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Abstract

Scientific papers are long and technically dense,
and frontier large language models can summa-
rize them effectively, but their cost and API
dependencies limit large-scale use. We distill
scientific summarization from Claude Opus 4.6
into LLaMA 3.1 8B with LoRA and LLaMA
3.3 70B with QLoRA using 1,500 arXiv papers.
On a 150-paper test set, the fine-tuned students
improve BERTScore F1 against paper abstracts
over zero-shot base models (p < 0.001; Co-
hen’s d up to 1.40 on the aggregate test set)
and closely match the teacher’s abstractiveness
profile, including novel trigram rate (~77% vs.
~64% for base) and extractive density (~2.5
vs. ~4.6). These gains are not consistently
reflected in BLEU, ROUGE-2, or LongDoc-
FACTScore, which often favor the more ex-
tractive base outputs. Across 750 summaries,
LongDocFACTScore is positively associated
with extractive density (Pearson » = 0.52),
and the association remains positive when an-
alyzed separately by system and separately by
domain. An earlier 8B decoding run shows the
same directional ordering with SummaC. Be-
cause we lack human factuality annotations, we
do not determine which system is most faith-
ful. Instead, we show that automated factu-
ality rankings can be sensitive to extractive-
ness and should be reported alongside semantic-
similarity and explicit extractiveness measures.

1 Introduction

Scientific documents are long and technical, requir-
ing faithfulness to specific methodological details
that makes them considerably harder to summarize

than news articles. Frontier large language models
(such as Claude Opus) can produce high-quality
scientific summaries, but their computational cost
and API dependencies make them impractical for
literature review tools or research database index-
ing at scale.

Knowledge distillation, using a capable teacher
to generate training data for a smaller student, has
become a recognized approach to this problem (Das
and Rudrapal, 2025; Zhang et al., 2026). Yet prior
distillation work for summarization has relied on
weak teachers (GPT-2 in Jung et al., 2024; mBART
and mT5 in Lee et al., 2025), full fine-tuning rather
than parameter-efficient methods (Liu et al., 2024b;
Agarwal et al., 2024), and news or medical domains
rather than scientific text. LoRA (Hu et al., 2022)
and QLoRA (Dettmers et al., 2023) enable efficient
adaptation of large models, and KD-LoRA (Azimi
et al., 2024) combines the two, but only for classifi-
cation with encoder-only models. Bao et al. (2024)
target scientific papers with structure-aware fine-
tuning but without frontier LLM distillation, and
Chain of Density (Adams et al., 2023) improves
summary density via prompting without training
student models.

Evaluating a summarization system requires a
working definition of summary quality. SummEval
(Fabbri et al., 2021) decomposes summary qual-
ity into four dimensions: coherence, consistency,
fluency, and relevance. A good scientific sum-
mary should be fluent and coherent prose, factually
faithful to the source paper, and should select for
the main contribution, methodology, key results,
and significance rather than peripheral details. Hu-
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man reference summaries are not a clean ground
truth. Zhang et al. (2024) find that instruction-tuned
LLMs surpass the heuristically derived reference
summaries of CNN/DailyMail and XSum on faith-
fulness, coherence, and relevance, while rating on
par with summaries newly commissioned from free-
lance writers, and Wan et al. (2024) confirm this
through atomic content unit decomposition, show-
ing that reference summaries on standard bench-
marks contain unsupported claims at rates compa-
rable to or higher than instruction-tuned model out-
puts. Paper abstracts, which we use as one of our
references, face a related problem in that they are
written to attract readers and signal novelty rather
than to inform a reader who wants to know what a
paper does. Even direct human annotation of fac-
tual consistency is unreliable. Pagnoni et al. (2021)
report only moderate agreement on fine-grained
factual error categories (Fleiss x = 0.39, against
x = 0.58 for the binary factuality judgment), and
Mujahid et al. (2026) note that large-scale human
annotations for long-document summaries remain
scarce, leaving automated metrics largely unvali-
dated in our setting.

Given these constraints, we take the position that
a good scientific summary should do the following.
First, cover the four canonical dimensions of contri-
bution, methodology, results, and significance. Sec-
ond, preserve technical claims accurately. Third, be
written in fluent abstractive prose rather than verba-
tim copying. Extractive summaries preserve source
wording exactly and avoid one class of factual er-
ror, but at the cost of the synthesis and reframing
that distinguish summarization from quotation. We
use Claude Opus 4.6 and its abstractiveness pro-
file as a target for distillation, not as ground-truth
quality. Fine-tuning transfers this target style to the
students, and the resulting outputs receive differ-
ent rankings under different metrics. Because we
lack human factuality annotations, we do not claim
that teacher-like outputs are more faithful than the
base-model outputs.

To our knowledge, few studies combine frontier-
teacher distillation, parameter-efficient adaptation,
and multi-domain scientific-document summariza-
tion. We make three contributions. First, we show
that distillation transfers an abstractive target style
to open-weight students and increases their seman-
tic similarity to both held-out teacher summaries
and paper abstracts, bringing abstract-referenced
student BERTScore to within ~0.01 of the teacher
on a 150-paper test set. Second, we document

a systematic ranking disagreement: against pa-
per abstracts, fine-tuning improves BERTScore
and several reference-based metrics but not BLEU
or ROUGE-2, and it lowers LongDocFACTScore.
Third, we quantify the association between Long-
DocFACTScore and extractive density, which the
metric’s authors flag qualitatively (Bishop et al.,
2024), and show that it holds across systems, within
systems, and across domains. Combined with con-
trolled perturbation evidence from Mujahid et al.
(2026), this indicates that automated factuality
scores can be sensitive to source-form overlap,
complicating comparisons between systems with
different abstractiveness profiles. We therefore po-
sition the paper primarily as an evaluation analysis,
with distillation serving as the setting that exposes
the disagreement.

