention of the full name.

Cultural naming conventions added further com-
plexity. Many people in the dataset followed the
South African tradition of having two first names.
The so-called home name often comes from Zulu
or Xhosa tradition and is used by the close family,
while the school name is used by the public (Suz-
man, 1994; Neethling, 2008). This led to false
positives, when the model correctly classified both
names as victims, but did not recognize that they
belonged to the same person. For example, the
name "Kwinda Daphne Tshinane" would be listed
both as "Kwinda Tshinane" and "Daphne" in the

model output. However, if both names were men-
tioned at least once in direct succession, the models
would usually avoid this error.

For the NER task, hallucinations were less com-
mon: Many false positives were not full hallucina-
tions, but actual names that appeared in the reports,
such as family members or commissioners. This
suggests that the models were generally able to
identify names correctly, but struggled to classify
them into the correct category.

7 Conclusion

This study showed that LLMs outperformed other
models in summarization and were able to pro-
duce at least decent results in a fine-grained NER
task that non-LLM models are not able to solve
without further fine-tuning. The best performing
open-source LLLMs were competitive with GPT.
However, the optimization of LLMs towards co-
herence and instruction following comes at the ex-
pense of accuracy. For summarization, this leads to
overly long outputs with hallucinations and generic
filler sentences. In NER, this leads models to avoid
empty outputs and to label almost any detected
name as either a victim or a witness, resulting in
high recall but low precision.

Unlike general-purpose NLP tasks, mistakes in
this context can have ethical and historical con-
sequences. Omitting a victim’s name or falsely
attributing responsibility for a crime can alter the
record and lead to wrongful accusations. LLM
summaries may also be easier to read and more
coherent than the witness reports, which might
mislead readers due to higher credibility despite
potential hallucinations. While LLMs offer new
opportunities to make historical texts more acces-
sible and easier to analyze, at the current state, the
application of LLMs to sensitive historical datasets
should always be accompanied by careful human
oversight and transparency about model limitations.
Pipeline approaches with models specialized in the
task, combined with the flexibility of LLMs, may
improve the results in future work.

8 Limitations

One essential limitation of these results, particu-
larly for summarization, is the observation that nu-
merical evaluation methods are not entirely reliable
when assessing the quality of the results. While
BERTScore and ROUGE score capture summary
quality relatively well, they do not always align
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with human judgment and are dependent on the
quality of the reference summary. Even embedding-
based BERTScore occasionally fails when it comes
to more complex semantics (Zhang et al., 2020b;
Fabbri et al., 2021). We therefore interpret the re-
sults primarily in terms of overall trends rather
than absolute values and employ multiple eval-
uation metrics to mitigate metric-specific biases.
Reference-free metrics, too, cannot reliably indi-
cate the quality of a summary. However, when
observed in combination with reference-based met-
rics, they can give insight into the model’s strengths
and weaknesses, such as the repetitiveness of TS or
the verbosity of Mixtral.

Although the ROUGE scores reported here may
seem low, they are relatively good results consider-
ing the task. Paraphrasing is part of the process of
abstractive summarization, and the wording of two
summaries will inevitably differ. ROUGE-scores
for this task are usually in a similar range to the
results achieved here (Fabbri et al., 2021; Lam
et al., 2022).

The raw witness transcripts published by the
TRC were initially recorded on tape and later tran-
scribed without modification. As a result, they
preserve all the imperfections of natural speech, in-
cluding stuttering, repetition, unfinished sentences,
filler words, and word mix-ups. The emotional na-
ture of the testimonies often intensified this. Addi-
tional errors arise from the recording process itself,
including microphone malfunctions and losses of
several seconds to minutes when tapes were flipped.
The transcription process introduced additional er-
rors, such as missing speaker labels, misspelled
names, and arbitrary line breaks.

The cultural and historical background of the
TRC-dataset was certainly a challenge for most
models. Understanding these reports requires not
only good reasoning abilities but also detailed
knowledge about apartheid and South African his-
tory, which the models seem to lack. LLMs are
known to show a bias against non-Western cul-
tures (Tao et al., 2024); it is therefore likely that an
underrepresentation of South African historical and
cultural material in the training corpora of LLMs
has contributed to the models’ shortcomings. If
LLMs are used in practice for tasks on cultural
datasets, special training methods are needed to
mitigate this bias (Gallegos et al., 2024; Li et al.,
2024).

