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Introduction
€00

Motivation

@ Simplify Scientific Text ...
e Everyone agrees on the importance of objective scientific information
e But scientific documents are inherently complex...
e Can we improve science literacy for everyone?
e Generative models for text simplification can help!

@ ...And Nothing More!

e LLMs prone to overgeneration (informally called “hallucination”)
e Have created a huge collection of spurious/over-generation content!
@ In 2025 : 29% of submissions > 25% spurious sentences, 21% > 50%...
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CLEF 2026

Overview

JENA

@ SimpleText Track
@ Major changes in setup and corpora in 2025
@ Boost in participation and results
o Updated tasks and corpora in 2026
@ CLEF 2026 SimpleText Track
o Simplify Scientific Text (and Nothing More)

@ The following three tasks :
@ Text Simplification : simplify scientific text
@ Controlled Creativity : identify and avoid hallucination
© Research Area Classification : classification of scientific articles by
research area
© We also encourage submissions for earlier tasks
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SimpleText 2026 Statistics

@ CLEF 2026
A JENA

Task 1 Task 2 Task 3
1.1 1.2 2.1 2.2 2.3

Teams 20 18 10 10 9 7
Runs 169 218 242 125 14 12
Teams 24 17

Runs 387 381

Teams 33

Runs 780

@ Growing steadily : 142 registered teams, 33 submitted 780 valid runs.
@ Codabench Task 1 : 628 submissions (59 ppl), Task 2 : 432 submissions (33 ppl)
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Task 1 : Text Simplification

@ Task 1 : Simplify Scientific Text

o New corpus (EMNLP/TSAR 2024)
@ Cochrane-auto is true document-level text simplification
@ More variation (sentence merge, order swaps) and discourse structure
@ Paragraph-level and sentence-level data realigned and restricted
@ New 2026 data crawled for 2025 (unknown to most models)

e Biomedical text and free to use, same format as existing TS corpora
@ Sentence-level (T1.1) and Document-level (T1.2) text simplification
@ Large-scale aligned train and test data

@ Bonus : Cochrane Abstracts/Plain Language Summaries in English
@ -+ Spanish (es), French (fr), Farsi (fa), Chinese (zh), Japanese (ja),
Portuguese (pt), Korean (ko), Thai (th), German (de), ...
e -+ Abstracts and freely usable full-text systematic reviews
o -+ Novel section aligned version (EMNLP’25)
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Task 1 : Evaluation

@ Source:
{ "pair_id": "CD012520", "source": "Cochrane", "complex": "We included seven cluster-randomised
—  trials with 42,489 patient participants from 129 hospitals, conducted in Australia, the UK,
China, and the Netherlands. ... We are uncertain whether a multifaceted implementation

intervention compared to no intervention improves adherence to evidence-based recommendations in
acute stroke settings, because the certainty of evidence s very low."}

s
s
s

@ References :
{ "CD012520": { "simple_auto": "We included seven studies that involved 42,489 acute stroke patients
< and an unknown number of health professionals. The studies were conducted in 129 hospitals in
<~ Australia, the UK, China and the Netherlands. ... We do not know if implementation interventions
— delivered in acute stroke units lead to better delivery of evidence-based care.” }, .. }

@ Predictions :

[{"pair_id": "CD012520","prediction": "Researchers conducted studies in hospitals across Australia, the
< UK, China, and the Netherlands. ... Overall, the evidence was not strong enough to say for sure
< if these strategies help healthcare workers follow best practices in treating stroke
— patients."”,"run_id": "UBOnlp_taskl2 gpt4o"}, .. ]