The rest of this paper is organized as follows.
Section 2 describes the data collection pipeline,
teacher summary generation with Claude Opus 4.6,
and the LORA/QLoRA fine-tuning setup. Section 3
presents our metrics, significance testing, and evalu-
ation design. Section 4 reports results against both
paper abstracts and held-out teacher summaries,
the abstractiveness analysis, and the association
between extractiveness and factuality scores. Sec-
tion 5 interprets these findings and their implica-
tions for evaluating abstractive summarization sys-
tems, and Section 6 concludes. Appendices pro-
vide hyperparameter justifications, the full prompts,
qualitative summary examples, and complete per-
domain results.

2 Methodology

2.1 Data Collection

We collect 1,500 papers from arXiv (500 each
from CS, physics, and mathematics) by querying
the arXiv API with the general category wildcard
for each domain (cs. *, physics.*, math. %), sort-
ing results by submission date in descending or-
der and walking backward from the most recent
submissions until 500 papers per domain pass the
extraction criterion below. Cross-listed papers
are deduplicated across categories with a global
seen-identifier set. Beyond requiring downloadable
IXTEX source and successful section extraction (be-
low), no content-based inclusion filters are applied;
the source-availability requirement skews the cor-
pus toward papers whose authors uploaded IATX.
Collection was performed at the beginning of May
2026; the most recent submissions returned by the
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API at crawl time dated to late April, and all 1,500
retained papers were first submitted in April 2026.
A custom extraction pipeline extracts four canoni-
cal sections (introduction, methods, results, conclu-
sion) using flexible heading matchers for discipline-
specific conventions (e.g., “Theoretical Framework”
for physics, “Main Theorem” for mathematics),
removes display equations and figure/table envi-
ronments while retaining captions and inline math,
and performs brace-depth-aware IATEX command
cleaning. The paper abstract is stored separately as
a reference summary and is never part of the model
input, for either the teacher or the students. Papers
are retained if at least two canonical sections are ex-
tracted. This corpus is small relative to the largest
prior distillation efforts; Jung et al. (2024), for in-
stance, distil a 1.5M-pair sentence-summarization
corpus. Frontier-teacher generation over full paper
texts is far more expensive per example than the
sentence-level setting that method targets, which
bounds the corpus size we can afford. Small-scale
LLM-reference training is nonetheless established
practice: Liu et al. (2024b) fine-tune with as few
as 100-1,000 references from a reference LLM, on
top of a ~10K-summary warm-up.

Training data contamination. Public arXiv pa-
pers may in principle appear in the pretraining data
of the teacher or the students. Our collection win-
dow largely rules this out. arXiv identifiers encode
the month of first submission, and every identifier
in our corpus carries the 2604 prefix: the first ver-
sion of every paper was submitted in April 2026, so
no earlier arXiv version of any paper exists. This
postdates the December 2023 pretraining cutoff
of both LLaMA students (Grattafiori et al., 2024)
and the August 2025 training-data cutoff of the
teacher,! so neither the papers nor their abstracts
can have appeared in any model’s pretraining cor-
pus. Any residual risk also runs in a conservative
direction: contamination would inflate the base
models’ zero-shot scores, shrinking rather than ex-
aggerating the reported fine-tuning gains, and the
extractiveness analysis in Section 4.3 concerns the
behavior of the scoring metrics rather than of the
models, so it is unaffected.

! Anthropic documents Claude Opus 4.6 with a training-
data cutoff of August 2025 and a reliable-knowledge cutoff
of May 2025; the Claude Opus 4.6 System Card (Anthropic,
2026) states only that the model was trained on “publicly avail-
able information from the internet up to May 2025,” alongside
undated non-public and internally generated data.

2.2 Teacher Summary Generation

We use Claude Opus 4.6 (Anthropic) as the teacher,
prompted to generate 150-250 word summaries
covering the main contribution, methodology, key
results, and significance. The teacher and student
prompts convey the same constraints (150-250
words, the four target aspects, third-person present-
tense prose, no bullet points): the teacher receives a
detailed version and the students a condensed one,
both reproduced verbatim in Appendix B. Teacher
inputs contain the full extracted text up to ~25k
tokens, with simple tail truncation beyond that; the
students’ tighter 8,192-token context handling is
described in Section 2.3. Summaries are filtered
by length (150-300 words, allowing modest over-
shoot of the requested 150-250 range) and API
success status; all 1,500 yield valid outputs. The to-
tal generation cost was $30 via the Anthropic batch
API. Data is split 80/10/10 into training (~1,200),
validation (~150), and test (150 papers) with do-
main stratification, where domain labels group re-
lated arXiv archives with their parent domain (e.g.,
quant-ph with physics, stat with math).

2.3 Fine-Tuning

We train LLaMA 3.1 8B Instruct with LoRA (Hu
et al., 2022) in bfl6, and LLaMA 3.3 70B In-
struct with QLoRA (Dettmers et al., 2023) (4-bit
NormalFloat). LoRA adapters (rank 16, alpha 32,
dropout 0.1) target all projection layers. Training
uses 3 epochs, learning rate 1e-4, effective batch
size 16, cosine schedule with warmup ratio 0.05,
weight decay 0.01, gradient clipping 0.3, and maxi-
mum sequence length 8,192 tokens via SFTTrainer
(TRL) with gradient checkpointing and completion-
only loss masking. The 8B trains in ~3.7 hours
on one NVIDIA A6000 (48GB); the 70B in ~24
hours on two A6000s. Full justification for each
choice is in Appendix A.