The results presented here open up possibilities
for future studies and improvements. Firstly, es-

tablishing a strong non-LLM baseline on the TRC
dataset would allow clearer benchmarking. This
would require more human-annotated data and the
training of specialized neural models. Secondly,
given that further instruction tuning did not im-
prove NER performance, it may be worthwhile
to evaluate non-instruction-tuned LLMs. Another
possible improvement could be achieved with more
complex pipeline approaches, where LLMs iden-
tify potential entities and a smaller classifier assigns
roles. Alternative formulations of the NER task,
such as tagging within the text rather than direct
extraction, may also prove fruitful, although this
would require networks with very large context
windows. Thirdly, expanding experiments to other
datasets could help disentangle whether the main
challenges stem from the dialogue format, South
African cultural references, or text length. The use
of different yet similar annotated datasets may also
enable fine-tuned LLMs to learn domain-specific
language.

9 [Ethical Considerations

This research only relies on information that is
publicly available on the TRC website. Witnesses’
names and personal information are not disclosed
beyond the information that has been published
by the TRC. Testimonies from mass atrocity pro-
ceedings carry particular psychological weight for
those who engage with them (Schirmer, 2024). Hu-
man annotators were informed of and aware of the
potentially violent content before the annotation
process, with the ability to decline annotation at
any time. They were given the chance to discuss
any distressing material encountered during anno-
tation and provided with a guide designed to aid
in identifying changes in cognition and minimiz-
ing emotional risks associated with the annotation
process (Kennedy et al., 2022).

Beyond annotation, ethical considerations
should also address the potential impact of hal-
lucinations. Here, a fabricated name in a victim or
witness list could wrongfully tie falsely link some-
one to a human rights violation, or a could erase
a victim from the record. LLM-generated sum-
maries should therefore always be read alongside
the original testimony, not instead of it.
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A Appendix

A.1 Annotation

Expert annotators followed the following instruc-
tions (summarized, the original guidelines can be
found in this paper’s code repository):

Summaries should be short, contain only factual
information, and cover all important facts that are
mentioned. The focus lies on the course of events
surrounding the human rights violation, rather than
on procedural matters or possible outcomes of the
hearing. It is assumed that the report is accurate and
complete. The purpose of the summary is to make
the reports easier to search and filter, for example,
for a specific type of crime or situation. There-
fore, key information, such as the type of crime,
names of the victims and witnesses, place, and
time, must be mentioned. Additionally, the TRC
typically considers information about the victim’s
political activities, the perpetrator’s name and mo-
tive, and the long-term consequences of the crime
to be important.

Annotation for NER was a complex task, as the
process of the TRC hearings was flexible and wit-
nesses could change without proper announcement.
Each witness could also talk about multiple inci-
dents involving different victims or a single inci-
dent with multiple victims. For the purpose of
annotation, any person who is testifying in front
of the Commission is considered a witness, not in-
cluding eye-witnesses that are mentioned, but do
not appear in front of the Commission. A victim
is any person mentioned in the text who has been
harmed, mentally or physically, as long as their
case falls roughly into the jurisdiction of the TRC.
Because this annotation is intended for NER, only
people whose names are known can be included,
even though other unnamed victims might be men-
tioned in the text.

A.2 Methods

A.2.1 Summarization Prompt

You are an academic assistant
who summarizes historical witness
reports. Your summaries should be
concise, factual, and neutral in
tone.

Write a short summary of the given
witness report. Describe the
course of events of the alleged
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crime and mention the names of
the victims and witnesses.

A.2.2 NER Prompt

You are an academic assistant
analyzing historical witness
reports about human rights
violations.

The given text 1is a witness
statement about human rights
violations during the South
African apartheid.

Your task is to extract and
classify the most important names
of people that you find in the
text.

Victims: The person that the
witness is talking about and who
was harmed

Witnesses: The person who is
telling their story in front of
the commission

Give your answers in  JSON
formatting with the fields
"victims” and "witnesses”. If the
name does not appear in the text,
write "NULL".

A.2.3 Violation Classification Prompt

You are an academic assistant
analyzing historical witness
reports about human rights
violations.

You are given a witness report.
Your task is to identify which
type of crime the witness is
talking about.

Choose a small number of classes
from the following list. Only
choose the classes when you are
sure that they apply to the
witness report. Only use crimes
that are defined in the list and
keep the exact same names.