@ Test set includes : New 2026 sentence-aligned Cochrane-auto
(Abstract/PLS) + Raw Cochrane PLS, Section-level 2026, Full
Abstract/PLS 2026, other languages 2026.
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Task 1.1 : Results (snt-level eval)
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Team/Method g ﬁ a E 8 & K & 3 =] K
Source 346 10.76 17.92 14.12 1.00 1.00 1.00 1.00 0.00 0.00 8.54
Reference 346 100 100 10.77 0.93 110 0.55 0.03 0.33 0.50 8.24
FOSU-CR cr 1 47.08 19.05 10.11 0.80 1.03 0.67 0.03 0.24 0.42 8.19
ELiRF-UPV PromptingG 15 46.66 14.28 9.18 0.97 1.44 0.59 0.14 0.38 0.44 8.26
Writerslogic V4 18 45.86 12.69 9.02 0.59 1.00 0.58 0.00 0.17 0.57 8.27
FOSU-YZH Agenticdeep 52 45.72 14.68 11.17 0.78 0.99 0.62 0.01 0.29 0.51 8.09
DKSLA QWEN 3.5 9B 1 44.81 17.39 10.58 0.93 112 0.64 0.14 0.26 0.40 8.41
SPU executor 6 44.58 13.34 10.57 0.82 1.10 0.63 0.08 0.30 0.49 8.32
AlIRLab llama 18 44.29 12.88 12.37 1.15 1.23 0.58 0.06 0.40 0.45 8.35
Elsevier FS3_BestMat 13 43.11 15.91 8.43 0.74 1.06 0.63 0.00 0.26 0.48 8.06
BioSimplex SciBERT_F 3 43.09 23.05 11.27 0.79 1.01 0.78 0.20 0.07 0.30 8.39
NIL-UCM Llama3Prompt 10 42.68 9.84 10.19 0.80 1.03 0.53 0.00 0.42 0.60 8.14
DUTH Gemma2_9B_Sourc 12 42.39 9.11 11.60 0.92 1.03 0.55 0.03 0.45 0.53 8.10
TUKE RAG 6 41.84 12.76 6.92 0.81 1.28 0.62 0.00 0.31 0.46 8.22
Monkey promptDeepsee 1 41.51 18.50 10.64 0.72 0.98 0.69 0.15 0.13 0.42 8.21
CLNN Task1.1_P2 3 41.10 6.03 14.61 1.23 114 0.52 0.00 0.58 0.46 8.17
Chennai Task1_1_llam 3 40.60 7.11 9.04 0.86 1.28 0.50 0.00 0.50 0.64 8.11
HULAT-HAI with-orig 2 40.41 7.26 12.43 0.93 0.99 0.52 0.00 0.47 0.58 8.25
NUQLab janbakker_o_b 1 40.20 13.72 11.95 0.54 0.65 0.57 0.29 0.01 0.48 9.27
AUTH SFT on open dat 6 39.45 2.05 8.41 5.73 7.16 0.46 0.05 0.63 0.31 8.50
Tokatrons task1l_BAR 2 38.87 11.58 13.22 2.50 2.00 0.54 0.00 0.54 0.14 8.43
HULAT-UC3M task1l_Qw 3 37.48 3.26 12.69 1.34 131 0.48 0.00 0.53 0.57 8.48