The 8B achieves train loss 0.369 / eval loss
0.529; the 70B achieves 0.570 / 0.634. The 8B has
a larger train-evaluation gap (0.160 vs. 0.064), con-
sistent with greater overfitting. We do not use the
absolute losses to compare model quality across the
two parameterizations. Papers exceeding the 8,192-
token context window are truncated using a head-
tail strategy: 70% of the token budget from the be-
ginning of the extracted input (introduction, meth-
ods) and 30% from the end (results, conclusion),
with cuts snapped to section boundaries where pos-
sible. The instruction header is preserved outside
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the truncation budget, and a [. . . TRUNCATED. . . ]
marker is inserted at the cut point between the two
segments.

3 Evaluation

Metrics ROUGE-1/2/LL.  F1  (Lin, 2004),
BERTScore F1 with DeBERTa-xlarge-MNLI
(Zhang et al., 2020), corpus-level BLEU (Papineni
et al.,, 2002), METEOR (Banerjee and Lavie,
2005), LongDocFACTScore (Bishop et al,
2024) for factual consistency, and novel n-gram
percentages (See et al., 2017) with extractive
fragment coverage/density (Grusky et al., 2018),
and vocabulary diversity (type—token ratio). We
exclude LLM-as-judge metrics such as G-Eval
(Liu et al., 2023). G-Eval correlates well with
human judgments on news summarization, but its
authors document a bias toward LLM-generated
text: G-Eval-4 scores GPT-3.5 summaries above
human-written ones even when human judges
prefer the latter. Exact metric implementations and
settings are documented in the released evaluation
code.

Significance We use a paired two-sided sign-
flip permutation test with 10,000 iterations and
a Wilcoxon signed-rank test, with Cohen’s d as
an effect-size measure. We report unadjusted p-
values. For each model-scale/reference setting, the
six metrics form one comparison family; every
result reported at p < 0.001 remains significant
under Bonferroni correction (o« = 0.0083).

Design All metrics are computed against paper
abstracts and held-out teacher summaries on a 150-
paper test set (55 CS, 48 Physics, 47 Math). Be-
cause abstracts are withheld from all model inputs
(Section 2.1), abstract-based scores are not affected
by direct reference exposure. The abstracts nev-
ertheless remain imperfect references drawn from
the same papers. We compare fine-tuned vs. zero-
shot base models at each scale. All four student
systems share an identical prompt (Appendix B),
so fine-tuned-vs-base comparisons hold prompting
constant; the teacher’s prompt differs, and teacher
scores serve as reference points rather than con-
trolled comparisons. Inference uses the training
prompt template with fixed seed (42), temperature
0.7, top-p 0.9, repetition penalty 1.1, max 512 new
tokens. The 8B processes one paper in ~20 sec-
onds; the 70B in ~2 minutes.

Metric FT70B B70B FT 8B B 8B Teach

ROUGE-1  .469 459 466 428 489
ROUGE-2  .167 171 164 161 .186
ROUGE-L  .240 236 237 222 258
BERT F1 .646 623 .644 .605 .654
BLEU .069 .081 .066 .063 .079
METEOR  .342 320 336 334 357

Table 1: Results vs. abstracts (n = 150). BLEU =
corpus. B = base (zero-shot). FT = fine-tuned.

Metric FT70B B70B FT8B BSB
ROUGE-1 .663 .559 .636 541
ROUGE-2 .347 241 311 229
ROUGE-L 432 311 .390 .300
BERT F1 760 .683 742 .668
BLEU 214 124 182 .108

METEOR .500 364 465 395

Table 2: Results vs. teacher summaries (n = 150).
BLEU = corpus.

4 Results

4.1 Reference-Based Metrics

Table 1 presents results against abstracts. Both
fine-tuned models numerically outperform their
base counterparts on ROUGE-1, ROUGE-L,
BERTScore, and METEOR (significance in Ta-
ble 5). The fine-tuned 70B achieves the highest
student scores (ROUGE-L 0.240, BERTScore F1
0.646), closely approaching the teacher (0.258,
0.654). The 8B performs comparably (0.237,
0.644). On BLEU the pattern splits by scale:
the fine-tuned 8B slightly exceeds its base (0.066
vs. 0.063), while the fine-tuned 70B falls signif-
icantly below its base (p < 0.01, d = —0.26).
ROUGE-2 shows the same scale split at smaller,
non-significant margins.

Table 2 shows distillation fidelity against teacher
summaries. The 70B achieves ROUGE-L 0.432 vs.
0.311 for base (A = 0.121); the 8B achieves 0.390
vs. 0.300 (A = 0.090).

4.2 Extractiveness and Abstractiveness

Table 3 shows the abstractiveness comparison.
Both fine-tuned models closely match the teacher’s
higher-order n-gram novelty and extractive density,
while base models are markedly more extractive.
This holds whether the base model produces longer
output (8B base, 289 words) or shorter (70B base,
198 words).

The extractive-density contrast is the clearest
signal: fine-tuned models average 2.46-2.62, near
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Metric FT70B B70B FT8B BS8B Teach

Novel 3g 782% 663% 76.5% 62.8% 75.6%
Novel 4g 88.0% 76.6% 86.4% 72.9% 86.1%
Ext. density ~ 2.46 406 262 516 274
Vocab div 0.68 0.60 0.68 0.52  0.66

Table 3: Abstractiveness analysis (full table in Ap-
pendix D). Novel ng = fraction not in source. Ext.
density = sum of squared extractive-fragment lengths
divided by summary length (Grusky et al., 2018). Vocab
div = type—token ratio, reported descriptively because it
is sensitive to summary length. All FT vs. Base differ-
ences p < 0.001.

the teacher’s 2.74, whereas base models average
4.06-5.16. Density is defined as the sum of squared
extractive-fragment lengths divided by summary
length, so it gives disproportionate weight to long
source-overlapping fragments; it is not itself an
average span length. The higher base-model val-
ues therefore indicate substantially longer source-
overlapping spans. Summary length does not ex-
plain the pattern: the 70B base is shorter than the
fine-tuned 70B (198 vs. 217 words) but remains
markedly more extractive.