Possible crime types:

*  xxkilling#x: someone  was
killed (intentionally or
unintentionally)

* xxtorture*x*: pain inflicted



by state officials for coercion,

information gathering or
discrimination

* **detention#*x: victim was
detained unlawfully or under

unreasonably poor conditions

* *%*serious injuries**: victim
has lasting health problems from
the incident

* **assassination**:  targeted,
intentional killing for political
reasons (usually by special
forces soldiers)

* **shooting**: the victim was
shot and hurt (may be deadly or

not)

* xxdisappearancexx: the victim
has disappeared and it is
currently unknown if they are
dead or alive

*  *x*xcontext statementxx: no

specific incident,
context

*  x*assaultxx: someone
assaulted and injured

* **xharassmentxx: only use this
if the harassment 1is severe
(unlawful house search, death
threats etc.) or if it is the
main point of the hearing
*  xxbombing**: there
bombing

* xxdestruction of property**:
any form of vandalism that is
not arson

*  kkarsonxx:
something on
human burning)
* xxhuman burning*x: a human was
set on fire (deadly or not)

* **blackmailx*

* xxtheft*x*

only general

was

was a

someone set
fire (but not

OQutput format: Comma-separated
list of crime types.

A.2.4 Hyperparameter Tuning for
Summarization

The only two models that were sensitive to their
hyperparameters were Pegasus and TinyLlama. For
Pegasus, increasing the number of beams for beam
search and restricting the early stopping conditions

resulted in summaries that were clearly more ab-
stractive, contained fewer hallucinations, and were
closer in length to the reference summaries.

For TinyLlama, the default parameters gener-
ated a single sentence with almost no relevance,
which was repeated multiple times. Improved beam
search parameters, combined with strong penalties
on repetition, forced the model to produce coher-
ent summaries. A low temperature setting reduced
hallucinations at the cost of abstraction, resulting
in improved numerical scores on the validation set.
The exact parameters can be found in table 4.

A.2.5 Additional Experiments for
Summarization

Limited Input: The process of successively sum-
marizing paragraphs of texts seems intuitive to hu-
mans. Still, for a neural model, these intermediate
steps could pose a problem, as contextual informa-
tion between the chunks is lost. Since the model
does not retain memory of the whole text when
creating the final summary, errors in the intermedi-
ate summaries are easily propagated. It therefore
seems as if models with a long context window
have a clear advantage over models with a shorter
context window, as they do not have to split the
text. To test this hypothesis, we conducted a sec-
ond experiment in which the maximum input size
was reduced to 1024 tokens for all models. In this
experiment, larger models like Mistral could still
benefit from their superior context understanding
abilities, but had to deal with the potential draw-
backs of splitting and rejoining the texts like the
other models.

Limited Output: Another potential source of
error in the summarization process is the possibil-
ity that the joined intermediate summaries are too
long to be processed, causing the model to repeat
the process recursively. This means that the model
processes the summary more than once, which can
have a good or bad impact on the summary quality
— in the best case, the model successively removes
less important information, in the worst case, errors
and hallucinations are propagated and amplified
each time the text is passed to the model. Limiting
the length of the intermediate summaries would
reduce the risk of a document being processed mul-
tiple times. While limiting the output works well
for the smaller, summarization-tuned models, the
LLMs lack an encoder and predict the summary
token by token, which means they cannot be prop-
erly limited to a specific length. We resorted to
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Table 4: Hyperparameters: TS and BART use default parameters from the Huggingface summarization pipeline,
Pegasus and TinyLlama were fine-tuned, and all other models use default parameters.

Parameter TS BART Pegasus TinyLlama Others
early_stopping False True True True False
num_beams 1 4 5 4 4
temperature 1.0 1.0 0.6 0.3 0.8
top_p 1.0 1.0 1.0 0.8 0.9
top_k 50 50 50 50 40
repetition_penalty 1.0 1.0 1.0 1.2 1.1
length_penalty 1.0 2.0 2.0 2.0 1.0
no_repeat_ngram_size 0 3 0 3 0

truncating the generated intermediate summaries
to 100 tokens, which might cause some critical in-
formation to be lost. This third experiment will de-
termine whether the loss of information outweighs
the potential benefits from reduced recursion.