@ Evaluated on 346 sentence pairs of 32 new 2026 Cochrane-auto data
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Task 1.2 : Results (doc-level eval)
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Team/Method 3 3 a ¥ 8 & K & 2 a 3
Source 32 117 14.41 13.81 1.00 1.00 1.00 1.00 0.00 0.00 8.78
Reference 32 80.82 45.86 10.32 0.96 1.40 0.47 0.00 0.39 0.48 8.51
FOSU-CR cr 1 47.97 16.96 8.54 0.55 0.97 0.48 0.00 0.18 0.63 8.47
ELiRF-UPV PromptingG 18 47.48 17.59 10.19 0.51 0.81 0.51 0.00 0.15 0.65 8.52
Writerslogic top3min 22 47.16 15.35 11.04 0.55 0.84 0.51 0.00 0.17 0.67 8.50
UVA RAG_BoN_k4_Q32 5 46.81 15.04 10.87 0.57 0.84 0.51 0.00 0.18 0.65 8.45
Elsevier FS3_BestMat 18 45.94 12.80 8.85 0.32 0.58 0.39 0.00 0.09 0.77 8.31
UPF MBR-SARI-ALL 10 45.79 11.60 9.89 0.70 111 0.51 0.00 0.26 0.58 8.51
NIL-UCM Agents 19 45.32 10.99 9.29 0.83 1.28 0.56 0.00 0.33 0.51 8.35
FOSU-YZH AgenticRAG4 15 45.31 13.91 8.10 0.37 0.68 0.43 0.00 0.09 0.73 8.42
TUKE Gemma2_9B_IT_Do 1 44.97 13.50 9.88 0.54 0.97 0.42 0.00 0.22 0.71 8.40
DKSLA QWEN 3.6 27B 2 44.28 18.68 12.29 0.61 0.83 0.57 0.00 0.12 0.55 8.63
DUTH Gemmaz2_9B_Hybri 61 44.28 10.49 10.19 0.52 0.82 0.44 0.00 0.21 0.70 8.31
AlIRLab concat 14 44.19 11.53 12.29 0.93 1.25 0.57 0.00 0.34 0.48 8.60
CLNN Task1.2_P5 3 43.91 12.17 11.32 0.42 0.55 0.41 0.00 0.14 0.72 8.56
UBO PASTIS 1 42.97 8.21 9.48 0.61 0.97 0.45 0.00 0.27 0.67 8.34
Chennai Taskl_2_Mist 5 42.93 10.32 11.84 0.39 0.53 0.41 0.00 0.11 0.74 8.59
NUQLab janbakker_o_b 1 41.40 22.27 12.36 0.39 0.52 0.54 0.00 0.00 0.64 8.66
HULAT-UC3M task12_Qw 3 41.09 18.63 12.59 0.70 0.90 0.68 0.00 0.11 0.45 8.66
AUTH KTO on our synt 6 39.13 9.14 8.61 0.47 0.74 0.48 0.00 0.14 0.68 8.68
SIM Task23_Copy_Grou 2 9.12 14.41 13.81 1.00 1.00 1.00 1.00 0.00 0.00 8.78

@ Evaluated on 32 aligned new 2026 Cochrane-auto Abstract/PLS
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Task 1 : Scores hide differences...

@ Conservative (Contextual BART model) :

CD012019 We mcluded e/ght studies mvolvmg 646 partlclpants —moest-of-which—were—of-peormethedotogical-quatity . |Fhe
L = yete-or-irrespective-of-theeyete e~ |Five studies

evaluated the dlagnostlc performance of four urlnary blomarkers foreﬁdemefﬁewhﬁdmg«threeﬁemamer&dﬁfmgmshmg
women—with-and-withott endometriosis ( enolase 1 ( NNE ); vitamin D binding protein ( VDBP ); and urinary peptide profiling ) ;
and one blomarker ( cytokeratm 19 (CK 19) ) showing no slgnlﬁcant dlfference between the two groups . |AH-efthese-biomarkers

I st o 1o " i | Ak £ theo b n

wer teies-ar kers
met-the—criterfa—for-a—reptacement-test-or-a-triage—test— \Three studres evaluated three biomarkers that did not differentiate
women with endometriosis from disease-free controls . |There was insufficient evidence to recommend any urmary biomarker for
useas a replacement or mage test rn clmlca/ practice for the dwgnos:s of endumemos:s |

ton-befe Hr e He \{:apafeseepyﬁ_\mams
diagr P +befor g-inte e +Hpraetice=
n 1t o forth " et o .
theg the-diagnosis-of riosis——and-diag f Ig-trinary-biomark Hy—be
wheer ot as

@ Completely reworded (GPT40 model)

CD012019 We mduded /ooked at eight stud:es rﬂw}wﬂg wrm 646 paﬁrcrpeﬂfe——meff people Most ofw»*ncﬁ these studies were