This helps explain the BLEU pattern. Fine-tuned
models generate more novel phrasings, reducing
exact n-gram matches, and BLEU, which relies en-
tirely on precision of n-gram overlap, penalizes this.
ROUGE-2 shows the same pattern. BERTScore,
which operates in embedding space, is the only met-
ric that favors the fine-tuned models at p < 0.001
at both scales (Table 5); ROUGE-1 also improves
at both scales, but only marginally at 70B. (Tables 1
and 2 report corpus-level BLEU, while the paired
tests in Tables 5 and 6 aggregate per-summary
BLEU, so the BLEU columns differ across each
table pair; against abstracts, the significant 70B
effect has the same sign under both and the 8B
differences are negligible in either direction.)

4.3 Factuality Scores and Extractiveness

Table 4 shows LongDocFACTScore results. For
both model sizes, the ordering is base > teacher
> fine-tuned, the opposite of what reference-based
quality metrics suggest.

Extractiveness offers a plausible explanation
for this ordering. LongDocFACTScore uses
BARTScore to compute the conditional log-
probability of each summary sentence given re-
trieved source passages. Because source-like word-
ing can receive high conditional probability, the
metric may favor extractive realizations over ab-

Scope FT70B B70B FT8B BS8B Teach
Overall —439 -3.76 —433 —4.07 —4.18
CS —4.41 =376 —434 —4.07 —-4.21
Physics —4.30 —-3.66 —4.29 -397 —4.13
Math —446 —3.86 —435 —4.18 —4.22

Table 4: LongDocFACTScore (BARTScore log-prob;
higher = greater consistency according to the metric).

stractive paraphrases. Consistent with this mecha-
nism, the more extractive base outputs score higher
than the fine-tuned outputs. Bishop et al. (2024)
anticipate this qualitatively, noting in their limita-
tions that LongDocFACTScore and other state-of-
the-art factuality metrics “favour extractive sum-
maries” and recommending that the metric be used
in conjunction with other metrics. Our contribution
is to quantify that association and to show that it
holds across systems, within systems, and across
domains. Our data do not determine whether this
gap reflects surface-form sensitivity, genuine faith-
fulness differences, or both.

An earlier decoding run of the two 8B systems
provides a limited robustness check with SummaC
(Laban et al., 2022). In that run, the fine-tuned
model scored lower than the base model (—0.31 vs.
—0.15) in all three domains. Because these were
different generations and the comparison did not
include the 70B systems or the teacher, we treat the
SummacC result as directional supporting evidence
rather than as a second full replication. Across
all 750 system—paper outputs, extractive density
and LongDocFACTScore have a pooled descrip-
tive correlation of Pearson » = +0.52 and Spear-
man p = +0.60 (Figure 1). Because each paper
contributes five summaries, we do not interpret the
pooled p-value as an independent-observation sig-
nificance test. The pooled partial correlation con-
trolling for summary length is » = +0.56. More
importantly, within each system — where each
paper contributes one observation — the associa-
tion remains positive, with Pearson r ranging from
+0.48 to 4+0.63 (all p < 10~°). The pooled de-
scriptive association is also positive in each scien-
tific domain: CS r = +0.58, physics r = +0.48,
and mathematics r = +0.46. These analyses show
that the pooled trend is not solely explained by
differences in system means, but they do not rule
out paper difficulty, retrieval quality, or genuine
faithfulness differences as shared causes. Mujahid
et al. (2026) provide complementary evidence from
the perturbation side: rather than varying a summa-
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Metric A d A d
ROUGE-1 +.038 0.69 *** +010 0.18 *
ROUGE-2 +.003 0.07 —.004 —0.09
ROUGE-L +.016 0.35 *** 4004 0.09
BERTF1  +.038 140 *** 4023 (.85 #*%*
BLEU —.001 —0.03 —.009 —0.26 **
METEOR +.002 0.04 +.022 040

Table 5: FT vs. Base against abstracts (n = 150).
Paired sign-flip permutation test. *** p < 0.001, **
p < 0.01, * p < 0.05. A and d are computed from
unrounded scores; BLEU here is per-summary (corpus-

Extractive density

Figure 1: Per-summary extractive density vs. LongDoc-
FACTScore across all five systems and 150 test papers
(n = 750). Each point is one summary scored against
its source paper. The dashed line is a descriptive pooled
OLS fit. Because each paper contributes one point per
system, inferential results are reported within system in
Section 4.3; the association remains positive in every
system.

rization system, they apply meaning-preserving ed-
its (paraphrasing, simplification, synonym replace-
ment) to human-written reference summaries and
find substantial score shifts in BARTScore, Align-
Score, and SummaC variants on legal text, though
the same edits leave those metrics nearly flat on
multi-document scientific text. Together, our ob-
servational result and their controlled perturbations
indicate that these metrics are sensitive to surface
form in addition to factual content. The rankings
these metrics produce should therefore not be in-
terpreted as pure measures of faithfulness when
systems differ substantially in extractiveness. Our
study does not establish which system is factually
superior.