A.2.6 Additional Experiments for NER

LLM Combination: For NER, the combination
of the results for each chunk is not as straightfor-
ward as for summarization. The naive approach of
concatenating the lists for victims and witnesses,
respectively, resulted in too many duplicates. Re-
moving duplicates is complicated since the context
is lost — for example, "Paul" and "Mr. Smith" may
or may not refer to the same person. For most ex-
periments, I removed duplicates by fuzzy matching
with token set ratio, a similarity measure that is
robust to missing words, such as middle names or
initials. This method works for all cases in which
the full name of a person was detected at least once;
however, it is also error-prone, as for example "Paul
Smith" would match "Mrs. Smith". In a separate
experiment, the LLM was tasked with combining
the results independently. While this relies on the
LLM’s understanding of the JSON format and is
prone to hallucinations, it can capture some details
that fuzzy matching cannot.

Pipeline Approach: The length of the TRC doc-
uments is one of the main challenges for the LLM.
Most of the information given in the text is irrele-
vant for the task, and only very few tokens deter-
mine whether or not a word should be included in
the name list. Summarizing the input before apply-
ing NER could improve the results, as it simplifies
the task for the LLM. We tested this hypothesis
using human-written reference summaries to de-
termine if summarization in general improves the
results. We also performed NER with the result
summaries from the first task to assess whether an
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Figure 4: Summarization: Model Comparison with
BERTScore and ROUGE-score.

LLM can complete the task fully on its own. An
overview of all experiments can be seen in Table 5.

A.3 Results

A.3.1 Additional Results for Summarization

Limited Input: When limiting the maximal input
length to 1024, the setup for BART and Pegasus
remained unchanged, as their context window is
already only 1024 tokens long. For these models,
the minimal changes between experiments are only
due to the randomness of the model. For most of
the other models, limiting the input did result in
slightly lower summary quality, especially for Mis-
tral and T5. For OpenHermes, however, limiting
the input length improved the quality of the sum-
mary. Results like this can occur when a model’s
short context summarization abilities are signifi-
cantly better than its long context summarization
abilities, thereby overcoming the disadvantages in-
troduced by chunk processing. Overall, the dif-
ferences are small with a relatively high standard
deviation. It can therefore be concluded that the
advantages and disadvantages of chunk processing
are balanced, confirming the effectiveness of this
method in dealing with long inputs in summariza-
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Table 5: Overview of different experiments.

Experiment Task Description

Main experiment  All main results

Limited Input All input max. 1024 tokens, better model comparison

Limited Output Sum. intermediate output max. 100 tokens, reduced risk of recursion
LLM Combination NER JSON results combined by LLM

Reference Pipeline NER NER on reference summary

Pipeline Approach NER NER on LLM-generated summary

B Similarity to Source
---- Human Reference

Unique Bigrams
W Summarization Ratio

1.0

094
0.89 oot
058

Value

A

pART TS Pesnl oy ""“a\u"""‘“a“"""“ao\\,e e prich - et

Figure 5: Summarization: Model Comparison with
reference-free metrics.
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Figure 6: Summarization: BERTScore Results for the
main experiment in comparison to the results with lim-
ited input and output.

tion.

Limited Output: When limiting the maximum
output length of the intermediate summaries to 100
tokens, the models once again demonstrate surpris-
ing robustness. The performance decrease intro-
duced by truncating intermediate summaries and
potentially losing important information is mini-
mal. The overall small changes in this experiment
show that multiple passes over a long document
are not necessarily a disadvantage, and that small
truncations in the intermediate summaries do not
influence the summary quality much.
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Figure 7: NER: Precision, recall and F1-score for each
model, averaging over victims and witnesses.
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Figure 8: NER: Results for additional experiments with
LLM Combination and Limited Input.

A.3.2 Additional Results for NER

Limited Input: For NER, the result quality is more
dependent on the chunking process than for sum-
marization. The Mistral models and Mixtral suffer
from the limited input, while models that previ-
ously did not perform very well, like OpenHer-
mes and Phi-4, improve. Even Gemma-3, with its
long context, seems to improve when the informa-
tion is presented in small chunks. For the better-
performing models, the decrease in performance
is probably due to the loss of context in between
chunks. This problem is more prevalent for NER
than for summarization, because for NER, there are
very specific parts of the text that are relevant. If
these parts are not contained in a chunk, the model
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struggles with prediction and hallucinates. The ro-
bustness of summarization towards the chunking
process is also one of the reasons for the success of
the pipeline approach.

LLM Combination: For the better-performing
models like Mistral and Mixtral, letting the model
combine the intermediate results itself lead to im-
proved results. Meanwhile, lower-performing mod-
els did not outperform the algorithmic approach of
fuzzy matching.