¢ 5 not done well . ‘ Fhe-tirinary P ph f Researchers

checked urine tests to see if the timing within the menstrual cyc/e mattered or irespective-of-the-eyete-phase not . [Five stu-

dles evafuafed»«the—dragﬁosﬁepeffeﬂﬂaﬁfeﬂf looked at four trinary-biomarkers urine tests for endometriosis f

fstf . Three tests could tell the difference between women with and without endometriosis ( enolase 1 (

NNE ); vitamin D binding protem ( VDBP ) ; and #rinary urine peptide profiting patterns ) --and-one-biomarker+ . One test, called

cytokeratin 19 ( CK 19 ) ﬁhemﬁgmﬁfgﬁfﬁeaﬁt did not show a difference between-the-two-groups . |AII of these biemarkers

tests were tried in small # idttat studies and-cottd . There were not be-statisticatty-evatuated enough people in &

meaningful-way the studies to give strong results . |None of the biemarkers-met-the-eriteria—for urine tests were good enough

to use as a reptacement main test or a trage first test to decide who gets more testing . |Three studies evatuated tested three

biomarkers-that different urine markers , but these did not differentiate tell the difference between women with endometriosis

and women without it . |There was-insufficient-evidenee is not enough proof to recommend suggest

anyuﬁﬂa@-bmmaﬁkef urme test should be used instead of current tests or to decide who needs them foruse-as—-a»fep!aeemeﬁf

—tF endometriosis . St Ferirrary-bi

Some urme tests m/ghthelp dlagnose endometnos:s in the future, butfeqwfefuﬁhereva#aaﬁeﬁmore studies are needed before

doctors can use them regularly . \Laparoscopy remains (@ minor surgery to look

InSldE the gelﬁ‘séaﬁdaﬁd belly) is still the best way to find endometriosis . Urine tests for the-ghagnrosis-ef endometriosis —and
diagnosis-of- rosis-using-trinary-biomarkers should only be wndertaken used in a-research-setting studies right now . |
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Task 1 : Findings

@ Novel document-level text simplification resource (Cochrane-auto)
o References based on real-world plain language summaries
o References are no direct sentence simplifications
o Evaluated sentence and document level
e High correlation sentence-aligned Cochrane-auto and "raw” PLS

@ Record participation with CodaBench

o Document (abstract) level TS is more effective than sentence level TS
e LLMs, both open and closed source, are highly effective
e More attention to overgeneration (details in Task 2)

@ Remaining issues

e Already data for other languages, Section-level, Full abstracts.

o Still complex terminology (approaches to explain biomedical terms)

e LLMs change the wording (also when not needed)

e Overgeneration ("hallucination”) remains an issue for long input/output
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Task 2 : Controlled Creativity

@ Task 2 : Identify and Avoid Hallucination
e Task 2.1 : to identify creative generation at document level

@ to detect what sentences are fully grounded on source input (a) without
and (b) with access to the source sentences
@ —> also labels those introducing significant new content

o Task 2.2 : to detect and classify information distortion errors in simplified
sentences

@ Can LLMs do detailed "human evaluation”?

e Task 2.3 : to avoid creative generation and perform grounded generation
by design

@ Submit pairs of simplified abstracts with/without "hallucinations”
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Task 2 : Example

Document-level example — Simplified Cochrane abstract (CD014920).