4.4 Statistical Significance

Table 5 confirms the results against abstracts.
BERTScore is significant at p < 0.001 for both
model sizes with large effect sizes (d = 1.40 for
8B, d = 0.85 for 70B). The 70B improvements are
smaller because the 70B base is already stronger,
narrowing the margin. Against teacher summaries
(Table 6), all 12 comparisons are significant at
p < 0.001 with d > 1.0.

4.5 Per-Domain and Length Analysis

BERTScore F1 is significant at p < 0.001 in all six
domain-model combinations. For the 8B, mathe-
matics shows the strongest gains (d = 1.72); for

level in Table 1).

8B 70B
Metric A d A d
ROUGE-1 +.095 1.69 *#** 4104 1.95 =
ROUGE-2 +.082 1.40 *** 4+ 106 1.69 ***
ROUGE-L +.090 1.45 *%** 4121 1.85 ***
BERT F1  +.074 2.37 #**%* 4077 2.55 #*%*
BLEU +.067 1.20 *** +090 1.45 ***
METEOR +.070 1.20 *#** 4137 2.02 #***

Table 6: FT vs. Base against teacher summaries (n =
150). All p < 0.001. A and d are computed from
unrounded per-summary scores.

the 70B, CS is strongest (d = 0.96). Per-domain
significance and score tables are in Appendix E.
Both fine-tuned models match the teacher’s
length profile: the 8B averages 212.6 words (std
15.7), the 70B 217.4 (std 15.7), and the teacher
221.9 (std 16.8).> Of 150 summaries, 149 (8B) and
146 (70B) fall within the 150-250 word target, com-
pared to 35/150 for the 8B base and 147/150 for
the 70B base. One caveat: 14/150 (9%) of 8B-base
generations end without sentence-final punctuation,
consistent with reaching the 512-token generation
cap; no other system shows this signature. Trunca-
tion likely depresses the 8B base’s reference-based
scores, so a small part of the 8B fine-tuning gap on
those metrics may reflect the cap, but the factual-
ity ordering and density gap are unchanged when
these 14 papers are excluded (LongDocFACTScore
—4.00 vs. —4.33 for the fine-tuned model; density
5.24). The 70B base follows length instructions
without fine-tuning but does not adopt the teacher’s
abstractive style (Section 4.2), showing that format
compliance and summarization style are separable.

*Whitespace-delimited word counts of the generation texts,
matching the summary statistics in our released evaluation
results. The summary_length field in the released abstrac-
tiveness data uses the evaluation pipeline’s tokenizer and runs
~5-T7% higher; all relative comparisons are unaffected.
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4.6 Model Size: 70B vs. 8B

Against teacher summaries, the 70B shows clear
advantages: ROUGE-L 0.432 vs. 0.390 for the
8B. Against abstracts, the gap narrows: ROUGE-L
0.240 vs. 0.237, BERTScore 0.646 vs. 0.644. The
8B achieves 98.8% of the 70B’s ROUGE-L and
99.7% of its BERTScore against abstracts, but only
90.3% of the 70B’s ROUGE-L against teacher sum-
maries. The 8B requires one GPU and 3.7 hours of
training vs. two GPUs and 24 hours, making it the
preferred choice when near-teacher fidelity is not
required.

5 Discussion

5.1 What distillation transfers

We expected fine-tuning to improve metric scores,
but it also changed the model’s writing behavior
more thoroughly than anticipated. The 70B base
already follows length instructions well, produc-
ing summaries in the target word range without
any fine-tuning, yet its extractive density remains
substantially higher than the teacher’s. Fine-tuning
closes that gap: novel n-gram rates and extrac-
tive density shift to the teacher’s profile, slightly
overshooting it (density 2.46-2.62 vs. the teacher’s
2.74). Type—token ratio moves in the same direc-
tion but is interpreted descriptively because it is
sensitive to summary length. The qualitative exam-
ples in Appendix C make this visible. Fine-tuned
models produce flowing prose, whereas base mod-
els produce templates with headers and formatting
that the prompt explicitly instructs against (“flow-
ing prose without bullet points™).

5.2 Metric Sensitivity to Extractiveness

Metric choice reverses the apparent ranking of the
systems. BERTScore favors fine-tuning at both
model scales and in all domains, whereas Long-
DocFACTScore favors the more extractive base
outputs at both scales; BLEU and ROUGE-2 show
mixed or null effects against abstracts. The earlier
8B SummaC run shows the same direction as Long-
DocFACTScore but is only a directional robustness
check. These results demonstrate that semantic
reference similarity, lexical overlap, extractiveness,
and source-based factuality scores capture different
properties. They do not establish that BERTScore
identifies the most faithful system. We therefore
recommend reporting these dimensions separately,
with extractiveness accompanying any factuality-
based system ranking.

Not all copying is problematic: scientific sum-
maries must preserve technical terms, and unneces-
sary paraphrasing can introduce errors. Coverage
is similar across the four student systems (80-85%;
Appendix D), while density is markedly higher for
the base models. Because density gives quadratic
weight to long fragments, this combination indi-
cates that the difference is driven by longer clause-
level source overlaps rather than only by isolated
technical terms. Appendix C illustrates this con-
trast. Separating term-level from clause-level copy-
ing remains useful future work.

5.3 What we cannot conclude

Two gaps in our setup keep this evidence about met-
ric attribution rather than ground-truth factuality:
we have no human factuality annotations, and we
do not compare against a student fine-tuned on hu-
man abstracts rather than teacher summaries. Base
models copying verbatim spans receive high Long-
DocFACTScore because verbatim text has high
conditional probability under the scoring model,
but verbatim copying does not guarantee correct-
ness either, since a copied claim can still be mis-
leadingly truncated, attributed to the wrong subject,
or stripped of qualifying context. We cannot say
whether the more abstractive fine-tuned summaries
contain more, fewer, or roughly the same number
of factual errors as the base outputs. Closing these
gaps requires either careful human annotation, an
abstract-supervised baseline, or a controlled exper-
iment that perturbs extractiveness while holding
factual content constant.