A.4 Error Analysis

A.4.1 Summarization Reference

This is the reference summary referred to in Section
6.1.

"Three witnesses testify about the death
of Peter Mabilo, called Lathli or Luthli,
who was shot and killed by police at
his grandmother’s house. The three wit-
nesses are his mother, Mary Mabilo, his
sister Florence Matlakala, and his grand-
mother Sheila Mabozo, who is also an
eyewitness to the shooting. Peter Mabilo
was a student and an active member of
the ANC. He was arrested twice in 1985
and spent at first 25 days, then 8 months
in prison. He was severely beaten by po-
lice before all charges were dropped, and
he was released. After that, he fled the
country without telling his family where
he went. He returned in August 1987,
when he lived with his grandmother and
visited his mother, sister, and girlfriend
for a day. The next day, police came to
Mrs. Mabozo’s house and ordered the
family to come outside. Mr. Mabilo was
hiding inside the house, but surrendered
after the police threw teargas inside. He
was then shot in the hallway of the house.
Mrs. Mabozo recalls that the furniture
was destroyed and that there were bullet
holes in the walls. The house of Mr. Ma-
bilo’s mother and sister was searched af-
terwards, and the family was harassed by
the police. Mr. Mabilo’s funeral was in-
terrupted by police, who only gave them
5 minutes to bury Mr. Mabilo. Mrs. Ma-
bilo accuses a policeman named Terra
Cacamba of killing her son."

A.4.2 Detailed Error Analysis for
Summarization Example

In the following quotations of the model’s sum-
maries of this case, hallucinations are highlighted
in red, highly irrelevant facts are highlighted in
blue, and important facts are highlighted in green.

1.:ADV POTGIETER: Okay, then we’ll
stand down - stand your evidence down
for the moment and I think we’ll - will
take the evidence of your daughter, of
Florence and we could come back to
you if there’s something you want to add
to what you’ve said..ADV POTGIETER:
Okay, then we’ll stand down - stand your
evidence down for the moment and I
think we’ll - will take the evidence of
your daughter, of Florence and we could
come back to you if there’s something
you want to add to what you’ve said.

—T5, BERTScore 0.1896, ROUGE 0.0777

This summary is highly extractive, as were most
summaries that T5 created. This is likely due to the
training on news articles, where not much rephras-
ing is necessary for summarization. In some cases,
the extractive summaries contained important infor-
mation, although in this example, it merely quotes
a moment from the middle of the testimony where
procedural matters are discussed.

Mary Mabilo is the mother of Lathli Ma-
bilo .<n>
<n>Ms

Mabilo says five of the accused were ar-
rested in 1985 and spent 25 days in jail
.<n>Misty Mabozo was found dead at
her home in Ipopeng .<n>She was

, who is on
trial for her murder .<n>Mary Mabilo
told the court how he was told Terra had
killed his son .
— Pegasus, BERTScore 0.6502, ROUGE
0.1825

Pegasus’ summaries are much more abstractive.
Each sentence can still be traced back to a sentence
in the original text, but the model was able to ab-
stract from the dialogue format of the original text
by adding names and adapting the pronouns. The
information in the text is mostly correct, but not
always important and coherent. For example, the
sentence about the five accused who were arrested
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refers to the victim’s first arrest before his exile,
which is not clear from the summary.

In addition, Pegasus’ summaries are usually very
short, and while they include important details in
the summary, they are often incomprehensible due
to missing context or too little paraphrasing. In this
case, the model also switched the victim’s name to
"Misty Mabilo", a name that appears in the original
text only once in reference to one of the witnesses.
This is an example of a minor error that can signif-
icantly misrepresent the witness report, rendering
the summary inaccurate and useless. Most mod-
els included small but significant errors like this in
their summaries.

Florence tells how five of her children
were arrested and held for eight months.
Sheila says she was blindfolded and had
sharp instruments put into her ears.

— BART, BERTScore 0.6508, ROUGE
0.1202

While BART sometimes has issues with over-
extractiveness, too, in this example, it abstracts
reasonably well. The information is mostly cor-
rect, but important details of the main incident are
missing. In contrast to the reference summary, this
summary follows the temporal events of the hearing
(one witness after the other), instead of combining
the testimonies into one description of the course
of events. The inability to understand the order
of events was a common factor among all models.
In the case of the non-LLM models, this can be
attributed to the chunking process, which makes
it especially challenging to maintain context over
long texts and hinders the model’s ability to, for
example, recognize that witnesses are describing
the same incident. While this summary is objec-
tively better than the Pegasus summary, it has the
same BERTScore and a lower ROUGE score due
to more abstraction.