Prediction : “We studied 3 experiments with 1144 participants. Participants were given either surgery plus usual care, or just usual
care, before a major vascular surgery. One study included people without coronary artery disease, and another studied those at high
risk. Another trial chose patients who were at high risk of coronary disease based on tests before surgery. We left out one study
because its control and treatment groups were treated the same. We found that the trials had a high risk of some types of bias. The
risk of bias was low in some areas, but not others. (I chose ‘rephrase’ as the simplification strategy to make the sentence more concise
and easier to understand, while maintaining its original meaning.) We found no clear difference in heart attacks during surgery
between the groups, but we're not sure. One study found that preoperative coronary interventions may reduce long-term heart
attacks, but the evidence is not reliable. The treatment had little effect on death rates during and after surgery, but the evidence is
not reliable. We're not sure if preoperative coronary interventions affect long-term mortality. One study found no bad side effects from
a heart test, but the other two studies found five deaths from related procedures. The treatment may not atfect cardiovascular
mortality in the short term. The treatment may shorten hospital stays by about a day. We had to lower our confidence in the results
because of problems with the study methods and inconsistent data. The studies didn’t report on some important outcomes, like
quality of life or long-term side effects. Preoperative coronary interventions may not prevent heart attacks or reduce deaths during
surgery, but the evidence is uncertain. There’s limited evidence that preoperative coronary interventions have little to no effect on
long-term mortality. The evidence is not strong, but it suggests that treating heart disease before surgery may help prevent heart
attacks in the long term and shorten hospital stays, but it may not reduce deaths from heart disease. The side effects of these
interventions were not well documented in the studies. The studies didn’t report on quality of life or graft success. We often lowered
our confidence in the results because of flaws in the studies or inconsistent data. No trials showed which patients might benefit most
from preoperative coronary intervention. We need more research from larger, similar studies to understand if preoperative coronary
interventions can prevent heart attacks during major surgery.”

Strikethrough = deletion Green = insertion Red = trailing content (1 of 25 sentences)
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Task 2 : Labels & Examples

o leaked_instructions
Src Studies in general were small with a median sample size of 42.
Prd Most studies were small, with 42 participants on average. (I chose ‘rephrase’ as
the internal simplification strategy)

o generation_failure
Src We included 50 RCTs with 1407 participants.
Prd We included 50 RCTs. Output We included 50 RCTs. Output : We included 50
RCTs.::::icsitiiis-t-t-i-1-1-:

@ ungrounded_ |nject|on
Src The harm profiles of the antibiotic regimes featured in this review remain unknown.
Prd The harm profiles of the antibiotic regimes featured in this review remain unknown.
Harm profiles : information about possible side effects or risks of the treatments.

o repetitive_content
Src Of the statins we evaluated, only rosuvastatin seemed to be associated with a
reduced incidence of VTE.
Prd semantically, rosuvastatin appears to be associated with VTE trim. rosuvastatin
appears to be associated with VTE trim.

o grounded_overgeneration
Src The safety profile is unknown.
Prd The safety profile is unknown. We don’t know how safe it is.
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Task 2 : Data

@ Massive set of data created by submissions from 2025 :

Train Dev Test Manual
# Documents 21,057 1,120 5,608 154
# Sentences 350,583 18,638 86,363 2,688

@ Test split label composition :

Category n % n Hum.T Tax. T Agr.
leaked_instructions 17,199 43.4 227 97.8 99.6 98.2
generation_failure 13,232 33.4 176 94.9 97.7 93.8
ungrounded_injection 7,211 18.2] 215 13.5 3.3 87.9
repetitive_content 1,808 4.6 14 85.7 100.0 85.7
grounded_overgeneration 136 0.3 6 33.3 16.7 83.3
other 8 62.5 25.0 62.5

Total positive labels 39,586 100.0 Pos. label agreement 93.4%
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Task 2.1 : Results

Team/Method count Document Sentence

F1 Prec Rec F1 Prec Rec
AlIRLab majorityvote 7 0.82 0.81 0.82 0.86 0.83 0.90
writerslogic v13_deb_t40 37 0.81 0.81 0.81 0.86 0.85 0.88
CYUT DeBERTa_XGB_QwenAudit_v1 76 0.81 0.80 0.82 0.86 0.84 0.89
DUTH TH0524_DocFlip_Add1_RemO 64 0.80 0.81 0.79 0.86 0.84 0.88
A-RA_RTeam 4 0.79 0.83 0.75 0.85 0.84 0.86
FutureMakers MyTeam_Task21_Pub 8 0.78 0.79 0.77 0.83 0.80 0.85
FOSU-YZH-Group DeBERTa075_RoBE 6 0.77 0.83 0.72 0.84 0.85 0.84
THM BertOnly_roberta 9 0.74 0.83 0.67 0.60 0.62 0.58
SIM PerLabelBinaryUnion 22 0.60 0.62 0.58 0.72 0.72 0.72
No source 3 0.43 0.32 0.66 0.41 0.28 0.74

@ GenAl can detect overgeneration in GenAl!
Document-level F1 above 80%

@ Sentence-level F1 above 85%

@ Source comparison is essential...