5.4 Efficiency

For $30 in batch API costs, we generated 1,500
teacher summaries. The fine-tuned 8B then pro-
cesses a paper in ~20 seconds on a single A6000
with no API key needed; with 4-bit quantization
its memory footprint fits a 16GB consumer GPU,
though we did not benchmark consumer hardware
directly. Summarizing 100,000 papers via the
Claude API would run roughly $2,000 at current
batch rates for Claude Opus 4.6 ($5/$25 per million
input/output tokens standard, halved under the 50%
batch discount), given our average token counts.
These figures exclude one-time GPU access costs
for training (~3.7 hours on a single A6000 for the
8B), and API pricing is subject to change. Whether
that tradeoff is worth it depends on the application.
For literature indexing pipelines, where the cost dif-
ference compounds across hundreds of thousands
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of papers, the distilled model is a competitive op-
tion. A locally deployable model is necessary in
settings where external API calls are not permitted,
including offline or air-gapped environments and
applications with security or privacy constraints.

6 Conclusion

Our experiments show that LongDocFACTScore
rankings are strongly associated with extractive-
ness. Base outputs with longer source-overlapping
spans outscore both fine-tuned students and the
teacher, and extractive density is positively asso-
ciated with score in the pooled data, when ana-
lyzed separately by system, and when analyzed
separately by domain. An earlier 8B decoding run
shows the same directional ordering with SummacC.
Without human factuality labels, we cannot deter-
mine whether these differences arise from surface-
form sensitivity, genuine faithfulness differences,
or both. We therefore recommend reporting ex-
tractiveness alongside factuality scores whenever
compared systems differ substantially in copying
behavior.

As a secondary contribution, parameter-efficient
fine-tuning transfers the teacher’s abstractive tar-
get style and increases semantic similarity to both
teacher summaries and paper abstracts, bringing
abstract-referenced student BERTScore to within
~0.01 of the teacher. This demonstrates efficient
style transfer but does not by itself establish supe-
rior factuality.

Future work should compare teacher-supervised
and abstract-supervised students and evaluate fac-
tuality metrics under content-preserving changes in
surface form. Until then, rankings based on a single
automated factuality metric should be interpreted
cautiously.

Limitations

The most important missing baseline is fine-tuning
on human abstracts rather than teacher summaries,
which would tell us how much of the improvement
comes from the teacher’s output specifically versus
fine-tuning on any reasonable target. We leave this
for future work.>

3Few-shot prompting is impractical here: each paper con-
sumes 3,000-8,000 tokens, so two in-context examples plus
the query paper would total roughly 9,000-25,000 tokens, ex-
ceeding the 8B’s 8,192-token context. Even for larger context
windows, Liu et al. (2024a) and Levy et al. (2024) show perfor-
mance degrades well below the technical maximum, making
few-shot results hard to interpret.

‘We have no human evaluation, so we restrict our
claims to metric behavior and do not infer which
system contains fewer factual errors. A future study
should assess faithfulness and informativeness with
explicit guidelines, multiple annotators, and agree-
ment reporting.

LongDocFACTScore is our only fully evaluated
factuality metric. An earlier decoding run of the
8B systems showed the same directional ordering
with SummacC (Section 4.3), but we could not run
QuestEval or AlignScore due to dependency con-
flicts with our evaluation environment. The claim
would be stronger with more metrics. Similarly,
our exclusion of LLM-as-judge evaluation rests on
concerns about self-preference bias; a judge from
a different model family would mitigate this and
could assess dimensions such as coverage and co-
herence, and remains a reasonable extension.

Smaller issues: our conclusions rest on a 150-
paper test set spanning three STEM domains,
which supports the paired comparisons we report
but not broad generalization to other domains or
document types. Our preprocessing removes dis-
play equations and figure/table environments (re-
taining captions), an untested choice that may dis-
card content central to mathematics and physics
papers. Both students are LLaMA-family models
and we distill from a single frontier teacher; base
models from other families may have different de-
fault copying behavior and other teachers may in-
duce different styles, so the distillation findings
may not transfer, although the metric-level asso-
ciation analysis does not depend on either choice.
Stochastic decoding introduces run-to-run varia-
tion (mitigated by fixed seeds), and we apply no
multiple-comparison correction, though all primary
results (p < 0.001) survive Bonferroni. Training
data contamination is addressed in Section 2.1: the
April 2026 collection window postdates all models’
training cutoffs.

Ethics Statement

This work uses publicly available arXiv papers, re-
trieved and used for research purposes as permitted
by arXiv’s Terms of Use. Teacher summaries are
generated by a commercial LLM (Claude Opus
4.6); the distilled models may inherit biases present
in the teacher’s training data. The fine-tuned mod-
els are intended for research use in scientific litera-
ture tools and should not substitute expert reading
of primary sources.
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Supplementary Materials Availability State-
ment: The source documents are publicly avail-
able arXiv papers. We release their arXiv IDs,
which arXiv makes available as descriptive meta-
data under a CCO 1.0 Public Domain Dedication;
we redistribute the extracted body text for the
692 of 1,500 papers whose authors chose a li-
cense permitting it (653 CC BY 4.0, 26 CC BY-
SA 4.0, 13 CCO 1.0), each under its own license,
and release metadata only for the remaining 808,
since arXiv’s default non-exclusive license does
not grant third parties a redistribution right. The
teacher-generated training, validation, and test sum-
maries, the held-out test split (arXiv IDs) and
the split configuration, the training and evalua-
tion pipeline code, and the per-summary metric
scores underlying all tables and figures are avail-
able at https://github.com/Joseph-Moretto/
Summary_Fine_Tuning; the code is released un-
der an MIT license and the teacher-generated sum-
maries under CC BY 4.0. The section-extraction
script is not included, but Section 2.1 describes
the procedure it implements. The LoORA/QLoRA
adapter configurations and tokenizers are included
there; the adapter weight files themselves exceed
the repository host’s file-size limit and are avail-
able from the authors on request. The base LLaMA
models are available from Meta under the LLaMA
community license, and the teacher model (Claude
Opus 4.6) is a commercial API model that we can-
not redistribute; the released prompts (Appendix B)
and batch API settings allow regeneration of com-
parable teacher outputs.
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A Hyperparameter Justification