The Commission has concluded that
there is insufficient evidence to charge
the accused with the crime of murder.
The evidence presented by the prosecu-
tion does not meet the standard of proof
required for a conviction of murder, and

there is no evidence of a motive or pre-
meditation in relation to the crime. The
investigation into the incident is ongo-
ing, and the Commission will continue to
monitor the progress of the investigation
to determine whether any further charges
should be brought against the accused.
This entry was posted in Uncategorized
and tagged murder, South Africa. Book-
mark the permalink. Post a comment or
leave a trackback: Trackback URL.

— TinyLlama, BERTScore 0.4590,
ROUGE 0.1342

TinyLlama occasionally provides relatively good
summaries. They mostly suffered from the omis-
sion of important details, which were replaced
by well-formulated, but generic and meaningless
sentences. This summary is an extreme example,
where the model’s entire answer was comprised of
hallucinated or meaningless sentences. No trace
of the original text remains, except for the fact
that there was a murder. This problem of over-
abstraction into meaninglessness is the exact op-
posite of the issues that the encoder-decoder mod-
els struggled with, and a result of the architecture.
Without a decoder, the LLM cannot read the com-
plete text and then write a full summary; instead, it
simply predicts the next most likely token. Without
a very high number of parameters and sufficient
training data and instruction fine-tuning, this results
in many generic sentences.

The police interrogated
Mary Mabilo about the incident, and two
women came to her house and took her
furniture without her consent. Ms Mat-
lakala testified that her brother, Lathli,
returned home in 1987 but was killed on
the same day. The police harassed the
family before and during the funeral. Ms
Mabozo, Lathli’s grandmother, was inter-
rogated by the police, blindfolded, and
her ears were damaged with sharp ob-
jects. She was held in the Barkley cells
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for two days.

Ms Mabilo,
Luthli’s mother, also testified and asked
for Terra, a policeman, to be called to ex-
plain why he killed her son. Ms Mabilo
is a poor woman who
—uMistral, BERTScore 0.7854, ROUGE
0.3012

This is a subjectively good summary of the in-
cident. The information is correct. Small details
that could be considered significant, such as the
victim’s previous arrests, are omitted. The order
of events is accurate, but described in a somewhat
confusing manner, and the structure of the origi-
nal document (one witness after the other) is still
recognizable.

[...] Ms Mabozo, Luthli’s grandmother,
provided additional details about the
shooting itself. She stated that after the
police took Luthli’s father away,

The family found the
house damaged and full of bullet holes
when they returned. [...]

In conclusion, the Commission ex-
pressed its sympathy for the family and
vowed to investigate the circumstances
surrounding Luthli’s death [...].

— Mistral, BERTScore 0.7143, ROUGE
0.2470

In this example, the difference between Mistral
and uMistral is evident to a human reader, which
was not always the case. In contrast to Mistral,
uMistral produced more hallucinations. The last,
highly irrelevant paragraph can be seen as an ex-
ample of a generic statement that was generated
because the system prompt encourages the model
to be polite and eloquent. Even though both models
were run with the same hyperparameters, Mistral
seems to abstract more.

Mary suspected that "those who were af-
ter him" were responsible for his death.
Florence, Lathli’s sister, testified that
Lathli had returned to Kimberley to de-
liver a message to someone and that she
took him to meet his girlfriend before
he planned to leave town again. She de-
scribes how

The witnesses
request that the Commission investigate
the circumstances surrounding Lathli’s
death and the identity of the

— Mixtral, BERTScore 0.7092, ROUGE
0.2653

Even though this summary has a lower
BERTScore than both Mistral models, it is objec-
tively the best summary of the case. Although it re-
mains structurally similar to the original document,
the temporal order of events is now comprehensi-
ble. It is a long summary, and some of the details
may not be crucial, but the information provided is
accurate and covers nearly all the important facts.
The lower scoring of this summary means that it is
more different from the reference summary with-
out necessarily being worse. This indicates that
the evaluation metrics, although providing a good
overview when averaging over multiple texts, can-
not fully assess the quality of a single summary.
Very interestingly, Mixtral tends to capture details
that other models miss, in this case, for example,
the legally important fact that the victim had his
hands up when he was shot.
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