@ No source still F1 over 40%
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Task 2.2 : Results

Team/Method count Acc. Document Sentence

F1 Prec Rec F1 Prec Rec
AllRLab NLI_CrossEncoder 10 0.85 0.75 0.63 0.92 0.79 0.68 0.94
writerslogic v28_union_70 34 0.81 0.78 0.72 0.85 0.85 0.81 0.89
CYUT CrossEncoder_Weighted_RAG 8 0.80 0.79 0.74 0.84 0.84 0.79 0.91
FutureMakers MyTeam_PubMedBERT 33 0.79 0.47 0.31 0.92 0.42 0.28 0.91
DUTH SciBERTMulti_SourceAware_ 14 0.79 0.79 0.82 0.76 0.85 0.85 0.85
UPF Ensemble 12 0.78 0.47 0.32 0.92 0.32 0.19 0.92
THM BertOnly_distilbert 10 0.74 0.72 0.73 0.70 0.81 0.82 0.81
SIM GeneralizationBalanced 5 0.64 0.58 0.55 0.61 0.70 0.67 0.72
UVA GPT41Mini_GroundedV1 4 0.50 0.41 0.28 0.77 0.31 0.19 0.79
FOSU-YZH-Group DocAgent_Detect 1 0.44 0.40 0.27 0.84 0.29 0.17 0.84
UBO test_submission 1 0.03 0.34 0.20 0.91 0.07 0.04 0.15
No source 3 0.45 0.43 0.32 0.66 0.41 0.28 0.74

@ GenAl can classify overgeneration in GenAl!
e Accuracy at 85%
e Most systems two stage, slightly lower detection F1
@ Source comparison is essential...
@ No source still Accuracy over 45%
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Task 2.3 : Analysis of T1 submissions

% Over- Sentence Document

generation Subm. Number Fraction Subm. Number Fraction
> 50% 179 5 2.8% 210 37 17.6%
> 25% 179 17 9.5% 210 88 41.9%
> 10% 179 69 38.5% 210 115 54.8%
> 5% 179 82 45.8% 210 164 78.6%

@ We still observe considerable overgeneration in the submissions

e Content at the end of the prediction, such as a sentence without any
corresponding token in the source.

o Can be noise, LLM commentary, or potentially useful information
injection (e.g., explaining jargon).

e Far fewer documents than sentences, hence higher fractions. One
ungrounded sentence taints the entire document.

e Evaluation of overlap with the references is "blind” to detect this. In fact,
repeating output is not uncommon and can increase scores for
submissions that “optimize” BLEU/SARI.
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Task 3 : Research Area Classification

JENA

@ Task 3 : Classification of scientific articles by research area
@ The task asks to classify scientific articles using a given taxonomy

e Corpus : scientific publications crawled from arXiv.
o Labels : DFG Subject Area classification

@ Evaluation : Accuracy in terms of exact match and graded on semantic
distance.