This appendix provides the rationale for each hy-
perparameter choice in Section 2.3. Choices that
are widely standard are noted as such; choices that
deviate from defaults are justified explicitly.

LoRA rank 16, alpha 32. These are the defaults
in Hugging Face TRL’s ModelConfig, the argu-
ment dataclass we use with TRL’s trainer. Setting
alpha to twice the rank is a widely used convention
rather than a PEFT library default, which is » = 8§,
a=38.

Target modules: all projection layers. The
QLoRA paper (Dettmers et al., 2023) showed that
targeting all linear layers matters more than in-
creasing rank for matching full fine-tuning perfor-
mance. We adapt all g/k/v/o projections and the
gate/up/down projections in the MLP blocks. Lim-
iting adapters to attention only would miss the feed-
forward layers, where stylistic behavior is partly
encoded.

LoRA dropout 0.1. Added as regularization
given the small training set (1,200 examples). The
PEFT default of 0.0 would leave the adapters with-
out dropout regularization.

Epochs 3. Conventional for LoRA on small
datasets. The 8B’s train-eval gap (0.160) at three
epochs is consistent with mild overfitting but not
catastrophic; preliminary runs at higher epoch
counts widened this gap without improving eval
loss.

Learning rate le-4, cosine schedule, warmup
ratio 0.05. 1le-4 is the QLoRA paper’s recom-
mendation for larger models. We use the same rate
for both the 8B and 70B to avoid introducing a
scale-vs-LR confound. Cosine annealing decays
the rate smoothly rather than dropping at arbitrary
steps, and 5% warmup stabilizes the first few up-
dates.

Weight decay 0.01. Standard AdamW regulariza-
tion, providing a mild L2 penalty on the trainable
adapter parameters; the frozen base-model weights
do not update.

Gradient clipping 0.3. More aggressive than
the typical 1.0 default. We use the QLoRA pa-
per’s recommended value to stabilize the higher-
precision adapter gradients while training over a
4-bit-quantized frozen base model.

Effective batch size 16. Small enough for fre-
quent gradient updates on 1,200 examples (~225
optimizer steps total across 3 epochs), large enough
that gradient estimates are not dominated by noise.
The 8B uses per-device batch size 4 with gradient
accumulation 4. For the 70B, the quantized model
is sharded across two GPUs; microbatch size 1 with
gradient accumulation 16 yields an effective batch
size of 16.

Maximum sequence length 8,192. The practical
ceiling for the 8B on a single A6000 with LoRA
and gradient checkpointing. Papers exceeding this
are truncated using a head-tail strategy: 70% of the
token budget from the beginning of the extracted
input (introduction, methods) and 30% from the
end (results, conclusion), with cuts snapped to sec-
tion boundaries where possible. This preserves the
contribution and methods context that summaries
draw on most heavily, along with the results that
typically come at the end of a paper.

Temperature 0.7, top-p 0.9, repetition penalty
1.1. Identical decoding settings for all four stu-
dent systems (both fine-tuned, both base). The
teacher was sampled through the Anthropic batch
API with default sampling parameters and a 1,024-
token cap. Temperature and top-p balance diversity
against faithfulness. The mild repetition penalty
prevents the looping behavior LLaMA models oc-
casionally exhibit without distorting the output dis-
tribution.

Max 512 new tokens. Target summaries are
150-250 words (~200-350 tokens). 512 provides
headroom for the fine-tuned models and the 70B
base; the exception is the 8B base, whose longer
markdown-heavy outputs reach the cap in 14/150
cases (Section 4).

bf16 for 8B, 4-bit NormalFloat for 70B. The 8B
fits on one A6000 in bf16 with LoRA and gradient
checkpointing. The 70B in bf16 would require
approximately 140GB, so we use QLoRA’s NF4
quantization with double quantization to fit on two
A6000s (96GB total).

Seed 42. Single seed for reproducibility. We re-
port results from one training and one inference run
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per model; multi-seed variance is not characterized.

B Prompt

Two prompts are used. The teacher prompt is
used for teacher summary generation (Claude Opus
4.6). The student prompt is used for fine-tuning
supervision (the user message is paired with the
teacher summary as the training target for both
LLaMA students) and for zero-shot and fine-tuned
student inference; it condenses the teacher’s in-
structions into a shorter system message and a sin-
gle instruction sentence conveying the same con-
straints. {title} is substituted with the paper title;
{content} and {input_text} are substituted with
the concatenated section text. Both prompts are
reproduced verbatim below.

Teacher prompt

System message.

You are an expert scientific paper
summarizer. Your task is to
generate concise, accurate summaries of
scientific papers.

Your summaries must:

1. Be 150-250 words in length

2. Cover four key aspects:

- Main contribution or novelty of the
work

- Methodology or approach used

- Key results or findings

- Significance or implications

3. Be FAITHFUL to the source - never
include claims not present in the paper
4. Use clear, accessible language while
maintaining technical accuracy

5. Be written in third person, present
tense

Do NOT:
- Add
source
- Make speculative claims about future
work

- Include citations or references

- Use bullet points or lists - write in
flowing prose

information not present in the

User message.