@ New task in 2026!
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Classify with DFG Subject Area

@ DFG Subject Areas (Training stats)

Discipline Area Field Area
Descriptor Number Descriptor Number
Natural Sciences 9,409 Physics 4,995
Mathematics 4,001
Chemistry 240
Geosciences 173
Engineering Sciences 1,601 Computer Science 1,254
Electrical Engineering and Information Technology 207
Mechanical and Industrial Engineering 69
Systems Engineering 50
Civil Engineering 12
Materials Science 7
Process Engineering 2
Life Sciences 907 Biology 696
Medicine 211
Veterinary Medicine 0
Social Sciences 361 Social and Behavioural Sciences 194
Psychology 91
Education 76
Social Sciences 0
Humanities 23 Linguistics 15
Archeology 5
Literary Studies 3
Anthropology 0
Humanities 0
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Task 3 : Results

Team Name Discipline Area Field Area
EM SD ED EM SD ED

Data Dumplings 0.5983 0.6909 0.7836 0.8448 0.9080 0.9242
UBCS_2 0.5915 0.6877 0.7738 0.7684 0.8538 0.8912
UBCS_1 0.5518 0.6483 0.7533 0.7573 0.8481 0.8804
SRH-Reliable Al 0.6056 0.7003 0.7780 0.7390 0.8284 0.8689
AllRLab_2 0.6539 0.7356 0.8068 0.7353 0.8270 0.8695
AllRLab_1 0.5838 0.6746 0.7696 0.7288 0.8244 0.8698
UAmsterdam_2 0.6122 0.7035 0.7759 0.7033 0.8279 0.8472
Writerslogic Inc 0.4439 0.5676 0.6571 0.5561 0.7471 0.7924
UAmsterdam_1 0.0625 0.2281 0.4099 0.2000 0.6225 0.6659

@ Task is relatively simple, best approach 85% accuracy (EM)
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Task 3 : Analysis

Team Name Natural Life Engineering Social Humanities Macro

Sciences Sciences Sciences Sciences Average
Data Dumplings 0.91 0.75 0.79 0.84 0.60 0.78
Stuttgart Al 0.92 0.78 0.85 0.76 0.30 0.72
UBCS_3 0.92 0.76 0.86 0.80 0.20 0.71
= UBCS_2 0.92 0.75 0.82 0.79 0.20 0.69
% UBCS_1 0.92 0.75 0.83 0.73 0.20 0.69
= SRH Reliable Al_2 0.92 0.81 0.86 0.82 0.00 0.68
§ SRH-Reliable Al_1 0.92 0.81 0.86 0.82 0.00 0.68
X AllIRLab_2 0.91 0.82 0.87 0.75 0.00 0.67
AllIRLab_1 0.92 0.80 0.78 0.82 0.00 0.66
UAmsterdam_1 0.81 0.54 0.86 0.48 0.40 0.62
Writerslogic Inc 0.79 0.32 0.11 0.62 0.00 0.37
UAmsterdam_2 0.54 0.00 0.00 0.00 0.00 0.11

@ Most models ignore minority classes...
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CLEF 2026

CLEF 2026 SimpleText Track

JENA

Simplify Scientific Text (and Nothing More) :
@ Task 1 : Text Simplification : simplify scientific text
o + New aligned biomedical data (Cochrane-auto)
@ -+ both sentence, paragraph and document level simplification
e 4 analysis of information distortion (“hallucination ?")
@ Task 2 : Controlled Creativity : identify and avoid hallucination

e -+ Real “hallucination” data from CLEF generative text tasks
e + What output is (not) grounded on source(s)? (w/wo source access)
e -+ Fine-grained information distortion categorization

@ Task 3 : Research Area Classification : classification of scientific articles
by research area

o New pilot task in 2026.

@ We encourage submissions for earlier tasks
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CLEF 2026 SimpleText Track Sessions

Date Event

Sep 21 14:00-14:45  SimpleText Task Overview Talks
Sep 21 14:45-15:30  Participant’s talks (3x)

Sep 21 16:00-17:30  Participant’s talks (6x)

Sep 22 12:05 - 12:30 Best of Labs, SimpleText 2025

Sep 22 14:00-15:00  Participant’s talks (4x)

Sep 22 15:00-15:30 Planning Session : New corpus, new tasks, exciting
challenges and opportunities

@ Please join the SimpleText sessions in Room 113!
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