Please summarize the
scientific paper.

following

Title: {title}
Paper Content:
{content}

Generate a 150-250 word summary covering
the main contribution, methodology, key
results, and significance.

Student prompt

System message.

You are an expert scientific
summarizer. Generate concise,
summaries of scientific papers. Write
in third person, present tense, using
flowing prose without bullet points.

paper
accurate

User message.

Summarize the following scientific paper
in 150-250 words, covering the main
contribution, methodology, key results,
and significance.

Title: {title}
Paper Content:

{input_text}

C Qualitative Examples

We present two examples contrasting fine-tuned
and base summaries; the first also includes the
teacher summary.

C.1 Physics: “Surface Plasmons in the
Continuum”

Teacher. “This study addresses the challenge of
accurately calculating surface-plasmon resonances
(SPRs) in aluminum clusters at energies above the
ionization potential, where excited states are em-
bedded in the ionization continuum. The authors
demonstrate that standard real-time TDDFT cal-
culations produce unphysical spectral artifacts be-
cause electrons excited into continuum states re-
flect off finite simulation domain boundaries [...]”

Fine-tuned 8B. “This study presents an ab initio
framework for calculating surface-plasmon reso-
nances (SPRs) in metal clusters at energies above
the ionization potential, addressing a longstanding
challenge in time-dependent density functional the-
ory (TDDFT). The central contribution is demon-
strating that TDDFT can reliably describe plas-
monic excitations in the ionization continuum

[...]”

Base 8B. “Surface Plasmons in the Contin-
uum / Main Contribution: The authors develop a
grid-based real-time time-dependent density func-
tional theory (RT-TDDFT) approach to accurately
describe the absorption spectra of metal clusters
above the ionization potential [...]”
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Observations. The fine-tuned model produces
flowing prose matching the teacher’s style. The
base model uses bold headers and labeled sec-
tions despite the system prompt’s explicit instruc-
tion to write flowing prose without bullet points, a
template-following behavior that fine-tuning elimi-
nates.

C.2 Physics (econophysics): “Sandpile
Economics”

Fine-tuned 8B. “This paper develops the ‘Sand-
pile Economy’ framework, arguing that capitalist
economies self-organize into permanent states of
structural fragility through endogenous network
evolution. The authors identify three mechanisms:
competitive selection favoring specialization [...]”

Base 8B. “Summary of the Scientific Paper /
Main Contribution/Finding: The authors propose
a novel framework, dubbed ‘Sandpile Economics,’
which posits that the global production network or-
ganizes itself into a permanently critical geometric
configuration [...]”

Observations. The fine-tuned model identifies
three specific mechanisms, a content-level contri-
bution absent from the base output. The stylis-
tic contrast between prose and template is consis-
tent across domains. The fine-tuned output also
conflates two terms the source distinguishes, call-
ing the framework “Sandpile Economy” — the
source’s name for the dynamical system of its Def-
inition 3.6 — where the source names the frame-
work “Sandpile Economics”; the base output uses
the framework name correctly. This is a small il-
lustration of the abstractive-error risk we cannot
quantify without human annotation (Section 5).

D Full Abstractiveness Table

Metric FT70B B70B FT8B BS8B Teach
Novel 1g  19.6% 153% 19.0% 152% 12.8%
Novel 2g  57.8% 47.4% 56.8% 45.1% 53.0%
Novel 3g  782% 66.3% 765% 62.8% 75.6%
Novel4g 88.0% 76.6% 86.4% 72.9% 86.1%
Coverage 80.4% 84.7% 81.0% 84.8% 87.2%
Density 2.46 406 262 516 274

Vocab div  0.68 060 068 052 0.66

Table 7: Full abstractiveness analysis. All FT vs. Base
differences p < 0.001 (Wilcoxon).

E Per-Domain Results

Domain 8Bd 70Bd
CS 1.27 0.96
Physics 1.32 0.81
Math 1.72 0.75

Table 8: Per-domain FT vs. Base effect sizes (Cohen’s
d) for BERTScore F1 against abstracts. All six com-
parisons are significant at p < 0.001 (paired sign-flip
permutation test).

Dom. Model R-1 R-2 R-L BERT BLEU MET. n

FT 8B .490 .172 248 .656 .069 .346 55
CS BS8B 458 .168 231 .618 .068 .340 55
Teach .515 .195 269 .665 .088 .366 55

FT 8B .464 .151 225 .644 .063 .323 48
B8B 438 .158 .219 .612 .058 341 48
Teach .490 .175 245 .656 .074 352 48

FT 8B .440 .167 .238 .629 .067 .337 47
Math B8B .383 .155 .214 .583 .063 .320 47
Teach .457 .188 260 .638 .076 .353 47

Phys

Table 9: Per-domain results vs. abstracts (§8B model).

Dom. Model R-1 R-2 R-L BERT BLEU MET. n

FT 70B .498 .175 254 .659 .074 350 55
CS B70B .478 .176 241 .631 .086 .320 55
Teach .515 .195 269 .665 .088 .366 55

FT 70B .470 .158 231 .648 .066 .338 48
B70B 473 .172 237 .630 .075 .324 48
Teach .490 .175 245 .656 .074 352 48

FT 70B 435 .166 .232 .627 .066 .335 47
Math B 70B .423 .165 228 .606 .079 .314 47
Teach .457 .188 .260 .638 .076 .353 47

Phys

Table 10: Per-domain results vs. abstracts (70B model).

1104



